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Abstract

X-ray absorption near-edge spectroscopy (XANES) is becoming an extremely popular tool for
material science thanks to the development of new synchrotron radiation light sources. It provides
information about charge state and local geometry around atoms of interest in operando and extreme
conditions. However, in contrast to X-ray diffraction, a quantitative analysis of XANES spectra is
rarely performed in the research papers. The reason must be found in the larger amount of time
required for the calculation of a single spectrum compared to a diffractogram. For such time-
consuming calculations, in the space of several structural parameters, we developed an interpolation
approach proposed originally by Smolentsev et al. [1]. The current version of this software, named
PyFitlt, is a major upgrade version of Fitlt and it is based on machine learning algorithms. We have
chosen Jupyter Notebook framework to be friendly for users and at the same time being available for
remastering. The analytical work is divided into two steps. First, the series of experimental spectra
are analyzed statistically and decomposed into principal components. Second, pure spectral profiles,
recovered by principal components, are fitted by theoretical interpolated spectra. We implemented
different schemes of choice of nodes for approximation and learning algorithms including Gradient
Boosting of Random Trees, Radial Basis Functions and Neural Networks. The fitting procedure can
be performed both for a XANES spectrum or for a difference spectrum, thus minimizing the
systematic errors of theoretical simulations. The problem of several local minima is addressed in the
framework of direct and indirect approaches.

PROGRAM SUMMARY
Program title: PyFitlt.
Licensing provisions: GNU General Public License 3 (GPL).

Programming language: Python, Jupyther Notebook framework.

Journal Reference of the previous version: J. Synch. Radiat., 13 (2006) 19-29 ; Comput. Mater. Sci.,
39 (2007) 569-574.
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Does the new version supersede the previous version?: yes

Reasons for the new version: we have rewritten the code in the Jupyter Notebooks to make it available
for the use and modification by members of the XAS scientific community. When the number of
structural parameters for fitting exceeds 3 the use of polynomial interpolation realized in the previous
version was highly non-optimal and inaccurate. Therefore, in the new version, the approximation
methods were revised in terms of the use of modern machine learning strategies. Finally, in the new
version, an important step of analysis of a series of experimental spectra was added, named Principal
Component Analysis and spectral un-mixing procedure.

Summary of revisions: Development of a library of methods able to: i) analyze the experimental set
of data (PCA); ii) construct the molecule deformations for a selected set of points in a
multidimensional space (grid, random and IHS options are available); iii) run the simulations locally
or remotely; iv) training the machine learning algorithms (ridge regression, Radial Basis Functions,
Extra Trees, Neural Network, LightGBM ... etc) on the set of theoretical spectra and fitting the
experimental spectra or their differences using inverse or direct approaches.

Nature of problem: Quantitative structural refinements of the X-ray absorption near-edge structure
spectra (XANES). Identification of the pure spectral and concentration profiles associated with an
experimental XANES dataset.

Solution method: The fitting procedure of the experimental XANES spectra or of their differences is
realized by means of the inverse and direct approaches based on the training set and approximation
machine learning algorithms. The spectral resolution method is based on the PCA technique involving
the usage of a target transformation matrix.

Additional comments including Restrictions and Unusual features: The current version is compatible
with the free FDMNES program package for XANES simulations. However, users can prepare their
own matrices of spectra calculated by an arbitrary software and the corresponding structural
parameters to perform the fitting procedure in PyFitlt. The complete set of examples is distributed
along with the program.

References: PyFitlt web page: http://hpc.nano.sfedu.ru/pyfitit/

Keywords: XANES; Fit; Machine Learning; Direct and Inverse approaches; PCA; Spectral
Decomposition.

1. Introduction

The low energy part of the X-ray absorption spectrum, extending from some eV below the rising edge
up to several tens of eV above it, is known as X-ray absorption near edge structure (XANES) [2, 3].
It is associated with the excitation process of a core electron to unoccupied states near the ionization
threshold. The analysis of a XANES spectrum provides information about the local environment of
the absorber, such as the bond lengths (the famous Natoli’s semi-empirical rule [4, 5]), the symmetry
of the absorbing atoms [6], the charge state and the potential surrounding it [7, 8]. While qualitative
information from XANES spectra was obtained already in the early sixties on the basis of the edge
position and on the presence of particular fingerprint peaks [9], the quantitative structural
determination from a XANES spectrum is much more demanding than in the EXAFS (Extended X-
ray Absorption Fine Structure) case [10-12]. Theoretical analysis of XANES spectra requires the
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evaluation of the photoelectron wavefunction for a discrete (pre-edge features) and continuous parts
of the spectrum. Nowadays several reliable program packages implemented ab initio approaches to
calculate a XANES spectrum for a given atomic configuration. Feff [13-15], FDMNES [16, 17],
Wien2k [18], ADF[19], Orca [20], XSPECTRA [21] are the most popular ones. Quantitative analysis
of the atomic structure is based on the comparison between calculated and experimental spectra. The
discrepancy between the two curves is evaluated as the Euclidean (Lz) norm (i.e. the integral of the
squared difference between the theoretical and experimental XANES spectrum). For EXAFS
analysis, the R-factor analysis is a more common technique used to compare theoretical and
experimental data [22]. The following strategies can be implemented for structure refinement from
X-ray absorption spectra:

(1) The fingerprint approach. Herein, the measured spectrum is compared with a set of experimental
or theoretical reference spectra, focusing the attention on the existence of pre-edge peaks, the
magnitude of the main maximum (the so-called white line), the edge position and the shapes of the
first spectral features beyond it [7]. The best model in terms of the L, norm is attributed to the correct
one [23-26].

(2) Gradient descent approach. This strategy includes many branches with trial and error steps to
optimize the structure. It is currently utilized in the software for EXAFS data analysis, e.g. GNXAS
[27] and Viper [28]. The most popular software, Artemis, which is a part of Ifeffit program package
[29] uses a Levenberg-Marquardt steepest descent algorithm to find the values of the parameters s
which minimize the chi-squared value. MXAN applies the same algorithm for the quantitative
analysis of XANES spectra [30, 31] exploiting the full multiple scattering calculations in the muffin-
tin approximation [32-34]. The optimization process is based on the calculation of the square of the
residual function in the parameters space. Herein, the multi-dimensional minima search procedure is
performed by the MINUIT function developed in CERN [35]. Typically, hundreds of theoretical
spectra are needed to obtain the best fit of the data [36 5].

(3) Indirect approach: prediction of a XANES spectrum for a given set of structural parameters.
Approach (2) may lead to inconsistent results when several local minima exist in the region of
variation of structural parameters. The repetition of the descendent procedure, starting from different
initial conditions, can help to find the global minimum but increases significantly the computational
time. Alternatively, the studied space of structural parameters can be sampled with some points where
the related XANES spectra are calculated a priori before comparison with experimental data. Such
an approach is realized in Fitlt [1, 37]. It performs the multi-dimensional polynomial interpolation of
spectra as a function of determined structural parameters. Once that the polynomial interpolation has
been constructed, the minima of a discrepancy between the experimental XANES spectrum and the
interpolated one are searched, by varying the structural parameters, under the application of a gradient
descendent algorithm. In this way, the required number of ab initio calculated XANES spectra is
considerably smaller with respect to approach (2).

(4) Direct approach: prediction of a set of structural parameters for a given XANES spectrum.
Approach (3) can be inverted to establish the correspondence between points in an experimental
XANES spectrum p(Ei) and the related structural parameters. This procedure eliminates the trial-error
search of structural parameters providing the minimal discrepancy between the theoretical and
experimental XANES spectrum. The structural parameters are predicted directly as a function of the
w(Ei) variables (see section 3.5.2 in [38]). Some authors have already described the application of the
direct method to the XANES analysis. Zheng et al. [39] created a large dataset of computed references
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of XAS spectra calculated in the muffin-tin approximation. Afterward, they applied an Ensembled-
Learned Spectra-Identification (ELSI) algorithm to predict the oxidation state and the local
environment for a wide set of compounds. The algorithm combines 33 weak “learners” comprising a
set of pre-processing steps and a similarity metric, and it can achieve up to 84.2% accuracy.
Timoshenko et al. [40] used supervised machine learning (SML) to study the 3D structure of
supported platinum nanoparticles. The authors constructed an artificial neural network (NN) in
Wolfram Mathematica, using an input layer composed of 129 nodes and two hidden layers having
339-387 nodes in each. A hyperbolic tangent function was used for the activation function while the
NN was trained creating a dataset of ab initio XANES calculations on different size/shape
nanoparticles. Their approach allowed us to reconstruct the average size, shape, and morphology of
well-defined platinum nanoparticles from their XANES spectra. The same group successively
extended the method to the EXAFS part of the spectrum processed by wavelets [41, 42].

For some experiments, for example, time or space-resolved measurements, a large series of spectra
must be analyzed, and each spectrum can be considered as a superposition of a few components. The
first method used in this situation is commonly known as a Linear Combination Fit (LCF) [7, 43, 44].
The limitation of LCF consists in the need to know the exact number of reference compounds and
their spectra in advance. An alternative approach is the Principal Component Analysis (PCA). Both
LCF and PCA were implemented in Athena [29]program package. Fernandez-Garcia et al. [45], for
the first time, used a factor analysis procedure on a series of XANES spectra of CuPd/KL zeolites
acquired during a temperature-programmed reduction (TPR). Herein they found the correct
estimation of pure species in the Cu chemical matrix using PCA technique; then they identified the
pure spectra and concentration profiles applying a self-modelling curve resolution algorithm called
Iterative Target Transform Factor Analysis (ITTFA) [46, 47]. Afterward a novel technique for the
decomposition of spectra, called: Multivariate Curve Resolution Alternating Least Squares (MCR-
ALS) [48, 49] appeared and it is rapidly spreading in the field of the analysis of XANES dataset [50-
57]. Basically, MCR-ALS is an iterative algorithm employed to decompose an experimental dataset
in the product of an optimized pure (i.e. with a chemical/physical meaning) spectral matrix for its
related concentration profiles using a set of primary results delivered by such methods as
SIMPLISMA [58] or EFA [59] and following an alternating least squares optimization of both
spectral and concentration profiles under constraints [60]. Clearly, the iterative refinement of initial
guesses often suffers poor convergence and an of certain lack of robustness [61]. However, it has
been demonstrated that the usage of some spectral or concentration profiles, as initial guess, having
some typical features proper of the dataset, increased the probability to reach the convergence[62-
65]. Mathematically speaking,the task of decomposition of spectral series into a set of spectral and
concentration values is an indirect problem characterized by multiple solutions, therefore different
approaches exist which provides solutions corresponding to different physical, chemical or
mathematical constraints.

The Fitlt core, provides the indirect approach for structural refinement from XANES [1] and
implements a PCA-based mathod for the analysis of spectral series [66]. It was written in Borland
C++ Builder. Nowadays it is difficult to maintain the code due to outdated developer’s instruments.
According to the statistics [67], Python (including Anaconda, keras, scikit-learn) revealed as the most
popular programming language for machine learning applications. In particular, Jupyter notebooks
are actively used in the scientific community and allow them to perform calculations remotely. These
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reasons induced us to develop pyFitlt exploiting the Python library and creating the user interface in
the form of Jupyter notebooks based on ipywidgets.

We have realized both the approaches,direct and indirect,for the XANES prediction and the related
structural refinement using novel machine learning methods for non-uniform distribution of points
and multiple dimensions. These methods,developed for the Big Data (or multidimensional data) tasks,
found to be appropriate [38]. Moreover, we have implemented somemethods based on the Singular
Value Decomposition (SVD) for the analysis of a large series of experimental spectra. Herein, PyFitlt
allows the user to perform PCA and estimate the retrieved set of spectra and concentration profiles
by a visual approach based on a set of intuitively clear sliders.

The manuscript is organized as follows. Section 2 describes the methods implemented in the software.
Details on the spectral decomposition via the SVD approach are provided in Section 2.1 and 2.2,
while the machine learning algorithms are described in Section 2.3. The user interface,
communication of local computer with the remote cluster and programming details are provided in
Section 3. Sections 4.1 and 4.2 are devoted to some practical applications of PyFitlt. PCA procedure
for two components is discussed in Section 4.1 while Section 4.2 describes the fit procedure for the
structure refinement of the Fe(terpy). molecules upon laser excitation.

2. Methods
Figure 1 summarizes the features implemented in PyFitlt. In sections 2.1-2.3 we describe which
methods were used to implement these features.

Component Structure Sampling XANES . Structure
) . . . . Approximation L
analysis deformation points simulation determination

Ridge

Specify
partsina
molecule

Direct
approach

Principal

linear,
components

quadric

Local PC

DUCRIGES

Neural Indirect

network

Statistical Shift parts Remote

criteria along axis cluster approach

Radial basis

Sliders for Rotate functions
target parts Random

transform around axis

Interface
with
FDMNES

Manually
by sliders

LightGBM

Figure 1. PyFitlt features. A python interfaced is provided to help the user for each step of the
analysis.

2.1. Decomposition of spectra using PyFitlt
Usually, for time and spatially-resolved measurements, an experimental set of n spectra could be
modelled as the weighted sum of some uncorrelated “pure” (i.e. independent) N (with N < n) spectra
multiplied for their related concentration profiles. This kind of bilinear decomposition can be realised
by means of Singular Value Decomposition (SVD) procedure as follow:
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pn=U-X -V+E (1)

Where p is the reconstructed matrix of the experimental spectra composed by m energy points and N
spectra, matrices U- X (m X N)and V (m x N) represent, respectively, the matrix containing the
absorption coefficients and the associated concentration values while matrix E is the residual data
matrix that critically depends on the number of components (N) used to approximate p. A detailed
treatment on how this kind of decomposition can be realised, together with a more informative
description of E, is provided in Section 1.1 of the Supporting information (S.l.) text. The
identification of the correct number of component, characterizing the experimental data matrix,
represents a fundamental point in decomposition (1). Different statistical and empirical techniques
have been developed to discriminate between components related to the real (observed in nature)
signal and components containing only the statistical noise of the experimental spectra. Among them,
the most widely used by the XAS community have been developed in PyFitlt and are described in
Section 2.2 and in Section 2 of the S.1.

It is worth noting that matrixes, appearing in equation (1) and obtained numerically by SVD, must be
considered as a mathematical solution of the problem without any chemical/physical meaning. For
this reason, it is necessary to transform them in the real, observed in nature, spectral and concentration
profiles. To this purpose, a transformation square matrix T can be inserted in equation (1) exploiting
the identity matrix I = T - T~ as follow:

pn=U-Z-T-T1-V @)

In PyFitlt, the elements T;; of matrix T can be modified with interactive sliders until reasonable

spectra S = U - X - T and concentration profiles C = T~1 -V are found. In case that T is a singular
matrix, its inverse can be determined using the Moore-Penrose pseudoinverse technique [68].
However, without any restriction, the number of elements of matrix T that can be adjusted by user is
equal to N2. In order to reduce this number, some constraints can be imposed. On this basis, the first
or the last experimental spectrum (or both) can be set as pure spectra (i.e. boundaries conditions) and,
at the same time, the normalization of the extracted spectral profiles can be used as another method
to reduce the number of free parameters. The detailed description on how this kind of constraints are
mathematically realized is reported in section 1.2 of the S.I. text.

Finally, taking in account each possible combination of the constraints described above, it is possible
to justify that the number of adjustable parameters (i.e. sliders in the program interface) that can be
used to perform some transformation is given by the following formula:

Nparam
N? — N : Normalization imposed;
= N? — 2N + 1 : Normalization imposed and first/ last spectrum fixed;

®3)
N? — 3N + 2 : Normalization imposed and both first and last spectrum fixed;
In Section 4.1 we report one example where this method has been applied together with the

application of the statistical criteria used to identify the correct number of components in a XANES
dataset. A second example is reported, for completeness, in section 4.2 of the S.I text.
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2.2. Statistical criteria to determine number of principal components.
How described in Section 1 in the S.1., matrix X, appearing in (1), is a diagonal matrix whose elements
are called singular values. It is possible to demonstrate that each singular value s;; is related to the
eigenvalues (4;) of the covariance matrix of p by the following relation [46]:

Ai = s /(m—1) (4)

It is worth noting that each A; term corresponds to the variance associated to the i" component. This
means that higher is the variance related to a determinate component then larger is its contribution in
the reconstruction of the dataset. Vice versa, components characterized by a low variance will keep
account for the noise contributes. The variance values obtained from X are used in different statistical
tests aimed to determine the correct number of principal components (PCs) to consider (i.e. the
components related to real signal and not to the noise). Some of the most popular are: the scree plot,
the imbedded error function (IE-test), the factor indicator function (IND-function) and the
Malinowski F-Test. IE-test and IND-function are described in Section 2 of the S.I. text

In the scree plot, the variance associated with each component is used as a criterion for accepting or
rejecting a determined component. The variance can be plotted against the number of components
and the position of the elbow on the curve determines the border between components having a real
physical/chemical meaning and those related to the data noise. The latter are called secondary
components and the associated eigenvalues are called secondary eigenvalues: 1,°.

The Malinowski F-Test [46, 69] is a statistical-based method applied to determine the true
dimensionality of a dataset. It is based on the observation that the secondary eigenvalues expressed
in the reduced form REV; (see eq. (5)) should be statistically equal.

Ai
RV = o iy D=+ D ©)

Because the reduced eigenvalues are still proportional to a variance, a Fisher test can be applied. The
test starts from the smallest eigenvalue, clearly associated with the noise, and proceeds to the
eigenvalues, with higher magnitude, until the first significant one (i.e. first signal-related one) is found
[70]. The k'™ component is considered significant on the basis of the Fisher test applied on its related
standardized F-variable:

F(Ln—k) = ek (Zn (m—i+1)(n—i+1)) (6)

k1Al \L=i—1

where the variable A; represents the noise-related (secondary) eigenvalues. If the percentage of
significance level (%SL), associated to this variable, is lower than a pre-fixed value (usually it is fixed
to 5%) then the k™ extracted component is accepted as a pure component.

Finally, it is worth remembering that the results coming from the F-Test, IND and IE factors must be
considered with caution. These statistical criteria critically depend on the amount of noise in the
dataset. In fact, a deviation from the real number of chemical/physical component occurs when the
experimental noise (which is not known in advance) is close to the variation in the data, or when some
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component species have indistinct spectral features [51] or even when their fractional weight, in the
data mixture, is statistically constant [70].

2.3. Implemented machine learning algorithms

A XANES spectrum u(E, P) can be considered as a multi-variable function of k -structural parameters
P = (p1, p2, ..., px) (i.e. distances, angles, coordinates, and different deformations). However when
the number of employed parameters becomes large (more than 3) or in case of their broad limits of
variation (for example more than 0.4 A for the first coordination shell distances ),the application of
polynomial interpolation is problematic. In fact, high order interpolation polynomial exhibit large
oscillations known as Runge’s phenomenon, while low order interpolation polynomial has a poor
approximation quality. Machine learning algorithms work much better in this case and provide a good
approximation in the whole region of variation of structural parameters. To predict a spectrum,
consisting of many points, Regression Models with multiple target variables should be applied. We
have tested ridge linear and ridge polynomial regressions, radial basis functions, and Extra Trees
methods. Alternatively, one-target regression models (e.g. gradient boosting of trees) can be also used
for each energy point. Similarly to the task of interpolation, machine-learning algorithms require a
training set to be calculated first. It consists of theoretical XANES spectra calculated for a given sets
of geometrical parameters P1, Po, ..., Pn. Further approximation depends on the selected method of
machine learning. For approximation, in the training set we normalized the variation of the spectral
profiles for each each energy point to the interval [-1...1]. Analogously, the range of variation of each
structural parameter is scaled to the [-1..1] interval.

Ridge regression approach is described in Section 2 of S.1. The interpolation method based on Radial
Basis Functions is a well-proven mesh-free method [71]. In this case, the unknown function {i(E, P)
is represented in terms of a set of basis functions characterised by certain factors and polynomial
terms as follow:

N
((E, P) = Z w;(E)K(|[P = P;||) + Polynomial (P) -

=1

where K (r) — is the radial basis function, Polynomialg (P) — is a polynomial function of k-structural
parameters (pz1, p2, ..., pk) With energy dependent coefficients. The unknown factors w; and the
polynomial coefficients are obtained by the least squares method or by ridge regression. Every basis
function is a function of distance from the training set point P; . In our task, some good results were
obtained using linear basis functions and a second-order polynomial (we use a polynomial function
extracted by the ridge quadric regression method).

ML methods based on decision trees divide the space of geometric parameters into non-intersecting
rectangles, in each of them the objective function pu(E, P) is approximated by a linear expression
ii;(E, P)(where j is rectangle index) using the least squares method. Each node of the decision tree
contains a condition p; <t for one of the geometrical parameters p; which divides the training subset
into parts (see Figure 2).
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distancel < 1.5

distance2 < 2
anglel < 35

Figure 2. lllustration of a decision tree for dividing a set of theoretical spectra in groups (ellipses,
called leaves) corresponding to the combination of restriction on structural parameters (rectangles,
called nodes). The branching process continues until the sample size of a node is more than 10 spectra.

Initially, the overall training set Py, P2, ..., Pn is randomly divided into training and test subsets which
are used to construct and evaluate the quality of the tree correspondingly. Each leaf of the tree (ellipses
in Figure 2) contain linear approximations of XANES {i, (E, P) ... {i;(E, P), which are constructed
based on the training subset for a given leaf (I — is the number of leaves in the tree). Thus, a single
tree is a form of specifying a piecewise linear function of geometric parameters ps, ..., px. The values
of separator t for each node are selected from a random set based on the comparison of the results of
approximation {i; (E, P) with exactly known values for the test subset. In the Extra Trees method [72]
several random trees are constructed. based on a random subsample of the training set. The results of
approximation from all the trees are then averaged. Such methoa d of combining machine learning
models is called bagging.

Recently, some more accurate algorithms of model’s combination, such as gradient boosting, have
been developed. In the gradient boosting of trees, each next tree improves the approximation of
previous ones. For this application, the same tree-building algorithm is applied to the training set with
weighted samples. This means that the probability that Pjis included in the training set for the new
tree is higher if the error of approximation coming from the previous combination of trees is larger.
Unlike the Extra Trees approach, the trees are further summed with different coefficients. Weighted
samples correspond to XANES spectra while coefficients correspond to Trees itself. During the
construction, of the next tree associated with the gradient boosting, the coefficient of the linear
combination is adjusted only for this tree. The next coefficient is chosen on the basis that the addition
of a new tree is similar to the step of the gradient descent method. This procedure explains the origin
of the name of this method.
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Figure 3. Scheme of the Neural Network implemented in PyFitlt

Finally, we constructed the neural network (NN) for the direct method. The NN was constructed by
means of the TensorFlow library associated with the Keras framework. We choose a sequential neural
net model with a convolutional first layer (100 filters) then followed by 3 dense layers with sizes of
100, 10, 1 (the activation function is ReLU). Figure 3 demonstrates the sketch diagram of the neural
network. To control the quality of the approximation of the function and to estimate the error bar of
the predicted values, we apply the cross-validation technique. In order to optimize the weights, we
used the SGD optimizer with the following parameters: 50 epochs, batch_size=32.

2.3.1. Selection of sampling points in the space of parameters
Sampling points Py, P2, ..., Pn for the training set can be selected in several ways. In PyFitlt different
grid building topologies can be chosen: the random distribution of points, grid and improved Latin
hypercube sampling (IHS). Figure 4 explains the differences between these approaches.

Grid-e—e—o—0 Rand. —eme ense —o |

IHS beceessoocescees)
1.00 1.00 = ' 1.00
e o o o ol © 5
0.75 0.75 ° £ 075 @
P1 |- .- P1 o % &5 p o®
0.50 050 g ® 2 0.50 ® o
e o o o s ° o 4 @
0.25 0.259 @ & o2 °
e o o o ° . ° oo &
0.00—535 0,50 0.75 1.00 0.00— =555 675 1.0 0.00 555050 075 1.00
P2 P2 P2

Figure 4. 16 sampling points distributed in the related two-dimensional space of parameters (p1, p2)
according to the Grid, IHS and Random methods. Red points show the projections of the sampling
points on corresponding axes.
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It is possible to assert that the IHS approach is superior over grid, since the distance between
projections of points along each dimension is smaller. This fact, along with a randomized selection
procedure, is important for many dimensional interpolation techniques. Using the same number of
points as in grid, we obtain a higher quality of approximation. In the random approach, points are
selected randomly in the parameters space. Thus, for a low number of points, problems arising from
their grouping ,in a given region of space, are very probable. For a large number of sampling points,
the random approach is comparable to IHS. Its additional advantage is associated to itssimplicity. The
IHS sampling is constructed specifically for a determined number of parameters and the addition of
extra points requires changing all of them (i.e. a larger computational time required to calculate new
training set). In a random approach any additional number of points can be added in any region of the
space — (e.g. where XANES spectrum variation is larger).

2.3.2. Comparison with an experiment: inverse and direct ML approaches
The methods described in Section 2.3 can be applied in two ways to analyze experimental data: to
predict: (a) a XANES spectrum for any set of geometrical parameters; (b) the geometrical parameters
P for any XANES spectrum. We call the first approach indirect and it considers each point of the
XANES spectrum as a function of the structural parameters P (i.e. w(E, P)). The task of the structural
fitting is solved when a given set of parameters P minimizes the difference between approximated
and experimental spectra.
We call the second approach (b) direct since the machine learning model is trained to predict directly
the geometry. In the direct approach, the XANES values M = (u(E1), w(E2), ..., w(En)) play the same
role of the structural parameters P = (ps, p2, ..., px) in the indirect approach. It follows that a small
number of structural parameters can be considered as functions P(M) of a large number of spectral
points w(E1), w(E2), ..., W(En). The choice of these spectrum points as arguments leads to a
multicollinearity problem. Thus, the linear regression cannot be used without regularization methods,
while ridge regression is required. Extra Trees and Gradient Boosting can be applied without
modifications. In addition, convolutional neural networks can be successfully applied to the direct
method.
The direct method has several advantages. First, this approach automatically divides the geometry
parameters into two parts: those, which can be accurately determined from the XANES spectrum,
and those that cannot be precisely determined. The second advantage is that there is no need to select
the comparison metrics between predicted and experimental spectra. The problem of metric arises
from the fact that the minimization of objective functions based on different metrics (e.g. the L, norm
between spectra or their derivatives) leads to different final structures and it is not clear which of
them is better.
The problem that characterised both the direct and the indirect approaches is the possible
multivaluedness of the retreived parameters , seeFigure 5 for and example. The best way to avoid
this problem is to select a proper parameter space.For example, considering the structure showen in
Figure 5, it is possible to define a new set of values using (p1+p2)/2 and (p1-p2)/2 and assuming only
positive variations . Sometimes this is a complicated task and is not convenient.
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Figure 5. Two structures of AuCl, complex which have formally different values of structural
parameters P1 = (p1, p2) and P2 = (p'1, p’2). Though under the condition of P1 # P2, thecorresponding
spectra are identical (i.e. W(E, P1) = w(E, P2) if p1 = p2 and p2 = p'1). This fact makes impossible the
prediction of single value for p1 and p. separately in the direct method.

In such cases, this problem can be overcome in two ways. The cclassification procedure suggests to
divide the interval of variation of each parameter in parts, then the ML method learns how to predict
the probability that a parameter belongs to each given part of the variation interval. For each
parameter, the prediction is performed independently from the predictions made for the other
parameters. Another possibility is to predict always a single valued function. In particular, radial and
angular distribution functions centered on the absorbing atom can be used instead of several first shell
structural parameters.

The direct method is an attractive tool for the structural analysis of X-ray absorption spectra.
However, we noted that, currently for XANES spectra, the direct method cannot be used as a black
box. The reason must be found in the systematic discrepancies between calculated and experimental
spectra even for the best fit model. Due to the simpler theory level required, this problem is negligible
in EXAFS region, where theoretical simulations can reproduce experimental data with excellent
accuracy. High fit quality, which is common in EXAFS analysis or X-ray diffraction, is currently
unavailable for XANES. Therefore, the direct method can lead to unphysical results, when points of
experimental data escape from the region of variation in the theoretical training dataset. To reduce
such errors, we introduced in PyFitlt also an option able to perform the fitting difference spectra.

3. Installation and workflow

The software is published in The Python Package Index (PyPl) and therefore can be installed using
the following command from the python environment (for example, Anaconda):

pip install --upgrade pyfitit

The most update information about the code, for example Notebooks, and related datasets can be
downloaded from http://hpc.nano.sfedu.ru/pyfitit/.

3.1. Decomposition of the experimental data into pure spectra

The Jupyter Notebook PyPCA contains a set of functions for the spectral analysis and the
decomposition of a XANES series using the approach described in section 2.1. PyPCA requires, as
input, a txt file with the series of spectra measured on the same energy grid. The principal components
associated with the input data and their related eigenvalues are extracted by means of SVD analysis.
Afterward, these values are used to calculate and plot the statistical parameters (which are the Scree
Plot, IND Factor, IE, the plot of the percentage of significance level (%SL) used for the F-Test).

12
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PyPCA also plots each abstract component. In this way, it is possible to perform a
qualitative/graphical analysis that can be helpful to discard the components related to noise effects.
Finally, after the data normalization procedure, the Target Transformation module, see Figure 6,
enables the direct access to the elements of the transformation matrix using sliders and toimpose
determined constraints used to recover a pure set of spectral and concentration profiles.

Figure 6 n
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Figure 6: Output of the Target Transformation module. Moving sliders, it is possible to have access
to each element of the transformation matrix used to retrieve meaningful spectral and concentration
profiles from the experimental input data matrix.

3.2. The fit of the XANES spectra.
When the spectrum of a pure phase is known, it can be compared to the related theoretical simulations.
Figure 7 shows a general workflow of PyFitlt for the quantitative analysis of some structural
parameters associated with determined XANES spectra. In our examples, each step is confined
within a separate Jupyter Notebook, but the user can call functions of the PyFitlt library in any place
of his own code. These notebooks help to: (i) specify the structural deformations, (ii) calculate the
XANES spectra for each deformation and collect all data from separate calculation folders, (iii) train
algorithm on a theoretical dataset, (iv) perform the fit of an experimental spectrum using the inverse
approach (automatic search of the minimum value or manual adjustment of parameters using sliders)
or direct approach (predict each parameter independently or the radial/angular distribution function).
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1. Create project Adjust XANES simulations

Input: xyz file, experimental spectrum Input: experimental spectrum

6 A . ; optional
Specify: parts in xyz file, deforrnatlor_\ of o O e ey
parts, parameters for XANES simulations 2peclly

Output: project file

2. Calculate XANES

Input: project file

Specify method and number of sampling points.
Create FDMNES input files for simulations,

Run simulations locally or use script for remote cluster
Collect theoretical spectra

Output: convolution parameters

Output: Data sample of structural parameters and
corresponding theoretical spectra

3a. Inverse method 3b. Direct method 3c. Inverse method + sliders

-

[ Input: Data sample, project file J [ Input: Data sample, project file } [ Input: Data sample, project file
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Train the estimator Train the estimator steps by adjusting sliders
Find global minimum

Output: predicted structural Output: spectra and structures for

Output: spectra and optimal structural parameters, estimation of the errors selected position of sliders
parameters

Figure 7: Workflow of PyFitlt

Users can follow this workflow by running Notebooks in series or provide necessary input for any
given step and use it as stand-alone. In the Supplementary Section 3 of the S.1. we describe each step
in more detail. When the automatic fit is performed (steps 3a and 3b in Figure 7) user can manually
change the structural parameters looking at the effect on the related XANES spectrum. Figure 8 shows
the panel program for such a fitting procedure.
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Figure 8. Process of fitting of structural parameters d1-d5 by means of sliders. The shift of the
experimental energy scale and the parameters associated to the spectral convolution (taken from
FDMNES) can also be adjusted.

In the XANES region, the contribution of the nonstructural parameters in the theoretical calculations
can introduce a significant uncertainty on the results coming from the structural refinement. We
recommend to select values of non-structural parameters using reference compounds with well-
known structure. Additionally, PyFitlt provides a visual interface for varying the structural
parameters in a broad range and monitoring the corresponding changes in the spectral profiles in order
to identify systematic problems that have a non-structural origin.

4. Case studies

4.1. Spectral decomposition for Ce L3 XANES in CeO2/Pt system under redox conditions
Ce Ls XAS spectra were measured at the SuperXAS beamline of the Swiss Light Source (SLS) at
Paul Scherrer Institute, Switzerland using the setup described in [73]. Details are reported in Section
4.1 of the S.I. text.
Figure 9 shows the set of experimental spectra, recorded in the two redox cycles at 26 °C and 90 °C,
consisting of 120 s of reduction by CO gas flow and then 60 s of oxidation by O2. These cycles were
repeated for every energy spectral point, selected by the monochromator. In each point, the Ce L3
fluorescence signal was recorded with 0.3 s time resolution. This results in 1103 Ce L3 XANES
spectra. The differences between the successive spectra can hardly be visible from this figure and
thus the quantitative analysis of the principal components is required to clarify the number of pure
components in the spectra and their concentrations profiles.
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Figure 9: (a) 3D (energy, scan index vs w(E)) and (b) 2D (energy vs u(E)) representation of 1103 Ce

Ls XANES spectra. This dataset is used further as input for the analysis of the principal component

and the following spectral and concentration decomposition.

In this example, we decompose an experimental dataset, reported in Figures 9 (a) and (b), constituted
by 1103 spectra and 38 energy points (from 5650 to 5840 eV). To calculate an accurate value of o
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required for normalization (see equation S.6 in the S.I), the XANES spectra were interpolated with a
smaller energy step 0.05 eV.

The statistical estimators plotted versus the number of independent components show different
results. The scree plot in Figure 10(a) shows an elbow in the proximity of the third component while
the magnitude of the fourth eigenvalue stands closely to the line grouping the noise-related
components. The same result is provided by the IND factor, see Figure 10(b) which presents a
minimum in the proximity of the third component. However, the difference between the second and
third components in terms of IND is low. On the contrary, the IE plot and the F-Test, Figure 10(c)
and 10(d), (executed with a %SL fixed to 5%) indicate the presence of only two components.
Uncertainty remains also by inspecting the graphical representation of the abstract components,
reported in Figure 11. Here, while the second component is characterized by a well-defined shape,
the third component has less intense and evident signal features. This component seems to be related
to the decrease of the white line intensity flattering the spectra that is typical for self-absorption in a
fluorescent regime of measurements. These reasons justified our choice to select two PCs for the data
decomposition.
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Figure 10: Statistical curves used for determining the number of principal components (i.e. pure
spectra in the dataset from figure 9: (a) Scree Plot; (b) IND Factor; (c) IE; (d) plot of the percentage

of significance level (%SL) used for the F-Test.
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Figure 11: Abstract Spectral Profiles (PCs) extracted from the Ce L3 XANES spectra shown in Figure
9. The first one and the second components are characterized by a higher magnitude, already shown
in the scree plot.

In order to recover the two pure spectral profiles and their related concentrations, characterized by a
chemical/physical meaning, we employed the following transformation matrix:

—0.03

Tceria = ( 1.20 _0.03)

—0.05

As constraints, we applied the normalization of spectra, the positivity of the spectral profiles and we
required that the concentration values are enclosed in the range between 0 and 1. Normalization
reduced the number of free parameters from four to two. Finally, each parameter were varied in the
range between -2 and 2 with a step of 0.05. One possible solution is reported in Figure 12(a) and (b).
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Figure 12: Pure Spectra (a) and Concentration profiles (b) recovered from the Ce Lz XANES spectra
shown in Figure 9. With the blue and orange lines are represented, respectively, the spectra and the
related concentration profiles of Ce** and Ce3* species.
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Kinetic curves obtained in Figure 12(b) contain important information about the catalytical system.
First, we can directly estimate the concentration of active oxygen atoms that are released from ceria
lattice at two temperatures — 26 and 90 °C. Indeed, each released oxygen leaves two electrons in the
system which reduce two ceria atoms from Ce** to Ce®*". The amount of lattice oxygen that can be
extracted in the CO atmosphere from CeO-/Pt increases six times upon temperature increase. Another
important feature is that at 26 °C ceria is not fully oxidized in the O, atmosphere and some fraction
of Ce®*" atoms is constantly present in the lattice which was also indicated by another method [74].
Finally, the time-dependant concentrations reported in Figure 12(b) can be further used to calculate
kinetic constants of the system which are important to understand the microscopical origin of the
catalytic behavior of the ceria-based system [73].

It is worth noting that, in general, an original dataset can be reconstructed with the same quality fit
using spectra and concentration profiles, with different shapes, by varying each element of the
corresponding transformation matrix Tcei4. This fact is known as rotational ambiguity [61]. In order
to reduce it, different further constraints can be imposed. In the case of the Ce dataset, the
transformation matrix is constituted by two free parameters. This means that the areas of feasible
solutions (AFS) can be represented graphically (i.e. a 2D plot) and limited by further specific
constraints. In this case, we considered only the couples of (T;, T,) able to isolate only the “pure”
non-negative spectra, with a white line lower than 2.5, and characterized by some concentration
values between 0 and 1. The results of this calculation are reported in Figure 13(a,b).
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Figure 13: Pure spectral (a) and concentration profiles (b) obtained by setting both the free elements
of the matrix T .., respectively to : 1.20 and -0.05 (continuous lines) and to 1.60 and -0.15 (dotted
lines) .(c) Related area of the feasible solution obtained selecting a range of variation for variables T
and T between -2 and 2 with a step of 0.1. The following constraint have been considered: 1) non-
negativity of the spectral profiles; 2) maximum intensity of the spectral white line fixed to 2.5; 3)
concentration values included in the region between 0 and 1.

From Figure 13(c) it is possible to see the presence of a general “symmetry” in the AFS
representation. This behavior can be explained on the basis that there is no inherent order on the
columns of the pure spectral matrix S and the corresponding rows of C. The interchanging the two
columns of S and rows of C is realized by permuting the two columns of the transformation matrix
(i.e. swapping the two free elements of Tceria). From this example it is, possible to understand that,
without a set of appropriate constraints, it is literally impossible to identify a unique solution. For this
reason PyPCA, must be seen as a tool to perform an estimation of the pure spectral and concentration
profiles which characterized the experimental data matrix. Clearly, a diminution of the ambiguities
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associated to the variation of the sliders can be realized using some spectral and concentration
references. On this basis, each slider of matrix Tceri, Can be moved until the best agreement between
the reference and the reconstructed spectrum is obtained. On the other hand, the same procedure can
be applied to the recovered concentration profiles.

4.2. Structural refinement of the Fe(terpy): excited state

Spin-crossover 3d metal complexes are potential candidates for molecular switches, novel data
storage devices and optical displays [75]. Iron complexes with octahedral coordination can exist
either in a low-spin (LS) or a high-spin (HS) state, depending on the temperature or pressure. Green
light pulse can trigger LS to HS transition in solution of [Fe(terpy).]?* (terpy: 2,2":6",2"-terpyridine)
already at room temperature [76]. To understand the fundamental processes upon electron transitions
and improve the photoswitching parameters, a detailed characterisation of the excited state is
required. In particular, the spin state and its lifetime should be determined at first. Recently, the high
spin state of Fe(terpy), was characterized by ultrafast time-resolved XANES [77]and the °E quintet
state was identified after irradiation through the laser pulse. Later, Vanko et al. [78] discussed the
difficulty in the selection between °E and °B; candidate quintet states. One of the difficulties was that
the standard DFT predicted °B; to be the more stable while the more sophisticated CASPT2 approach
predicted °E state to be at 150 meV lower in energy. However, geometry optimization is almost
impossible at such a high level of theory. The quantitative fitting of the time-resolved XANES data
offers a new independent source of structural information complementary to the EXAFS fit and
quantum chemistry simulations. We have selected the problem of the structural analysis of the HS
state of Fe(terpy). as a demonstration of the capabilities of PyFitlt.

Figure 14. Three structural deformations for one terpy ligand of Fe(terpy). molecule. (a) the shift of
the axial ring along the Fe-N2 axis. (b) The shift of two equatorial rings along the direction of the Fe-
N2 bond. (c) the shift of two equatorial rings along Fe-N1 and Fe-N3 bonds correspondingly. A total
number of structural parameters for fitting equals 6 — three for each ligand. Atoms are plotted with
spheres only for the upper terpy ligand.

Figure 14 shows the Fe(terpy). molecule. To model the distortions of the structure upon spin
transition we have split terpy ligand into three rings which are moved independently. Six degrees of
freedom were considered in the fit. Three of them for one terpy are shown in Figure 14 and the rest
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are identical but for another terpy. The first deformation shown in panel (a) corresponds to the
translation of the axial ring along the Fe-N2 axis. The second deformation is the translation of two
equatorial rings along the same Fe-N> direction. Finally, the third deformation is the simultaneous
symmetric elongation of Fe-Ni1 and Fe-N3 bonds for the equatorial rings. The amplitude of all
deformations was set equal to 0.8 A in the range -0.3 A ... 0.5 A relative to the crystallographic low
spin structure. These values correspond to distances of 1.58 A ... 2.38 A for the axial Fe-N bond and
1.68 A ... 2.48 A for the equatorial Fe-N bonds.

The following part of the code is an example of how the deformations are specified in the project.
The xyz file is stored in the object m of class Molecule. Method setParts groups atoms according to
their numbers, specified by the user. Variable deformation stores the name for the corresponding
slider in the structural fit (see Figure 8). The Axis for the translation is specified through the difference
of atomic coordinates. Finally, the method shift is applied to the parts of the molecule to specify the
deformation.

m = Molecule('Fe_terpy.xyz'")
m.setParts('0’, '1-9', '10-19', '20-29', '30-38', '39-48', '49-58")

deformation = d2
partl = 2; part2 = 3
axis = m.atom[1] - m.atom[0]; axis = axis / norm(axis)
m.part[partl].shift(axis*params[deformation])
m.part[part2].shift(axis*params[deformation])

In the 6-dimensional space of parameters, we specified 729 sampling points according to the IHS
scheme. In the case of a grid method for sampling, such a number corresponds to three points along
each deformation, i.e. 3% = 729 points. Despite the large values of deformation along each parameter
(0.8 A) the quality of approximation was sufficient for analysis even at such a low number of points.
The average uncertainty between the calculated spectra and the approximated ones using radial basis
functions is shown in Figure 15. The uncertainties were calculated by means of cross-validation
approach when each quarter of points in the training set was excluded from the training and used
further for the validation.

1.2

1.0 ??/——*”H—'
T

0.8 4

0.6

Norm. XANES, p-x

0.4

0.2 4

0.0 T T T T T T T T T 1
0 20 40 60 80 100

Relative Energy, eV

20



©CO~NOOOTA~AWNPE

Figure 15: Cross-validation analysis for the training sample composed by Fe K-edge spectra for
Fe(terpy)2. Error bars show the mean error of approximation over the 6-dimensional space of
parameters between approximated (RBF) and the exactly calculated spectrum.

PyFitit allows performing additional analysis of the approximation quality. For this purpose, we
construct a straight line,with dense points, which runs between two points in the multidimensional
space of parameters specified by the user. The calculated and approximated XANES in each energy
point can be directly compared along this line. Such visual comparison helps to verify properly the
training sample size, the points distribution ,and the approximation method. For our task, the best
method for approximation was RBF. Methods such as Ridge Regression and Extra Trees require
many sampling points in all dimensions around the point of interest, where the spectrum will be
predicted. Therefore, they fail to provide an accurate approximation near the edges of the sampling
region. Radial basis functions are superior when the region of interest for the prediction approaches
the borders of the sampling per-space. However, this is the slowest method among all the others and
for the first trial, we recommend the Extra Trees.

Figure 16 shows the resulting fit obtained by the inverse approach. The experimental analyzed data
were kindly provided by W. Gawelda from [78]. The red curve is the theoretical spectrum that
provides the optimal fit for the experimental one. The theoretical spectrum quantitatively reproduces
the energy position and the intensities of maxima A-D in the experimental spectrum. During the
fitting procedure, we found several close minima in terms of different combinations of structural
parameters. Therefore, we investigate the region near the global minimum in more detail by means
of two-dimensional contour maps shown in Figure 17. PyFitlt constructs such contour plots for each
possible pair of structural parameters.
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Figure 16: Best fit obtained using the inverse method.

Contour plots for the fit index indicate an obvious correlation between the interatomic distances in
the first coordination sphere of iron. As clear from Figure 17(a), a small increment of Fe-Naxial
distance in one terpy ligand can be compensated by the analogous decrease in the length of Fe-Naxial
bond in the second terpy ligand. Similar behavior of the fit index is observed for the Fe-N equatorial
distances in the two ligands as shown in Figure 17(c), where the minimum valley is located along the
liney =-x + b. An interesting observation can be made from Figure 17(b). We plot here the contour
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plot for the variation of the fit index in the plane of Fe-Naxiai and Fe-Nequatorial distances averaged over
the two ligands. Since the equatorial distortion involves two nitrogen atoms, the valley of a minimum
of the fit index is located along the line y= -0.5-x + b (i.e. the shift of one axial nitrogen by 0.1 A is
compensated by a shift of the two equatorial nitrogen atoms of 0.05 A).
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Figure 17. Contour plots for the fit index as a function of two selected structural parameters. The
remaining parameters were fixed in the best minimum position (a).

Due to the correlations indicated in Figure 17, we report the averaged Fe-N distances over the two
terpy ligands. In Table 1 the values obtained through the fit of the XANES spectrum are compared to
the structural parameters obtained in DFT simulations. The latter predicts the difference between Fe-
N axial and equatorial distances equal to 0.1 A in 5E state and only 0.03 in °B; state. Results of our
fit agree better with the °E model of the excited state, which also emerges from the CASPT2
simulations of Vanko et.al. [78]. However, from a statistical point of view, the °E state is difficult to
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distinguish from °B, state exploiting the XANES fit. In fact, the valley of minima in the
multidimensional space of parameters contains many structures with similar fit indices but
representing both the °E and °B; excited spin states (see Figure 5 in S.1. for the comparison between
the spectra for these two spin states). The global minimum depends on the choice of the parameters
used for the convolution, the energy region for calculating the L, norm and the energy shift between
the theoretical and experimental spectrum. The effect of these parameters can be partially reduced by
using difference XANES, which is also supported by PyFitlt.

A detailed comparison between the fitted structural parameters for difference and normal XANES
spectra, the influence of convolutional parameters of theoretical spectra and their energy shift will be
the topics for a separate further study using the tools developed and provied by PyFitlt.

Table 1. Structural parameters obtained using the inverse approach. Due to correlations between
distances in two terpy ligands (Figure 17 a-c) we show the averaged values for the axial and equatorial
parameters. The uncertainty in determining the structural parameters from XANES fit was evaluated
by defining a region around the best fit point where changes of XANES spectra, due to variations of
structural parameters, are less than error in approximation of XANES as estimated in the cross-
validation procedure.

Fe-N Fe-N
Axial Equatorial
(A) A

XANES fit 2.05+0.02 2.23+0.02
Exafs fit [78] 2.08 £0.02 2.20+£0.01
DFT °E [78] 2.10 2.20
DFT °E [77] 2.12 2.22
DFT °B: [78] 2.16 2.19
DFT °B; [77] 2.18 2.21

The application of the direct method for Fe(terpy): is not straightforward. The reason is sited in the
ambiguity associated with structural parameter prediction due to the symmetry of the molecule. The
problem is described above in Section 2.3.2. The direct method predicts a set of structural parameters
as a function of the input XANES spectrum. The procedure crashes when two different sets of
structural parameters correspond to similar spectra. This is the case, for example, of the Fe-Naxial
bond lengths in the two symmetric terpy ligands (see Figure 5 for a detailed explanation). Therefore,
when all six parameters are predicted independently, the large Root Mean Square (RMS) error makes
the direct method comparable to constant prediction. To overcome this problem, we reduced the
training set to three deformations shown in Figure 14 but applied simultaneously to all ligands and
conserving the initial symmetry of the molecule. In this way, we obtained a Fe-Naxiar bond length
equal to 2.06 A and a Fe-Nequatorial distance equal to 2.27 A. These results, together with their RMS
error calculated in the direct method, are presented in Figure 18a. The predicted distances reproduce
the expected elongation of the Fe-N bonds in the excited state as well as the asymmetry split for the
axial and equatorial distances.
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To demonstrate the different possibilities provided by the software, another algorithm was trained to
predict the Ni-Fe-N;j angles. For this task, we adopted a modified approach and we predicted the whole
function instead of the single values. For every molecule in the training set the angular distribution
function (ADF) was calculated and the correspondence ADF — XANES was set up. Thereafter, the
ADF can be predicted for the given experimental data. Figure 18(b) shows the initial ADF for the
ground state along with the ADF for the high spin state of Fe(terpy)2. Upon elongation of Fe-N axial
and equatorial bonds, the FeNs polyhedron is distorting from the octahedral configuration. We
observed the decrease of the N-Fe-N" angles when N and N’ belong to the same terpy ligand and the
opposite trend when N and N’ belong to different ligands. The broadening of ADF is a parameter in
the training algorithm. For smaller FWHM of Gaussians, constituting ADF (each nitrogen atom was
modeled with one Gaussian function placed on the corresponding Fe-N distance thus producing
smearing of angle) the quantitative interpretation of results becomes clearer, however the error of
prediction increases.

Conclusions

We present a new version of the Fitlt code, named PyFitlt, for quantitative analysis of XANES
spectra. The software is realized in Jupyter Notebooks and utilizes the capabilities of Python language
— the most popular tool for machine learning applications. We developed a library of methods able
to: 1) perform the evaluation of the experimental set of data (principal component analysis), 2)
construc the molecular deformations for a set of selected points constituting a multidimensional
space, 3) run the simulations locally or remotely, train the machine learning algorithm on the set of
theoretical spectra, 4) fit the experimental spectra or their differences using the inverse or direct
approac. The implemented methods, Extra Trees, LightGBM, Ridge Regression, Neural Networks
are superior to the polynomial approach used in an older version of Fitlt especially for
multidimensional problems when 3 and more structural parameters should be fitted within broad
ranges of their variation. To reduce the number of required sampling points and to cover the space of
parameters uniformly, we implemented the IHS method of sampling of the parameters space. In this
work, we show the applicability of the methods to some practical cases. In the first problem, we
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showed the PCA analysis and the spectral decomposition procedure performed over a set of
experimental data containing two and three independent components (this last example is reported in
section 4.2 of the S.1.). While the second problem focused on the structural deformations associated
with the spin-crossover complex Fe(terpy). upon laser excitation.
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