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Abstract. Geodynamical processes are important to understand and assess the evolution of the Earth system as well as its
natural resources. Given the wide range of characteristic spatial and temporal scales of geodynamic processes, their analysis
routinely relies on computer-assisted numerical simulations. To provide reliable predictions such simulations need to consider
a wide range of potential input parameters, material properties as they vary in space and time, in order to address associated
uncertainties. To obtain any quantifiable measure of these uncertainties is challenging both because of the high computational
cost of the forward simulation and because data is typically limited to direct observations at the near surface and for the present-
day state. To account for both of these challenges, we present how to construct efficient and reliable surrogate models that are
applicable to a wide range of geodynamic problems using a physics-based machine learning method. In this study, we apply
our approach to the case study of the Alpine region, as a natural example for a complex geodynamic setting where several
subduction slabs as imaged by tomographic methods interact below a heterogeneous lithosphere. We specifically develop
surrogates for two sets of observables, topography and surface velocity, to provide models that can be used in probabilistic
frameworks to validate the underlying model structure and parametrization. We additionally construct models for the deeper
crustal and mantle domains of the model, to improve the system understanding. For this last family of models, we highlight
different construction methods to develop models to either allow evaluations in the entirety of the 3D model or only at specific

depth intervals.

1 Introduction

Present-day manifestations of geodynamical processes such as the formation of mountains and oceans are essential to under-
stand the Earth’s system. This system understanding aids, in turn, to better assess the potential and associated risks of exploiting
the earth’s natural resources. To obtain a quantifiable insight into the factors that influence subsurface processes is a major chal-
lenge. The convoluted response of the subsurface processes and the present-day architecture is mainly measured at the surface
e.g., by means of geodetic observations, which provide information on near surface conditions over a finite observational time
window. In contrast, the underlying processes driving the geodynamic set-up of the Earth system encompass a wider range

of spatial and temporal scales. It follows that any study aiming at a systematic understanding of geodynamic processes is
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subjected to several sources of uncertainty. To properly address these uncertainties is a non-trivial task given the diversity of
spatial and temporal scales and the tight nonlinearity of the physics at play, resulting in computationally expensive problems
to be solved. Therefore, in most studies, the impacts of uncertain parameters, e.g., material properties, and architecture, have
been determined either through (“end-member”) scenario analysis (Kumar et al., 2022; Lourenco et al., 2020) or uncertainty
quantification methods using a low number of forward evaluations (Brisson et al., 2024). Scenario analyses provide a good
first-order understanding, but they do not provide any quantifiable uncertainties. To obtain any quantifiable result requires to
carry out sensitivity analyses. The caveat here is that numerical investigations of geodynamical processes must tackle prob-
lems characterized by a high degree of nonlinearity in the physics and a high dimensional parameter space, which should also
include their correlations (Degen et al., 2023; van Zelst et al., 2022). Hence, computationally inexpensive local sensitivity
analyses (Saltelli et al., 2019; Wainwright et al., 2014) are usually not applicable. Indeed, not only is the geodynamical model
evaluation expensive to forwardly compute, but we in addition need global sensitivity studies (Saltelli et al., 2019; Sobol, 2001;
Wainwright et al., 2014) to account for the nonlinearities and correlations. Global sensitivity analyses require numerous model
evaluations, typically in the order of 10° to 10° evaluations. Considering, that a single geodynamical model simulation requires
hours to solve, even if assisted by state-of-the-art high-performance compute infrastructures, these analyses thereby become
prohibitive (Degen et al., 2023; Sobol, 2001; Wainwright et al., 2014).

To address these computational challenges, we introduce a physics-based machine learning method for the construction of
surrogate models. Physics-based machine learning is a rapidly growing field of active research, with physics-informed neural
network (PINN; Raissi et al., 2019) as one of its most prominent members. For the purpose of our study, we must emphasize
that PINNSs restrict the physics through the computation of the loss function, where the physics is considered among other con-
straints. This entails that PINNs cannot preserve either the full physics at play or the exact input-output relationships (Chuang
and Barba, 2022; Raissi et al., 2019). Furthermore, there are reported convergence issues and/or high computational costs for
the construction of the surrogate models (Chuang and Barba, 2022, 2023). In this study, we discuss and present an alternative
method, the non-intrusive reduced basis (RB) method, a modification of the rigorously proven intrusive reduced basis method
(Benner et al., 2015; Hesthaven et al., 2016) to account for nonlinear and hyperbolic partial differential equations (PDE).

The non-intrusive RB method originated from its intrusive version, which is rigorously proven (Benner et al., 2015; Hesthaven
et al., 2016). In its original form, the method has been applied to several geothermal and geodynamic case studies (Manassero
et al., 2021; Degen et al., 2021b; Degen and Cacace, 2021; Degen et al., 2022b) including a prior study for the Alpine region
focusing on the temperature response (Degen et al., 2021a). However, a disadvantage of the intrusive version, is its ineffi-
ciency with respect to applications with a high degree of nonlinearity, as present in this study. To overcome this limitation the
non-intrusive version has been introduced by Hesthaven and Ubbiali (2018); Swischuk et al. (2019); Wang et al. (2019) for
mathematical studies, demonstrating promising results for nonlinear problems. The method has already been explored for di-
verse geoscientific applications, such as geothermal and hydrological applications (Degen et al., 2022a, 2023), and for ground
motion maps (using a different projection method; Rekoske et al., 2022). Nonetheless, within the field of Geodynamics, the
current explorations remain on a benchmark level (Degen et al., 2023). In this paper, we demonstrate the construction of effi-

cient and reliable surrogate models in the context of large-scale nonlinear geodynamical studies and apply our method to the
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case study of the Alpine region. To our knowledge, no surrogate models for the velocity and topography exist. We present the
construction of the surrogate, associated requirements, and challenges. Note that the case study is chosen to better illustrate the

concepts, but the conclusions derived from it are generally applicable.

2 Methods
2.1 Geodynamic numerical model

All forward numerical simulations presented in this study have been performed with the open source-geodynamic software
LaMEM (Kaus et al., 2016). LaMEM is a 3D finite-difference code that uses a staggered grid and a marked-in-cell technique
and it is interfaced with the PETSc library (Balay et al., 2017) to solve the resulting nonlinear system.

The governing equations are derived from the conservation of mass and momentum considering a continuum mechanics ap-
proximation of the lithosphere and underlying asthenospheric mantle as an incompressible viscous fluid (Einstein summation

convention is assumed):
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Here, 0;; denotes the total stress tensor, z; the spatial coordinate, p the phase density, g the gravitational acceleration, P the
pressure (mean stress), 7;; the deviatoric stress tensor, and v; the solid velocity. We considered secondary creep as the main
deformation mechanism, in which the deviatoric stress is a function of the solid velocity vector via an effective Newtonian

viscosity 1 defined as:

Tij = 2néij, 3)
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where ¢;; is the deviatoric strain rate tensor.

2.2 Non-Intrusive Reduced Basis Method

The non-intrusive RB method is a physics-based machine learning method (Degen et al., 2022a; Hesthaven and Ubbiali, 2018;
Swischuk et al., 2019) aiming at the construction of low-dimensional surrogate models that can maintain the input-output
relationships. This last feature is what differentiates the non-intrusive RB method from other commonly used physics-based

machine learning methods, such as PINNs (Raissi et al., 2019). Maintaining this relationship is crucial since we want to use
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the surrogate models as a substitute for the high-dimensional models in the framework of, for instance, a global variance-based
sensitivity analysis.

We implement an "offline-online decomposition procedure”, where we limit all computationally expensive procedures in the
offline stage, which needs to be computed only once. During this stage, the surrogate model is constructed allowing fast evalu-
ations of the surrogate during the online phase. Such an offline-online decomposition is optimal in relation to the requirements
of our analysis, which features a many-query and real-time context. Note that many-query refers to an application needing the
evaluation of numerous forward simulations, and real-time denotes an application requiring an immediate response.

The surrogate model is a linear combination of weighted basis functions:

Ured (l‘; ,U) = Z Qp (,u) Pn (l‘) y (5)

where 4,4 1S the reduced solution, N is the dimension of the reduced model,x is the vector of the spatial coordinates,
the model parameters that are varied (e.g., viscosity and density), « the reduced coefficients, and v the basis functions. The
construction of the surrogate is divided into two stages. First, we compute the basis functions, which capture the general
characteristic of the physics, via a proper orthogonal decomposition (POD). During the POD a singular value decomposition is
performed. To decide which singular vectors are to be kept, we use the following energy criterion (Guo and Hesthaven, 2019;

Swischuk et al., 2019):

i 2
Z:Lzo )‘n

N.
Zn;() >\72’L

Here, A is the singular value, NV is the total number of singular values, and ¢ is the POD threshold. The training data set,

<e. (6)

containing simulations for different parameter values (e.g., different viscosities and densities), is the input to the POD. To gen-
erate the training data set, we rely on a Latin Hypercube sampling strategy. The weights for the basis functions are determined
through machine learning techniques, in our case via a neural network approach. The different parameter values serve as labels,
whereas the input data is the matrix product of the training data and the basis functions. Note that an additional validation data
set, generated via a random sampling strategy, is also required at this stage. The different sampling strategies for the training

and validation data set are employed to widen the applicability of the surrogate model.

3 Case Study: Alpine Region

Quantifying the coupling of the mantle and surface processes is crucial to better understand their roles in landscape evolution
and associated hazards. The main challenge to such a quantification by numerical methods stems from the diversity of charac-
teristic time scales at play as well as the variability in the subsurface physical state, e.g., its architecture and physical properties,
which translate into high-dimensional and computational costly numerical simulations.

In the Alps, mantle processes in terms of slab dynamics are reported to have occurred in the recent geological past (few Myrs

ago; Handy et al., 2021; Fox et al., 2015). In addition, the region also underwent additional surface stressing from the removal
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of the ice load from the last glacial maximum ( ~20 Kyrs) to present-day (Mey et al., 2016). Therefore, the region provides us
with a natural laboratory to understand the coupling between deep-mantle and surface processes. Recent studies focusing on
the Alps and adjacent foreland regions have provided detailed images of both the crustal and mantle lithosphere configuration,
allowing to narrow down the source of uncertainties in the architecture of the crust and upper mantle (El-Sharkawy et al., 2020;
Fichtner et al., 2013; Kistle et al., 2020; Paffrath and Friederich, 2021; Spada et al., 2013; Spooner et al., 2019; Tesauro et al.,
2008; Zhu et al., 2015).

3.1 Model setup

In this study, we relied on an available 3D structural model of the crust and the upper mantle together with results from pub-
lished tomography models to constrain the geometry of the plate in the study area. The model differentiates the main geological
units of interest, that is, from top to bottom: i) sediments, ii) upper-crust, iii) lower-crust, iv) lithospheric mantle, and v) slabs in
the asthenosphere below the lithosphere. The thickness of the crustal layers is taken from a 3D crustal model of Spooner et al.
(2019) complemented by the EuCrust-07 model (Tesauro et al., 2008). The thickness of the lithospheric mantle (i.e., depth of
the thermal Lithosphere-Asthenosphere Boundary; LAB) and slabs in the asthenosphere are taken from Kumar et al. (2022),
which were derived from statistical clustering of available shear-wave tomographic models and their conversion to tempera-
ture. In the present study, we limit our choice to the “mean model” of the statistical ensemble, because it has been shown to
be consistent with first-order patterns of observed topography, GNSS-derived vertical velocities, and seismicity in the region
(Kumar et al., 2022).

Reference densities and viscosities in the different layers of the model are chosen according to the representative bulk litholo-
gies and shown in Figure 1. In the crust, they are in agreement with available gravity data, and those for the lithosphere, slabs,
and asthenosphere are chosen according to converted temperatures hence consistent with tomography models (Kumar et al.,
2022). Effective crustal viscosities are representative of the thermomechanical model of the region (Spooner et al., 2022). In
the upper mantle (lithosphere, slabs, and asthenosphere) viscosities are set according to previous studies (Kumar et al., 2022;
Mey et al., 2016; Sternai et al., 2019). Density and viscosity ranges are assigned according to the expected variability, arising
either from uncertainties or non-uniqueness of these properties. The modeling domain is a 3-D Cartesian box with 96 x 96 x

128 grid points, with a resolution of ~13 km in E-W, ~17 km in N-S, and ~3 km along the depth axis.

3.2 Data Sets

To investigate how surrogate models can be efficiently and reliably constructed, we focus on three scenario realizations. In the
first scenario, we vary the density values of all layers (exception made for the sticky air) and keep the viscosities fixed at their
reference values (density scenario). In the second scenario, we vary the viscosities (except for the sticky air), while setting the
densities to their reference values (viscosity scenario). The last scenario is a combination of the previous two, where we vary

both viscosities and densities (combined scenario). Ranges of variation for both densities and viscosities are listed in Figure 1.
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Figure 1. Illustration of the Alps 3D model and the modeled topography as well as the vertical surface velocities overlain with the measured

topography. The parameter ranges for the input densities and viscosites, as well as their reference values, are provided.
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For all three scenarios, we have to generate a training and a validation data set in order to construct the surrogate model. The
training data set for both the density and combined scenario consists of 100 simulations, where the input parameters have been
sampled based on a Latin Hyper Cube Sampling (LHS) strategy. We use a quasi-random LHS strategy since it samples more
efficiently the parameter space and it avoids clustering that would occur for a purely random approach. Additionally, the LHS
technique enables the construction of surrogate models with fewer samples than other strategies, and it does not introduce any
source of bias towards specific regions of the parameter space. In an attempt to investigate the sensitivity of the performance as
a function of the volume of data, we doubled the dimension of the training data set for the viscosity scenario (200 simulations).
To ensure a generic usability of the model, we do not split the data sets generated above into training and validation data.
Instead, we generate additional simulations (15 for the density and combined scenario and 20 for the viscosity scenario) to
form the validation data sets. Note that these simulations are not generated from the same LHS sampled input parameters
but from randomly produced input parameters. The different sampling approaches are chosen to ensure that the constructed

surrogate models can be applied to both LHS and non-LHS sampled parameters.

4 Results

The goal of this study is to showcase how surrogate models can be constructed in a way to preserve the input-output relation-
ship, hence the physical characteristic of the problem. This is why we focus on the surrogate model construction and discuss

how it can be of help for geodynamic applications.
4.1 Surrogate Model Construction

In the following, we present the surrogate models for both the topography and vertical surface velocities and their evaluation
with emphasis on their capabilities to preserve the physical characteristics of the original problem. In the Discussion section,
we elaborate on the advantages and disadvantages of the various surrogate modeling techniques.

For an efficient surrogate model construction, we need to pre-process the data. In order to avoid lateral boundary effects in the
Alpine region, the simulations have been performed on an extended region Figure 1 following (Kumar et al., 2022). To focus
the surrogate only on the Alpine region the extended model volume is removed first. The next steps for the pre-processing are
the scaling of the training and validation data sets, as well as the corresponding parameters. For the data sets, we use a min-max
scaling, which ensures that the data is between zero and one. This normalization is important because to derive basis function
weights using neural networks, we rely on a sigmoid as our activation function, which expects a normalized distribution. For
the parameters, we use a z-score scaling, all parameters share a zero mean and a standard deviation of one. Note that for both
the min-max scaling and the z-score scaling the minimum, maximum, mean, and variance are calculated for the training data
set and parameters, respectively. These values are also used to scale the validation data set and parameters in order to ensure
that both data sets are subjected to the same scaling. For the remainder of the paper, we refer to the scaled data sets as the
nondimensional data sets, and to the original data sets as the dimensional data sets.

For the vertical surface velocities, one additional pre-processing step is required because the data sets contain entries likely
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caused by numerical variations and round-off precision errors, that is, entries that do not represent desired physical effects.
These entries can vary significantly in their orders of magnitude (e.g., 1-10"'? and 1-107'%), affecting optimization via neural
network. Hence, we set velocities smaller than 1-10 to zero. While the exact choice of this threshold might be subjective to
the modeler and/or motivated by the physical process, this is an important stage to achieve a stable performance during the

surrogate model construction.
4.1.1 Topography

For the study focusing on the topography (top panels of Figure 2), we define a POD tolerance of 1-10™* for the nondimensional
data set, that is, we maintain an accuracy of 1 m regarding the dimensional data set. This value was chosen because higher ac-
curacies are not possible due to the numerical setup and the potential errors associated with the underlying model assumptions.
Note that both the accuracies of the POD and the later error estimators of the neural network (NN) are global error measures,
hence errors can be higher locally. This is why we should not only consider the global error measure but in addition, investigate
the local error distribution for designated realizations of the validation data set. This allows us to ensure that there are no areas
of the model that are significantly underrepresented.

The first observation to make is that both local and global errors are smaller for the viscosity scenario (top right panel of
Figure 2). At first, one might associate this result with the higher amount of training data we chose for this specific viscosity
scenario. However, the size of the training data set likely provides only a minor contribution to the observed behavior. Instead,
the primary cause of such a behavior stems from the lower complexity of the model, an observation that is supported by a
lower number of basis functions required (12 instead of the 20 for the density scenario). A lower complexity is either a conse-
quence of the model setup or the parameters themselves. Regarding the model setup, for the density scenario, we allowed all
layers to change individually, keeping only the sticky air layer fixed. In contrast, for the viscosity scenario we varied again all
viscosities (except the one of the sticky air layer) but this time only the asthenosphere is changed independently to the other
layers. This entails that we have six parameters that are varied for the density scenario, whereas in the viscosity case, we only
have two parameters. Another possible reason for the reduction in complexity is that the densities have a higher impact on the
present-day topography (via the isostatic principle). This said, by only relying on the number of basis functions required, we
cannot make any final concluding statement. In order to confirm or contradict our hypothesis, we would need to carry out a
full global sensitivity analysis, which in turn requires, a functioning surrogate model considering both changes for the viscosi-
ties and densities. However, as we will detail in subsection 4.3, this surrogate model is currently not constructable because of
challenges related to the data set.

Another observation worth discussing is that the error distribution shows an underlying pattern that does not resemble a random
noise distribution. This is caused by the choice of the surrogate model technique. To better illustrate this phenomenon, it is
important to note that the non-intrusive RB method can be interpreted as an analog method to a more classical Fourier analysis.
In Fourier analysis, the signal is decomposed into different sinusoidal functions, with the first functions cast “low frequency”
and the latter “high frequency” information. In our case, we perform a POD to determine the physical characteristics of the

problem and disregard those basis functions that do not add a high information content.
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Figure 2. The top panels show the local error distribution of the topography for the 13th simulation of the validation data set, where the

scenario of varying densities is illustrated on the left and the scenario for varying viscosities on the right. The middle panels show the same

for the local error distributions of the vertical surface velocities. Additionally, in all four panels the global root mean square errors for the

dimensional data sets are provided. The lower panels contain the information about the structure of the corresponding surrogate models,

including the architecture of the utilized neural networks.
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Back to the analogy with a Fourier analysis, it implies that we do disregard “high frequency” information. Hence, the difference

between reduced and full solutions reveals the pattern from the basis functions we disregard.
4.1.2 Vertical Surface Velocity

For the vertical surface velocities, we impose a slightly lower POD tolerance of 1-102 for the nondimensional data set, targeting
a global accuracy in the order of 0.01 cm/a for the dimensional data set. Consequently, we observe slightly higher errors for
the vertical velocities than for the topography. Nonetheless, we obtain trends that are very similar to those discussed for the
topography (middle panels of Figure 2). We indeed obtain more accurate surrogates for the viscosity scenario, which, at first
guess, we can still associate with a lower complexity. If we take the number of basis functions as a metric informative of the
complexity, we should note that for this specific scenario their number increases from the density to the viscosity scenario.
This is despite, for the viscosity scenario only two parameters are varied, whereas for the density scenario, six parameters
are changed. For the case where all parameters have the same impact, we would expect to have more basis functions for the
density case. Given that the opposite occurs, we take this aspect as an indication that the viscosities have a higher influence on
the surface velocities than the densities. We can also notice a similar pattern in the local error distribution as for the topography,
where the frequency in the error distribution is higher for the viscosity case.

The results discussed so far indicate that we are able to construct a surrogate model that can maintain the physical characteristics
of the problem with very few simulations (100 simulations for the density scenario, 200 simulations for the viscosity scenario)

when compared to data-driven methods.
4.2 Goal-Orientated vs. General-Purpose Surrogate Model

So far we have discussed surrogate models for the topography and the vertical surface velocity as independent properties.
However, both properties provide information only limited to the surface conditions. Using and relying on surface properties
is essential given that the majority of measurements are gathered there, which we can use to validate the model outcomes.
Surface properties are a convolution of the geodynamic makeup of a region and the underlying processes. Indeed, we are often
interested in improving our understanding of the underlying driving forces of a system, for which we are required to also
consider information from the deeper parts of the model.

In order to construct surrogate models with respect to the deeper domains of interest, it is important to know whether we are
interested in the entire 3D volume of the model or only at certain, for instance, depth levels. This is essential since the surrogate
models can be tailored to specific “goals”, i.e. goal-orientated surrogate model construction. In the following we compare the
construction of general-purpose versus goal-orientated surrogate models for the case study of the Alpine region.

Under a general-purpose surrogate model, we aim to understand a model that has no focus on either a specific spatial location
or assumes any prior knowledge about the distribution of the input parameters. For our case study, this implies that general-
purpose models consider the entire 3D model volume, which differs from the models described above that focus on the surface
only. Considering the distribution of the input parameters becomes slightly more complicated since it is not possible to assume

any kind of distribution. Ensuring to design a model not only valid for a single distribution (e.g., a normal distribution), we

10
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follow the same procedure as described for the surface surrogate models. Hence, we use an LHS method that samples the
training realizations from a uniform distribution and a random sampling strategy for the validation set. Note that for the entire
section, we consider the previously described viscosity and density scenarios with the parameter ranges defined in Figure 1. For
the goal-orientated models, we construct separate surrogate models for different depth levels (60 km, 100 km, and 200 km). We
again consider the same parameter ranges as for the general-purpose models. For each scenario, we develop surrogate models
for the velocities in x-, y-, and z-direction, thereby resulting in three general-purpose models for each viscosity and density
scenario (in total six general-purpose models). Three times as many goal-orientated models are obtained since we require one
model per depth level. In contrast, to the model for the surface velocity, we define a POD tolerance of 1-10* for all models
presented in this section. In the following, we exemplarily present the surrogates for the velocity in the x-direction since the
surrogates for the velocities in y- and z-direction show a similar behavior in terms of the prediction quality. The associated
hyperparameters are listed in Table 1.

First, we compare the approximation quality of the surrogate models at the three different depth levels for the viscosity

Table 1. Hyperparameters for the General-Purpose and the various Goal-Orientated surrogate models for the velocity in the x-direction.

Varying Densities Varying Viscosities
Goal- Goal- Goal- Goal- Goal- Goal-

General- General-
Hyperpara- Orientated | Orientated | Orientated Orientated | Orientated | Orientated

Purpose Purpose
meter Model (60 | Model Model Model (60 | Model Model

Model Model

km) (100 km) (200 km) km) (100 km) (200 km)

Hidden layers | 1 5 5 3 2 3 2 2
Neurons per

126 137 144 159 204 153 120 223
layer
Epochs 73,269 63,127 71,869 69,835 61,295 52,887 58,417 59,723
Learning rate | 1.13-10° 2.83-10™ 4.14-10"* 2.71-10% 5.89-10™ 1.89-10° 1.07-10° 3.12-10™
Batch size 67 83 64 72 89 79 61 71
Optimizer Adam Adam
Loss function Mean Squared Error (MSE) Mean Squared Error (MSE)
Activation

) Sigmoid Sigmoid

function

scenario, by extracting the corresponding depth slices from the general-purpose model. This is done to allow an evaluation of
the approximation quality for the specific depth levels of the general-purpose and goal-orientated surrogate models. Figure 3
shows exemplary results for the velocity in the x-direction. Here, we would like to first draw attention to the number of basis
functions. For the general-purpose model, we require eight basis functions to represent the original LaMEM solutions for every
parameter combination within given predefined ranges. The number of basis functions does not change for different depth levels

since we construct a model for the entire 3D volume. In contrast, the number of basis functions for the goal-orientated surrogate
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models varies between seven to seventeen, where we find that the number of basis functions increases with depth. This increase
in the amount of basis functions is an indication that the complexity increases with depth. It also presents another interesting
aspect since the general-purpose surrogate model has only eight basis functions, whereas the model designed for a depth of
200 km has seventeen basis functions. This might indicate that, potentially, the model for a depth of 200 km can represent
the solutions better. The results listed in Figure 3 seem to confirm this idea, since, we obtain lower global errors for the goal-
orientated case. For goal-orientated models of the other depth levels, we observe slightly lower global errors in the case of
the validation data sets and slightly higher errors for the training data sets. Nevertheless, the differences between the general-
purpose and the goal-orientated models are relatively small. Therefore, we can conclude that both models perform equally well
in the given case study. Before discussing the results of the density scenario, we should briefly note some drawbacks of global
error measures. Throughout the paper, we use the mean squared error to denote the approximation quality. This error measures
the average quality at every spatial location for all realizations in the training and validation set, respectively. However, in
the case that a smaller area is significantly underrepresented with respect to the remaining part of the model, this would not
be visible in the global error measure since the former would not significantly contribute to the average values. Therefore,
we spatially resolve all results additionally for designated realizations of the validation data set. This allows us to evaluate if
certain model areas are significantly worse approximated than the rest, which is not the case for the viscosity scenario.

For the density scenario (Figure 4) the situation changes significantly. We still have a comparable approximation quality
between the general-purpose and the goal-orientated surrogate models. However, now the goal-orientated models are slightly
worse than the general-purpose models. This comes as a surprise because models designated for the different depth levels
should have better global errors than general-purpose models. Furthermore, we observe that despite global errors of the training
data set being comparable to the previous scenario, the validation error differs by three orders of magnitude. The question here
is: what is the reason for this degraded performance? At first glance, one might associate it with the amount of data. For
the previous scenario, we changed two parameters and based the model construction on 200 realizations for the training data
set. In this case, we consider the variability of six parameters, while having only 100 realizations for the training data set.
As stated previously, this was done on purpose in order to investigate the sensitivity of the surrogate model performance on
the amount of data as required for typical geodynamic applications. However, we have discussed in the previous paragraphs
how both the viscosity and the density scenario resulted in high-quality surrogate models. Naturally, the data requirement
might differ between the surface and the subsurface cases. Indeed we obtain more basis functions for every depth level of the
density scenario than for the corresponding cases of the viscosity scenario. Nonetheless, it is unlikely that the data amount is
the main and/or sole reason for the degraded performance. If a lack of data is the problem, one would expect that the goal-
orientated models can partly compensate for this by focusing only on specific model areas instead of the entire model. To
further investigate this finding, we lowered the POD tolerance for the goal-orientated model (60 km) to 1-10-3. This reduced
the amount of basis functions from 29 to 9 and consequently improved the ratio of available data to trainable weights. The
obtained approximation errors for the validation data set are comparable though slightly worse, and we still remain with a

discrepancy between the training and validation data set.
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Figure 3. The first row shows the LaMEM solutions of the viscosity scenario for the velocity in x-direction of the 11th simulation of the

validation data set at a depth level of 60 km, 100 km, and 200 km. In the second row, we illustrated the differences between the general-

purpose surrogate model and the LaMEM solutions. Analogously, the third row plots the differences between the goal-orientated surrogate

models and the LaMEM solutions.
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Focusing on the first row of Figure 4, we observe an increase in velocity with depth more pronounced than for the viscosity
scenario. Furthermore, by investigating the approximation quality of all realizations of the validation data set, we observe that
some realizations are extremely well-fitted, while others show significant deviations. At the same time, changes in velocities
as well as their maximum magnitudes are significantly higher than for the viscosity scenario. For instance, the maximum
velocities in the x-direction are around 1 cm/a for the viscosity case and over 5 cm/a for the density case. This difference in
the obtained velocity patterns and magnitudes cannot solely be related to the governing equations and might be caused by the
chosen numerical implementation (we discuss this aspect in detail in the Discussion section). Regardless of the reasons for
these differences, any change that cannot be related to the physical characteristics has a high chance to degrade the surrogate

model quality.
4.3 Combined Scenario of Changing Densities and Viscosities

So far we have been discussing the surrogate model construction for either the density or the viscosity scenario. Naturally,
it would be interesting to enable the possibility of changing both the densities and viscosities simultaneously to allow for
investigations of parameter correlations. In Figure 5 and Figure 6, we present three realizations, as well as the computed entropy
for the three scenarios of the topography and vertical surface velocity, respectively. For the combined scenario (Figure 5),
we obtain unrealistically low heights. The computed entropy reveals that one of the most affected model areas is the Alps
domain. This is critical since this is our primary area of interest in terms of modeled topographic elevations. For the vertical
surface velocities (Figure 6), we obtain extremely high uplift rates, which are in clear contradiction to the low values obtained
for the topography for the associated realization. Again, the entropy illustrates how our area of main interest is subjected
to pronounced variability in the velocities, which exceeds our expectations. This abnormal behavior is found for both the
topography and vertical surface velocity only associated with the combined scenario. The reasons behind this behavior will be
discussed further in the next section. However, because of the inconsistency in the data, we decided not to construct surrogate

models for the combined scenario since a retrieval of a plausible model based on the current data sets is not possible.

5 Discussion

We have obtained promising results for the surrogate models of both the topography and vertical surface velocity for the vis-
cosity and density scenarios. For the topography, we obtain errors in the order of 10s of meters (density case) or in the order
of meters (viscosity case), and for the surface velocity, the errors are below 1 mm per year. In both cases the measurement
and conceptual errors are much higher, that is, the surrogate models are equally representative than the full-order models. At
the same time, we obtain a major computational gain. The full-order solution for a model takes around 8 hours on the high-
performance compute cluster JUWELS using 16 cores. In contrast, the evaluation of the surrogate model requires only 2 to 3

ms (on a Dell Precision 7680, Intel Core i7 Processor, 32 GB RAM), yielding a speed-up of 1-10”.
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Figure 4. The first row shows the LaMEM solutions of the density scenario for the velocity in x-direction of the 11th simulation of the
validation data set at a depth level of 60 km, 100 km, and 200 km. In the second row, we illustrated the differences between the general-
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For the sake of clarity, we should note that the gained speed-up does not include the computational cost of the offline stage. We,
therefore, open a discussion in the following paragraph where we elaborate on types of applications for which the development
of surrogate models is likely to be meaningful. Surrogate models are most beneficial in the so-called many-query context or
for real-time applications. Many query applications, that is, study cases that require to perform numerous model evaluations,
are of specific interest for the presented case studies. One of these applications is a global sensitivity study, which requires
many model evaluations (Sobol, 2001), reaching for basin-scale applications hundred thousands of evaluations or more (Degen
and Cacace, 2021; Degen et al., 2021b, a). The main factor contributing to the computational cost for the construction of the
surrogate models is the generation of the data sets. For the density case, we computed in total 115 simulations (220 for the
viscosity case). A secondary high cost is associated with the hyperparameter tuning. This cost however can be significantly
reduced by employing a Bayesian optimization with hyperband algorithm (Falkner et al., 2018). Furthermore, we only train for
the weights of the basis functions and not for the entire solution, meaning that typically simple architectures of neural networks
are sufficient. Computational times for hyperparameter tuning can differ depending on the tested hyperparameter ranges but
typically do not exceed a couple of hours, a computational time similar to a single simulation. All other costs are orders of
magnitude smaller. Hence, the total cost can be well approximated with the cost of the data set generation. It follows that the
method pays off already for a couple of hundred solves, which is orders of magnitude smaller than the amount of evaluations
associated with global sensitivity analysis or uncertainty quantification (Degen et al., 2021a, 2022a, 2023).

In this study, we did not perform tests to construct the surrogate for the viscosity case with less training data. Based on the over-
all performance of the model and the higher amount of model parameters that were varied in the case of the density scenario,
it is likely that already slightly more than a hundred simulations would have been sufficient for the viscosity scenario. The
approach presented in this study requires orders of magnitude less runs than alternative data-driven machine learning models
(Degen et al., 2023; Santoso et al., 2022). Because of this relatively low amount of required simulations, the non-intrusive
RB method makes computational expensive analyses feasible for geodynamic applications, enabling a quantification of the
uncertainties and correlations.

Another advantage of the non-intrusive reduced basis method is that it constructs interpretable surrogate models. This feature
sets apart the method from other physics-based machine learning methods such as PINNs (Raissi et al., 2019). We should also
add that we rely on so-called “black-box methods” only for the projection step. This entails that in our case, non-rigorously
provable errors are at most a linear combination of scalar factors affecting only the weighting of the basis functions but not the
entire solution.

In this study, we also presented two ways of constructing surrogate models, whether general-purpose or goal-orientated. For
the application presented in this study, we found that the general-purpose model already represented all three depth levels of
60 km, 100 km, and 200 km, so there is no need for a goal-orientated design. Despite our specific results, we briefly discuss
the general advantages and disadvantages of this approach. A general-purpose model (as presented in this manuscript) has the
advantage of being applicable to the entire model domain. This is not possible for goal-orientated models since they are trained
with only the data of the respective area of interest (depth level in our study). However, if the behavior of one goal-orientated

surrogate model exceeds the behavior of the general-purpose model it is desirable to have a goal-orientated approach to ensure
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Figure 5. Overview of the different distributions of the topography for the models with varying densities, varying viscosities, and varying

densities and viscosities. In addition to three realizations per model, we plot the entropy (which captures the average uncertainty/variability

of a given data set) to illustrate the variations for all realizations of the individual models.

that the local characteristics are maintained.

This said, one should be also aware of the potential increase in computational cost if relying on a goal-orientated approach. As

an example, in the application presented in our study, we are interested in three different depth levels yielding three times as

many surrogate models as for the general-purpose setting. Since the same data sets can be used for all models, just extracting
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Figure 6. Overview of the different distributions of the vertical surface velocities for the models with varying densities, varying viscosities,
and varying densities and viscosities. In addition to three realizations per model, we plot the entropy (which captures the average uncertain-

ty/variability of a given data set) to illustrate the variations for all realizations of the individual models.

370 different information each time, the main costs for both settings are comparable. Also, the time required for the hyperparam-
eter tuning is similar for one general-purpose and one goal-orientated model. This is a completely different situation than for
data-driven approaches. Focusing on a single depth level means considering fewer spatial nodes, which would, for a data-based

approach, result in a reduced training time. For the non-intrusive reduced basis method, we first perform the POD and then
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determine the weights of the obtained basis functions through an NN. This means that our “labels” are still viscosities and
densities, but the training data is the product of the snapshots and the basis functions. Consequently, the training data for the
NN has the dimension of number of snapshots times number of basis functions. Hence, the amount of considered nodes does
not impact the computational cost of the NN. This entails that we spent three times as much resources for the hyperparameter
tuning of the goal-orientated models than for the general-purpose models. Nevertheless, this cost increase is in the order of a
couple of hours and can be done for several models in parallel.

It is also viable to combine both settings by generating a custom loss function for the general-purpose model. Through this
custom loss function, it is possible to assign higher weights to specific features (our tested depth levels). This entails that the
resulting model can perform better than a pure general-purpose model at these specific depth levels, while still being valid for

other parts of the model.

Realization 89 Realization 82 Realization 82 with sticky air
1.2 1.2
1.2 B ASPECT mmm ASPECT B ASPECT
LaMEM 1.0 A LaMEM 1.0 A ASPECT
1.01 (sticky air)
o 0.8 . %81 . 087
g g g
3 0.6 3 0.6 3 0.6 1
0.41 0.4 0.4
0.2 | 0.2 | 0.2 1
0.0 . ; . ! ; 0.0+ . = . . 0.0+ . ' . .
-4 -2 0 2 4 -20 -10 0 10 20 -4 -2 0 2 4
Velocity [cm/a] Velocity [cm/a] Velocity [cm/a]

Figure 7. Example of the velocities in the entire model domain computed for two of the models from combined scenario data. Panels (left and
middle) shows the distribution of vertical velocities (light-blue) computed using ASPECT employing single advection and stokes (SA-SS)
advection scheme. Overlay plotted (orange) are the corresponding vertical velocities from LaMEM. Note the magnitude of the computed
velocities. Right panel shows the comparison of vertical velocities for model 82 where single advection and single stokes schemes (same as
in middle panel) except that for the orange case we add the sticky air as a physical layer (Figure 1) in the model with a free-slip boundary

condition at top.

A last note on the observed instabilities (Section 4.3). These were especially evident for the combined scenario, though
inconsistencies were also observed for the density scenario focusing on the subsurface. Considering the randomness of the
observed numerical instabilities in terms of the parameter space, the problems are likely associated with internal numerical
aspects, including, for example, the type of advection scheme used, the stabilization of the free-surface (sticky-air), or a com-
bination of both. To test that the observed instabilities are associated to the specific numerical settings of the forward simulation,
we conducted a secondary investigation relying on a different geodynamic software, ASPECT version 2.5 (Heister et al., 2017;
Kronbichler et al., 2012) to solve for the same problem, while using different advection schemes. The reason to use ASPECT

stems from the fact that its core kernels are different from those implemented in LaMEM (finite elements instead of staggered
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finite differences) and that ASPECT provides with additional flexibility while dealing with particle advection as well as the
free surface. We note that, for the combined scenario, vertical velocities for the two sample models using ASPECT are orders
of magnitude lower compared to those obtained in LaMEM (Figure 7). We find additionally that adding a low viscosity and
lighter sticky-air in the ASPECT models significantly increases these instabilities in velocities (Figure 7). By testing different
advection schemes available in ASPECT, we found that they all give very similar solutions. Thus overall, the results obtained
with ASPECT were more stable and closer to the expected solutions than those obtained with LaMEM. That being said, our
conclusions should not be perceived as a judgment about which software performs best. We appreciate that both discussed
softwares LaMEM and ASPECT are high-level tools and extremely useful to the community. Our aim is to provide the base to
objectively discuss our findings in an open manner with the interested scientific community, also with respect to any sugges-
tions. The instabilities are a consequence of the relatively complex geometry and model set-up, showcasing the importance of

the development of more realistic benchmarks to further test current software implementations.

6 Conclusions

To conclude, we are able to present a method to construct reliable and physically consistent surrogate models. These mod-
els are generated with data sets constructed out of 115 simulations for the density scenario (and the scenario for considering
the variability of both the densities and viscosities), and 220 simulations for the viscosity scenario. This means we obtain
high-quality surrogate models at a cost that is affordable even for computationally demanding applications such as those often
encountered in geodynamic applications. Through these surrogate models, we reduce the computational cost from hours on an
high-performance compute cluster to milliseconds on a local machine, while maintaining a similar accuracy than the LaMEM
simulations. Consequently, we are able to capture the present day quasi steady-state for any given density and viscosity values
within the pre-defined training ranges.

The presented surrogate models are constructed based on the provided simulations. This has the advantage of not requiring any
measurement data for the construction phase. This is crucial since in the given application data could be sparse e.g., mostly
available at the surface in case of geodynamic application, and is required for validation purposes of the model. However, this
also means that any challenges associated with the forward simulations, such as the presented advection scheme, affect the
ability to construct meaningful surrogate models affecting the follow-up quantitative analyses.

Because of the challenges encountered with the numerical setup, we focused the paper entirely on the surrogate model con-
struction for both illustrating the great potential this method offers and highlighting current challenges and pitfalls. Future
studies will investigate the dominant lithological layers in terms of their densities and viscosites through global sensitivity
analyses using the presented surrogate models. Additional, it would be interesting to extend the current approach to capture
the dynamical evolution of the system. Transient systems have been considered before both from the framework development

(Wang et al., 2019), and for geoscientific applications (Degen and Cacace, 2021).
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Code and data availability. The training and validation datasets, their associated model parameters, and the non-intrusive RB code for the
construction of all surrogate models are published in the following Zenodo repository (https://doi.org/10.5281/zenodo.14755256, Degen
et al., 2025). The input files and geometries for LaMEM and ASPECT are available through the following Zenodo repository (https://doi.
org/10.5281/zenodo.15478977, Kumar, 2025). LaMEM (Kaus et al., 2016) is an open-source code and the used version can be downloaded
from https://doi.org/10.5281/zenodo.7071571 or https://bitbucket.org/ bkaus/lamem/src/master/. ASPECT version 2.5.0, (Heister et al., 2017;
Kronbichler et al., 2012) used in these computations is freely available under the GPL v2.0 or later license through its software landing page
https://geodynamics.org/resources/aspect or https://aspect.geodynamics.org and is being actively developed on GitHub and can be accessed

via https://github.com/geodynamics/aspect or Zenodo (https://doi.org/10.5281/zenodo.8200213).

Author contributions. All authors discussed and interpreted the presented work. A.K. carried out the forward simulations in LaMEM that
served as the training data for the surrogate, as well as the additional ASPECT simulations. D.D. constructed the surrogate model, the

analyses of these models and drafted the paper.

Competing interests. Mauro Cacace is a member of the editorial board of the journal Geoscientific Model Development. The authors declare

that they have no conflict of interest.

Acknowledgements. This work is funded by the Deutsche Forschungsgemeinschaft (DFG) through DEFORM project within “Mountain
Building Processes in Four Dimensions (4DMB)” SPP (SCHE 674/8-1). The authors acknowledge the Earth System Modelling Project
(ESM) by providing computing time on JUWELS cluster, Jiilich Supercomputing Centre (JSC) under the application 24312 titled "Uncon-
ventional exploration methods for complex tectonic systems-linking geology and geodynamics via numerical modelling". Furthermore, D.D.
was supported through funding provided by the Bundesministerium fiir Bildung und Forschung through the project PBML-HM (project
number: 011S24062).

21



445

450

455

460

465

470

475

https://doi.org/10.5194/egusphere-2025-1925
Preprint. Discussion started: 30 May 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

References

Balay, S., Abhyankar, S., Adams, M. F.,, Brown, J., Brune, P., Buschelman, K., Dalcin, L., Eijkhout, V., Gropp, W. D., Kaushik, D., Knepley,
M. G., May, D. A., Mclnnes, L. C., Rupp, K., Smith, B. F.,, Zampini, S., Zhang, H., and Zhang, H.: PETSc Web page, http://www.mcs.
anl.gov/petsc, 2017.

Benner, P., Gugercin, S., and Willcox, K.: A Survey of Projection-Based Model Reduction Methods for Parametric Dynamical Systems,
STIAM review, 57, 483-531, 2015.

Brisson, S., Degen, D., Wellmann, F., and von Hagke, C.: Combining low-temperature thermochronology with 3-D probabilistic kinematic
modeling of the Bavarian Subalpine Molasse, Authorea Preprints, 2024.

Chuang, P-Y. and Barba, L. A.: Experience report of physics-informed neural networks in fluid simulations: pitfalls and frustration, arXiv
preprint arXiv:2205.14249, 2022.

Chuang, P-Y. and Barba, L. A.: Predictive Limitations of Physics-Informed Neural Networks in Vortex Shedding, arXiv preprint
arXiv:2306.00230, 2023.

Degen, D. and Cacace, M.: Effects of transient processes for thermal simulations of the Central European Basin, Geoscientific Model
Development, 14, 1699-1719, 2021.

Degen, D., Spooner, C., Scheck-Wenderoth, M., and Cacace, M.: How biased are our models? — a case study of the alpine region, Geoscientific
Model Development, 14, 7133-7153, https://doi.org/10.5194/gmd-14-7133-2021, 2021a.

Degen, D., Veroy, K., Freymark, J., Scheck-Wenderoth, M., Poulet, T., and Wellmann, F.: Global sensitivity analysis to optimize basin-scale
conductive model calibration—A case study from the Upper Rhine Graben, Geothermics, 95, 102 143, 2021b.

Degen, D., Cacace, M., and Wellmann, F.: 3D multi-physics uncertainty quantification using physics-based machine learning, Scientific
Reports, 12, 17491, 2022a.

Degen, D., Veroy, K., and Wellmann, F.: Uncertainty quantification for basin-scale geothermal conduction models, Scientific Reports, 12,
4246, 2022b.

Degen, D., Caviedes Voullieme, D., Buiter, S., Hendriks Franssen, H.-J., Vereecken, H., Gonzélez-Nicolds, A., and Wellmann, F.: Perspec-
tives of Physics-Based Machine Learning for Geoscientific Applications Governed by Partial Differential Equations, Geoscientific Model
Development Discussions, 2023, 1-50, https://doi.org/10.5194/gmd-2022-309, 2023.

Degen, D., Kumar, A., Scheck-Wenderoth, M., and Cacace, M.: Non-Intrusive Reduced Basis Method - Case Study of the Alpine Region,
Zenodo [code and data set], https://doi.org/10.5281/zenodo.14755256, 2025.

El-Sharkawy, A., Meier, T., Lebedev, S., Behrmann, J. H., Hamada, M., Cristiano, L., Weidle, C., and K6hn, D.: The Slab Puzzle of the
Alpine-Mediterranean Region: Insights From a New, High-Resolution, Shear Wave Velocity Model of the Upper Mantle, Geochemistry,
Geophysics, Geosystems, 21, https://doi.org/10.1029/2020GC008993, 2020.

Falkner, S., Klein, A., and Hutter, F.: BOHB: Robust and efficient hyperparameter optimization at scale, in: International Conference on
Machine Learning, pp. 1437-1446, PMLR, 2018.

Fichtner, A., Trampert, J., Cupillard, P., Saygin, E., Taymaz, T., Capdeville, Y., and Villasefior, A.: Multiscale full waveform inversion,
Geophysical Journal International, 194, 534-556, https://doi.org/10.1093/gji/ggt118, 2013.

Fox, M., Herman, F., Kissling, E., and Willett, S. D.: Rapid exhumation in the Western Alps driven by slab detachment and glacial erosion,
Geology, 43, 379-382, https://doi.org/10.1130/G36411.1, 2015.

22



480

485

490

495

500

505

510

515

https://doi.org/10.5194/egusphere-2025-1925
Preprint. Discussion started: 30 May 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

Guo, M. and Hesthaven, J. S.: Data-driven reduced order modeling for time-dependent problems, Computer methods in applied mechanics
and engineering, 345, 75-99, 2019.

Handy, M. R., Schmid, S. M., Paffrath, M., and Friederich, W.: Orogenic lithosphere and slabs in the greater Alpine area - Interpretations
based on teleseismic P-wave tomography, Solid Earth, 12, 2633-2669, https://doi.org/10.5194/se-12-2633-2021, 2021.

Heister, T., Dannberg, J., Gassmoller, R., and Bangerth, W.: High Accuracy Mantle Convection Simulation through Modern Numerical
Methods. II: Realistic Models and Problems, Geophysical Journal International, 210, 833-851, https://doi.org/10.1093/gji/ggx195, 2017.

Hesthaven, J. S. and Ubbiali, S.: Non-intrusive reduced order modeling of nonlinear problems using neural networks, Journal of Computa-
tional Physics, 363, 55-78, 2018.

Hesthaven, J. S., Rozza, G., and Stamm, B. e.: Certified reduced basis methods for parametrized partial differential equations, SpringerBriefs
in Mathematics, Springer, 2016.

Kaistle, E. D., Rosenberg, C., Boschi, L., Bellahsen, N., Meier, T., and El-Sharkawy, A.: Slab break-offs in the Alpine subduction zone,
International Journal of Earth Sciences, 109, 587-603, https://doi.org/10.1007/s00531-020-01821-z, 2020.

Kaus, B. J., Popov, A. A., Baumann, T., Pusok, A., Bauville, A., Fernandez, N., and Collignon, M.: Forward and inverse modelling of
lithospheric deformation on geological timescales, in: Proceedings of nic symposium, vol. 48, pp. 978-983, John von Neumann Institute
for Computing (NIC), NIC Series, 2016.

Kronbichler, M., Heister, T., and Bangerth, W.: High Accuracy Mantle Convection Simulation through Modern Numerical Methods, Geo-
physical Journal International, 191, 12-29, https://doi.org/10.1111/j.1365-246X.2012.05609.x, 2012.

Kumar, A.: LaMEM and ASPECT input and data files corresponding to Exploiting Physics-Based Machine Learning to Quantify Geody-
namic Effects — Insights from the Alpine Region, Zenodo [data set], https://doi.org/10.5281/zenodo.15478977, 2025.

Kumar, A., Cacace, M., Scheck-Wenderoth, M., Gotze, H.-J., and Kaus, B. J.: Present-Day Upper-Mantle Architecture of the Alps: Insights
From Data-Driven Dynamic Modeling, Geophysical Research Letters, 49, e2022GL099 476, 2022.

Lourenco, D. L., Rozel, A. B., Ballmer, M. D., and Tackley, P. J.: Plutonic-squishy lid: A new global tectonic regime generated by intrusive
magmatism on Earth-like planets, Geochemistry, Geophysics, Geosystems, 21, €2019GCO008 756, 2020.

Manassero, M. C., Afonso, J. C., Zyserman, F. 1., Jones, A., Zlotnik, S., and Fomin, I.: A reduced order approach for probabilistic inver-
sions of 3D magnetotelluric data II: joint inversion of MT and surface-wave data, Journal of Geophysical Research: Solid Earth, 126,
€2021JB021 962, 2021.

Mey, J., Scherler, D., Wickert, A. D., Egholm, D. L., Tesauro, M., Schildgen, T. F., and Strecker, M. R.: Glacial isostatic uplift of the European
Alps, Nature Communications, 7, 13 382, 2016.

Paffrath, M. and Friederich, W.: Imaging structure and geometry of slabs in the greater Alpine area — A P-wave traveltime tomography using
AlpArray Seismic Network data, Solid Earth Discussions, pp. 1-40, https://doi.org/10.5194/se-2021-58, 2021.

Raissi, M., Perdikaris, P., and Karniadakis, G. E.: Physics-informed neural networks: A deep learning framework for solving forward and
inverse problems involving nonlinear partial differential equations, Journal of Computational Physics, 378, 686707, 2019.

Rekoske, J. M., Gabriel, A.-A., and May, D. A.: Instantaneous physics-based ground motion maps using reduced-order models, arXiv preprint
arXiv:2212.11335, 2022.

Saltelli, A., Aleksankina, K., Becker, W., Fennell, P., Ferretti, F., Holst, N., Li, S., and Wu, Q.: Why so many published sensitivity analyses
are false: A systematic review of sensitivity analysis practices, Environmental modelling & software, 114, 29-39, 2019.

Santoso, R., Degen, D., Cacace, M., and Wellmann, F.: State-of-the-art physics-based machine learning for hydro-mechanical simulation in

geothermal applications, in: European Geothermal Congress, pp. 1-10, 2022.

23



520

525

530

535

540

https://doi.org/10.5194/egusphere-2025-1925
Preprint. Discussion started: 30 May 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Sobol, I. M.: Global sensitivity indices for nonlinear mathematical models and their Monte Carlo estimates, Mathematics and computers in
simulation, 55, 271-280, 2001.

Spada, M., Bianchi, L., Kissling, E., Agostinetti, N. P., and Wiemer, S.: Combining controlled-source seismology and receiver function infor-
mation to derive 3-D Moho topography for Italy, Geophysical Journal International, 194, 1050-1068, https://doi.org/10.1093/gji/ggt148,
2013.

Spooner, C., Scheck-Wenderoth, M., Gotze, H.-J., Ebbing, J., Hetényi, G., Group, A. W., et al.: Density distribution across the Alpine
lithosphere constrained by 3-D gravity modelling and relation to seismicity and deformation, Solid Earth, 10, 2073-2088, 2019.

Spooner, C., Scheck-Wenderoth, M., Cacace, M., and Anikiev, D.: How Alpine seismicity relates to lithospheric strength, International
Journal of Earth Sciences, 111, 1201-1221, 2022.

Sternai, P., Sue, C., Husson, L., Serpelloni, E., Becker, T. W., Willett, S. D., Faccenna, C., Di Giulio, A., Spada, G., Jolivet, L., et al.: Present-
day uplift of the European Alps: Evaluating mechanisms and models of their relative contributions, Earth-Science Reviews, 190, 589-604,
2019.

Swischuk, R., Mainini, L., Peherstorfer, B., and Willcox, K.: Projection-based model reduction: Formulations for physics-based machine
learning, Computers & Fluids, 179, 704—717, https://doi.org/10.1016/j.compfluid.2018.07.021, 2019.

Tesauro, M., Kaban, M. K., and Cloetingh, S. A.: EuCRUST-07: A new reference model for the European crust, Geophysical Research
Letters, 35, 2008.

van Zelst, 1., Crameri, F., Pusok, A. E., Glerum, A., Dannberg, J., and Thieulot, C.: 101 geodynamic modelling: how to design, interpret, and
communicate numerical studies of the solid Earth, Solid Earth, 13, 583-637, https://doi.org/10.5194/se-13-583-2022, 2022.

Wainwright, H. M., Finsterle, S., Jung, Y., Zhou, Q., and Birkholzer, J. T.: Making sense of global sensitivity analyses, Computers &
Geosciences, 65, 84-94, 2014.

Wang, Q., Hesthaven, J. S., and Ray, D.: Non-intrusive reduced order modeling of unsteady flows using artificial neural networks with
application to a combustion problem, Journal of Computational Physics, 384, 289-307, https://doi.org/10.1016/j.jcp.2019.01.031, 2019.

Zhu, H., Bozdag, E., and Tromp, J.: Seismic structure of the European upper mantle based on adjoint tomography, Geophysical Journal

International, 201, 18-52, https://doi.org/10.1093/gji/ggu492, 2015.

24



