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Abstract

The development of accurate and efficient computational methods for fluid-structure interaction (FSI)
problems remains an active area of research, given the wide range of engineering and biomedical appli-
cations involving FSI. Among the available approaches, partitioned loosely coupled (LC) schemes are
particularly attractive for large-scale simulations due to their modularity and reduced computational
cost. However, their applicability is limited by stability issues in high added-mass regimes, where the
fluid and structure densities are comparable, as occurs in hemodynamics. In our recent work, we proposed
an LC algorithm based on Dirichlet-Neumann interface coupling, referred to as LC-DN-α scheme, which
improved the stability of the coupling by introducing a stabilization parameter α . Although theoretical
stability has been demonstrated under suitable constraints on α , the dependence of the optimal value
of α on the physical and numerical characteristics of general FSI problems is not yet fully understood,
making its practical selection challenging.

In this work, we address this open question by proposing a data-driven strategy for automatically
estimating the optimal value of α . Specifically, we develop a feed-forward neural network to predict α from
the descriptors of the FSI problem. The model is trained on a dataset of baseline FSI problems in large
added-mass regimes and is subsequently evaluated on more realistic configurations to assess its robustness
and generalization capabilities. The numerical results show that the proposed model generalizes across
the considered FSI test scenarios and provides robust estimates of α under moderate variations in the
problem setup, including changes in geometry and loading conditions, that do not completely alter the
fluid-structure interaction mechanics with respect to those represented in the training set.

The methodology has been intentionally developed and validated on simplified FSI problems, providing
a proof of concept for data-driven strategies to improve the efficiency of partitioned FSI simulations and
supporting their extension to more complex and realistic scenarios.

Keywords – Added-mass effect, Scientific Machine Learning, Partitioned methods, Stabilization
parameter estimation
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1 Introduction

Fluid-structure interaction (FSI) is a common phenomenon in engineering, occurring across a wide range
of applications. These encompass both industrially relevant problems and topics of significant scientific
interest, including aerodynamics, microfluidics, structural engineering, and biomechanics. However, the
numerical modeling of FSI problems remains demanding due to the nonlinear nature of the coupling between
fluid and structural dynamics, the possible intrinsic nonlinearities within each physical subsystem, and the
severe ill-conditioning of the linear systems arising from the discretization of the coupled problem (Richter,
2015). Consequently, the development of accurate and efficient numerical methods for FSI simulations is of
key importance for addressing the computational challenges of real-world applications. To this end, several
strategies have been proposed and can be broadly classified into physics-based and data-driven methods
(Tiba et al., 2025).

Physics-based numerical methods continue to be the dominant approach for solving FSI problems as
they accurately capture underlying physical phenomena and provide reliable predictions. In this area, the
modularity of partitioned algorithms offers a significant simplification in the implementation complexity
compared with monolithic approaches (Farhat and Lesoinne, 2000; Gee et al., 2011; Crosetto et al., 2011;
Richter, 2015; Landajuela et al., 2017; Bucelli et al., 2022). In particular, the possibility of solving the
fluid and structure subproblems separately allows us to handle smaller, better-conditioned systems and
reuse standalone physics-specific solvers and preconditioners, which is often required when using commercial
software packages.

The fluid and structure solvers communicate at the fluid-structure interface through the enforcement
of continuity conditions on relevant quantities (i.e., velocities and stresses). In particular, the classical
Dirichlet-Neumann (DN) interface coupling, which consists of imposing interface velocity as a Dirichlet
boundary condition for the fluid problem and the interface stresses as a Neumann boundary condition for the
structure problem, represents the most natural partitioned formulation, being also usually the only option
implemented in commercial software. Depending on how these conditions are enforced, the resulting algorithm
is said strongly-coupled (SC), through interface iterations (Farhat and Lesoinne, 2000; Nobile, 2001; Matthies
and Steindorf, 2002; Causin et al., 2005; Badia et al., 2008; Küttler and Wall, 2008; Degroote et al., 2010;
Landajuela et al., 2017; Schussnig et al., 2022), or loosely-coupled (LC), by performing a single fluid and
structure solve per time step (Gigante and Vergara, 2021; Banks et al., 2014; Burman and Fernández, 2014;
Bukač et al., 2013; Guidoboni et al., 2009).

LC-DN schemes are particularly appealing for large-scale FSI simulations because they retain the modu-
larity of partitioned methods, the simplicity of the DN coupling, and a substantial reduction in computational
cost. Their main drawback is that they suffer from stability issues when the fluid and structure densities
are comparable (Causin et al., 2005; Förster et al., 2007; Degroote et al., 2008; van Brummelen, 2009). This
phenomenon, known as the added-mass effect and originating from the strong inertial interaction between
the fluid and the structure, is especially pronounced in hemodynamics simulations, limiting the applicability
of LC-DN schemes in this field.

Extensive work has been done in the literature to improve the stability properties of LC algorithms in
the context of large added-mass. Most of the proposed approaches depart from the classical DN formulation
by introducing alternative interface conditions, such as Robin- or Nitsche-type couplings, or by combining
the partitioned strategy with operator-splitting techniques and suitable stabilization terms (Guidoboni et al.,
2009; Bukač et al., 2013; Fernández, 2013; Lukáčová-Medvid’ová et al., 2013; Banks et al., 2014; Burman and
Fernández, 2014; Gigante and Vergara, 2021; Burman et al., 2025). Instead, in our previous work, we retained
the classical DN coupling and proposed an LC algorithm (LC-DN-α scheme) whose stability is proved for
suitable ranges of a stabilization parameter α (Renzi and Vergara, 2026b,a). However, estimating such ranges
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as well as the optimal value of α for realistic simulations remains an open challenge.
In recent years, data-driven strategies based on Scientific Machine Learning (SciML) have been devel-

oped for the numerical treatment of FSI problems, thanks to advances in computational capabilities and
the increasing availability of high-quality data. Current SciML research in FSI has mainly focused on two
directions: optimization problems (Shirvani et al., 2023) and the development of surrogate models, including
reduced-order models and physics-informed neural networks, to approximate or replace high-fidelity simula-
tions (Xiao et al., 2016; Shinde et al., 2019; Dupont et al., 2023; Tiba et al., 2024; Zhang et al., 2025; Farea
et al., 2025; Liu et al., 2026). A third emerging line of research seeks to enhance the efficiency of conventional
solvers rather than replacing them to reduce the cost of the coupling in the context of partitioned algorithms:
by accelerating the convergence of fixed-point iterations (Totounferoush et al., 2021; Tiba et al., 2025) or
by improving the prediction of interface quantities (Mazhar et al., 2023). Despite promising, such strategies
have so far been designed almost exclusively for SC schemes, and the potential of SciML approaches remains
largely unexplored in the context of LC schemes.

In this work, we introduce a feed-forward neural network model for the automatic estimation of the
stabilization parameter α that appears in the LC-DN-α algorithm proposed in Renzi and Vergara (2026a,b).
The network is trained on a set of baseline 2D FSI problems in large added-mass regimes, and the learned
parameters are subsequently transferred to more realistic 2D configurations to evaluate their robustness
and generalization beyond the training scenarios. To the best of our knowledge, this is the first study
to integrate SciML techniques with LC algorithms for FSI simulations in high-added-mass regimes, such
as those encountered in hemodynamics. The study is intended as a proof of concept, demonstrating the
potential of SciML for estimating the parameters of LC algorithms based solely on the physical and numerical
characteristics of the problem at hand.

2 Algorithm formulation and stability of the LC-DN-α scheme

In this section, we review the LC FSI scheme proposed in Renzi and Vergara (2026b) together with the
corresponding stability theoretical results.

2.1 Formulation of the scheme

Let us consider the FSI problem resulting from the coupling between an incompressible Newtonian fluid and
a linear elastic structure.

We formulate the fluid dynamics in an Arbitrary Lagrangian-Eulerian (ALE) framework on the time-
dependent domain Ωt

f and structure dynamics in a Lagrangian framework on its reference configuration Ω0
s.

The governing equations consist of the incompressible Navier-Stokes (NS) equations in ALE form for the
fluid unknowns, velocity u and pressure p, and the linear elasticity equations for the structure unknowns,
displacement η and interface velocity w, equipped with suitable initial and boundary conditions (Quarteroni

et al., 2017). The two subproblems are coupled through the interface Σt = Ω
t

f∩Ω
t

s by enforcing the continuity
of velocity and the equilibrium of interface tractions. Throughout the paper, we denote by n the unit normal
vector to the interface, oriented outward with respect to the fluid domain.

The problem is discretized in time by means of the Finite-Difference method on the uniform partition
tn = n∆t, with n = 0, 1, . . . , T/∆t, of temporal domain [0, T ], where ∆t denotes the time step. In this
work, we adopt an explicit treatment of the geometric coupling, assuming that the ALE velocity of the
fluid domain uALE and the fluid domain configuration at time tn+1 are obtained by extrapolation from
previous time steps (Nobile, 2001). The nonlinear convective term of the NS equations is linearized through

3



a first-order semi-implicit Euler scheme, and the structural dynamics is discretized by the implicit BDF1
scheme.

The resulting time-discrete FSI problem is numerically solved by means of the LC-DN-α partitioned
algorithm, whose formulation is summarized in Algorithm 1. At each time step, this loosely-coupled scheme
performs one fluid and one structure solution, with suitably modifying the right-hand sides. Owing to the
parameter α , this scheme features very interesting stability properties even in the presence of significant
added-mass. In Algorithm 1, δv

δt = ∂v
∂t + (uALE · ∇)v denotes the ALE time derivative (Donea et al., 1982;

Quarteroni et al., 2017); ρf and ρs are the fluid and structure densities; β ̸= 0 surrogates the circumferential
elastic forces in the 2D case, whereas β = 0 in the 3D case; Tf and Ts are the fluid and the structure Cauchy
stress tensors. Notice that, for the sake of notational simplicity, we use the same symbols for the Eulerian
and Lagrangian representations of the unknowns.

Algorithm 1 LC-DN-α scheme

Given suitable initial conditions and boundary conditions on ∂Ωt
f \ Σt and ∂Ωt

s \ Σt, find at tn+1 ∀n =

0, 1, . . . , T/∆t− 1, un+1, pn+1, ηn+1, and wn+1 by solving in sequence (n+ 1 understood):

1. Fluid problem equipped with a Dirichlet boundary condition at the interface Σ:

ρf

( u

∆t
+ (un − un

ALE) · ∇u
)
−∇ · Tf = ff + ρf

un

∆t
+

+ (1− α)

[
ρf

(
un − un−1

∆t
+ (un − un

ALE) · ∇un

)
−∇ · T n

f

]
in Ωf ,

∇ · u = (1− α)∇ · un in Ωf ,

u = (1− α)un + αwn on Σ;

2. Structure problem equipped with a Neumann boundary condition at the interface Σ:

ρs
η

∆t2
−∇ · Ts + βη = fs + ρs

2ηn − ηn−1

∆t2
+

+ (1− α)

(
ρs

ηn − 2ηn−1 + ηn−2

∆t2
−∇ · T n

s

)
in Ω0

s,

Ts · n = Tf · n+ (1− α)
(
T n

s · n− T n
f · n

)
on Σ0;

3. Update w =
η − ηn

∆t

∣∣∣∣
Σ0

.

2.2 Stability of the LC-DN-α scheme

In this section, we report the main stability property of Algorithm 1 obtained in Renzi and Vergara (2026b).
In particular, the following result was obtained for the same benchmark problem described in Causin et al.
(2005); Gigante and Vergara (2021); Renzi and Vergara (2026b), where the fluid domain consists of a fixed
two-dimensional rectangular grid and the structure domain is a one-dimensional membrane with thickness
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Hs. Moreover, the fluid is modelled as a linear, incompressible, and inviscid fluid, and the structure through
a 1D independent rings model (Ma et al., 1992; Quarteroni et al., 2000). Finally, the structure displacement
is assumed to occur only in the direction normal to the interface.

Theorem 1 The LC-DN-α scheme is unconditionally absolute stable if

0 < α < α∗ =
2ρsHs

ρsHs + ρfµmax
. (1)

where µmax is the maximum eigenvalue of the added mass operator (Causin et al., 2005; Gigante and Vergara,
2021).

The main contribution of introducing the parameter α is to overcome the instability of the classical DN
scheme (recovered with setting α = 1) in the presence of large added-mass. Indeed, when ρsHs < ρfµmax,
the critical value defined in Theorem 1 satisfies α∗ < 1, implying that the standard choice α= 1 is unstable,
consistently with the results of Causin et al. (2005). However, selecting a sufficiently small value of α restores
unconditional absolute stability.

While this theoretical analysis provides stability bounds for α in the benchmark problem and the numerical
results presented in Renzi and Vergara (2026b,a) highlighted the effectiveness of such theoretical results even
with more complex fluid and structure operators, it does not yield a practical criterion for selecting the
optimal value of α for a given FSI configuration. Yet, the performance of the LC-DN-α scheme critically
depends on this choice (Renzi and Vergara, 2026a). Moreover, Theorem 1 shows that α is not a universal
parameter, being dependent on the physical characteristics of the FSI problem (e.g., fluid and structural
densities). This dependence, already evident in the benchmark setting, is expected to become even more
pronounced in more complex FSI scenarios, where nonlinear effects, complex geometries, and additional
physical parameters may further affect the coupling behavior.

In summary, a proper characterization of the relationship between the problem parameters and the optimal
value of α is essential for the effective application of the LC-DN-α scheme to general FSI problems. However,
in its current state, a general model capable of describing this dependence and guiding the selection of α is
lacking. Here, we aim to overcome this limitation by proposing a data-driven framework for the automatic
estimation of α .

In the following sections, we first introduce the learning framework and then we investigate how the
main physical and numerical parameters influence the optimal choice of α , with the aim of identifying the
relevant features governing this relationship. The resulting analysis provides the foundation for developing a
data-driven model to automatically predict α in Algorithm 1.

3 The learning framework

Let d be the vector of input data related to a single FSI problem instance. In particular, d collects geometric
and configuration data (e.g., domain geometry and structural thickness), physical data (e.g., fluid and solid
densities, viscosity, and Lamé parameters), and numerical discretization data (e.g., mesh size and time-step
size). We expect that these data influence the mechanics of the FS coupling, and in turn, the optimal choice
of the stabilization parameter α .

For a given d, we consider two formulations of the FSI problem: the monolithic formulation and the
one based on the LC-DN-α scheme (Algorithm 1). We denote the monolithic formulation by PM(d), which
represents the algebraic problem resulting from the discretization of the fully coupled FSI problem:

PM : d 7→ {yn
M(d)}Nd

n=0,
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where yM is the solution vector collecting the discrete unknowns (fluid velocity and pressure, fluid domain and
structure displacements) of the monolithic problem at the discrete time instant n, with n = 0, . . . Nd = T/∆t,
T the simulation interval, and ∆t the time-step size.

Equivalently, we denote the LC formulation by PLC(d, α), which represents the algebraic problem resulting
from the discretization of the partitioned FSI problem:

PLC : (d, α) 7→ {yn
LC(d, α)}

Nd
n=0,

with solution yLC, which depends also on the parameter α of the LC-DN-α scheme (Renzi and Vergara,
2026a).

For each problem instance defined by d, the monolithic solution yM(d) is taken as the reference. The
objective is to identify the value of α that ensures the stability of the LC scheme and provides the most
accurate approximation of yM(d). Accordingly, we define the optimal stabilization parameter as

α∗(d) = argmin
α∈I

{
max
n

∥yn
M(d)− yn

LC(d, α)∥
2
}
, (2)

where I denotes the set of stable values of α for the considered problem instance, and ∥ · ∥ is a suitable norm,
such as the H1 norm.

Regardless of the optimization method used to solve (2), computing α∗(d) requires multiple solutions of
the LC-DN-α scheme for a given d. Thus, we aim to approximate the mapping from the problem-instance
parameters to the optimal stabilization parameter,

A(d) : d 7→ α∗(d),

using machine-learning methods. Specifically, we introduce a feed-forward neural network

fθ : d 7→ α̂,

where θ denotes the trainable parameters of the network (weights and biases) and α̂ is the estimated stabi-
lization parameter.

The training dataset is generated in an offline phase, where for each problem instance di the monolithic
formulation is first solved to obtain the reference solution {yn

M,i}
Nd
n=0. Then, the LC-DN-α problem is solved

for a set of candidate αij , with each value yielding a corresponding {yn
LC,i(di, αij)}Nd

n=0. Then, for each di, the
subset Ii of stable αij is retained, and the optimal value associated with di is computed as in (2). This offline
procedure leads to the supervised learning dataset D = {(di, α

∗
i )}Ni=1, where N is the number of instances.

In general, we expect that not all the geometric, physical, and numerical data included in d have the same
influence on α∗. Additionally, since a neural network’s performance strongly depends on the choice of input
features used to represent the problem instance, it is important to identify an effective input representation
for the learning model, avoiding redundancies.

For these reasons, in Section 4, we present an analysis of the dependence of α∗ on the different components
of d before defining the neural network architecture. Specifically, we first introduce the baseline FSI problem
(Section 4.1) upon which we generate a dataset of problem instances by varying some physical and numerical
data, that is the structure’s Young modulus E and density ρs, the mesh size h, and ∆t, and we compute
the associated α∗ (Section 4.2). We then analyze how α∗ depends not only on the data used to generate
the problem instances dataset but also on selected descriptors that characterize the algebraic structure of
the resulting discrete FSI problem (Section 4.3). This analysis allows us to identify three candidate input
representations for the neural network dI , dII , and dIII defined as subsets of the components of the original
data vector d. Finally, we train a separate neural network fθ,k for each representation dk, with k = I, II, III,
and we compare their performance to select the best-performing model (Section 4.4), which is used for all
subsequent analyses in the remainder of the paper.
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Figure 1: Fluid and structure domains for the baseline problem.

4 Results: problem setup and neural network architecture

In this section we introduce the problem setup and the neural network architecture.

4.1 The baseline problem

For the neural network training, we consider the 2D FSI problem defined on a rectangular domain, repre-
senting a longitudinal section of a cylindrical blood vessel, as illustrated in Fig. 1. The fluid is modeled as an
incompressible Stokes flow, while the vessel wall is described as a linear elastic structure. The geometrical,
fluid, and structural parameters defining the baseline problem are summarized in Table 1.

Table 1: Geometrical, fluid, and structural parameters of the baseline FSI problem.
Parameter Symbol Value
Fluid domain length Lx 6 cm
Fluid domain height Ly 1 cm
Structure thickness Hs 0.1 cm
Fluid dynamic viscosity µ 0.035Poise
Fluid density ρf 1.0 g/cm3

Structure density ρs 1.1 g/cm3

Young’s modulus E 1.3× 106 dyne/cm2

Poisson’s ratio ν 0.3

Regarding boundary conditions, for the Stokes problem, we impose a pressure profile at the inlet Γf,in:

pin =

{
4× 104

(
1− cos

(
πt
0.05

))
dyne/cm2 t ≤ 0.1s,

0 dyne/cm2 0.1s < t < T,
(3)

homogeneous Neumann conditions, Tf · n = 0 1, at the4 outlet Γf,out, and symmetry conditions, (Tf ·
n) · t = 0 and u · n = 0, on Γf,symm. For the structure problem, we imposed null normal displacement,

1We consider here a reflecting boundary condition. An absorbing boundary condition could also be considered; however,
since the right-hand side strongly depends on both the data and time instants, the corresponding training procedure proved to
be more difficult than in the reflecting case. We nevertheless assess the effectiveness of the network in the absorbing case as
well; see Section 5.
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(Ts · n) · t = 0 and η · n = 0, on Γ0
s,in ∪ Γ0

s,out, and free stresses Ts · n = 0 on Γ0
s,up. Regarding the

numerical settings, we adopt the time discretization schemes detailed in Section 2.1, with time step ∆t, and
P1 − isoP2/P1 Finite Elements in space for the fluid and P1 for structure variables, with characteristic mesh
size h.

4.2 Generation of the learning dataset

Starting from the baseline problem, a dataset ofN FSI configurations, withN = 361, is generated by applying
controlled variations to key data that affect the stabilization behavior. In particular, we vary h,∆t, E, and ρs
within prescribed ranges, which are reported in Table 2.

Table 2: Ranges of variability of the data defining the FSI configurations employed to generate the learning
dataset.

Data Range

h (0.0625, 0.500)cm

∆t (3.125× 10−5, 1.000× 10−3)s

E (1.000× 105, 1.000× 107)dyne/cm2

ρs (0.500, 1.500)g/cm3

To ensure an approximately uniform distribution of the samples within the four-dimensional parameters’
space, we adopted an optimized Latin Hypercube Sampling strategy based on the minimization of the centered
discrepancy (McKay et al., 2000; Damblin et al., 2013).

For each sampled configuration, the corresponding optimal stabilization parameter α∗ is computed fol-
lowing the procedure described in Section 3. The simulations are carried out using a 2D Finite Element
Matlab code developed at LaBS, Dipartimento di Chimica, Materiali e Ingegneria Chimica of Politecnico di
Milano.

4.3 Input space characterization

In this section, we explore how the optimal value of the stabilization parameter α∗ depends on the data of
the FSI problems, to select the most representative set of input features for the learning model.

The candidates include both physical (i.e. ρs and E) and numerical (i.e. h and ∆t) quantities. In
addition, we consider some descriptors of the algebraic structure of the FSI matrix system, such as the
Frobenius norm of the fluid and structure matrices Af and As and their inverses, and some algebraic
descriptors of the FS interface coupling, such as the Frobenius norm of the Schur complement Σ as-
sociated with the coupled FSI system and the Frobenius norm of fluid and structure contributions of
the Schur complement, denoted as Σf and Σs, respectively. We define candidate input data the set
{ρs, E, h,∆t, ∥Af∥F , ∥A−1

f ∥F , ∥As∥F , ∥A−1
s ∥F , ∥Σ∥F , ∥Σf∥F , ∥Σs∥F }.

To qualitatively assess the relationship between the candidate input data and the optimal stabilization
parameter α , we analyze their pairwise distributions through scatter plots. Fig. 2 reports a selection of the
most representative data pairs, with each sample colored according to the corresponding value of α∗. Through
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Figure 2: Scatter plots representing the pairwise distributions of candidate input data of the FSI problems.
Each point corresponds to a specific FSI problem, and it is colored according to the corresponding optimal
value of α.

this analysis, we identify several informative pairs, which are characterized by clustered distributions and
nonlinear patterns in the values of α∗, e.g., the pairs (E, ∥Σ∥F ) and (∆t, ∥Σ∥F ). We observe that the
relationship between the data and α∗ is generally nonlinear, thus motivating the use of a nonlinear regression
model.

To further investigate the relevance and redundancy of the candidate input data, we compute the pairwise
correlations among the candidate input data (Fig. 3-left) and between each data and α∗ (Fig. 3-right). The
results reveal that the algebraic descriptors exhibit strong positive or negative correlations with α∗. However,
these quantities are also highly correlated one another and with E and ∆t. Moreover, E and ∆t show a
strong positive correlation with α∗. Surprisingly, ρs and h display only very weak correlations with α∗ and
with any other feature.

Based on these arguments, we identify three candidate input sets:

• DI = {dI,i}Ni=1, with di,I = {∆ti, Ei, ρs,i}. This input set includes the physical and numerical param-
eters that most strongly influence the value of α∗. We also added ρs as it is intrinsically related to
the added-mass mechanism and is therefore expected to be linked to α∗, although its influence is less
evident in this simplified problem.
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Figure 3: Left: Spearman correlation among the candidate input data. Right: Spearman correlation between
the candidate input data and α∗.

• DII = {dII,i}Ni=1, with di,II = {∆ti, ∥As∥F,i, ∥Af∥F,i}. In this input set, we include the Frobenius
norms of the two matrices that exhibit strong, opposite correlations with α∗. ∆t is also retained since
the scatter plots indicate an almost quadratic relationship between ∆t and α.

• DIII = {dIII,i}Ni=1, with di,III = {∆ti, Ei, ρs,i, ∥Σ∥F,i}. This third input set extends dI by including
∥Σ∥F , with the aim of providing the model with additional information about the coupling effects
governing the added-mass behavior.

Notice that, for construction, the values of ∆ti does not depend on k = I, II, III, and same holds true
for all the other input parameters.

4.4 Selection and training of the neural network model

Three feed-forward neural networks (FFNNs) were investigated to predict the stabilization parameter α∗.
The three models, denoted as fθ,I , fθ,II , and fθ,III , share the same architecture and training procedure
and differ only in the set of input data adopted to characterize the FSI problem, namely DI ,DII , and DIII ,
respectively.

For each model, the learning dataset Dk, with k = I, II, III, consists of N = 361 FSI configurations dk,i,
each associated with the corresponding optimal stabilization parameter α∗

i . The dataset is randomly divided
into a training set and a test set, containing 70% and 30% of the samples, respectively. The training set
is used to optimize the network parameters (weights and biases), whereas the test set is used to assess the
predictive capability of the trained models on unseen configurations.

All networks consist of a fully connected feed-forward architecture with a single hidden layer composed of
10 neurons. The hidden layer employs the Rectified Linear Unit (ReLU) activation function (Sharma et al.,
2017), while the output layer is linear to provide a continuous estimate of α∗. Prior to training, all input
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features are normalized in order to improve the optimization process and ensure comparable input scales.
The network parameters are optimized using the Adam optimizer (Kingma and Ba, 2014) with a learning
rate of 10−3. As an objective function to minimize during the FFNN training we adopted the Huber loss
function with parameter δ = 0.5. This function combines the sensitivity of the mean squared error to small
prediction errors with the robustness of the mean absolute error to larger prediction errors (Huber, 1992).

We train each FFNN for 2500 epochs using mini-batch gradient descent with a batch size of 32. The
convergence histories, in terms of the Huber loss, of the training and test losses are reported in Fig. 4-top for
the three models. In all cases, both losses decrease steadily and reach a stable plateau, indicating successful
convergence, and remain close to each other, indicating good generalization.

In addition, we also compare the performance of the three FFNN by considering, for the test set, the
accuracy of the resulting LC FSI solution when the predicted value of α̂ is used in the numerical solver, with
respect to the LC FSI solution obtained using the corresponding α∗. In particular, we define, for a generic
scalar discrete variable v an error measure as:

e∗v =
max0<n<Nt

h2

|Ω0
h,•|

∑
j

(
v∗,nj − v̂nj

)2

max0<n<Nt

h2

|Ω0
h,•|

∑
j

(
v∗,nj

)2 , (4)

where, Nt is the total number of time steps, |Ωh,•| with • = f, s is a measure of the fluid/structure domain,
j is the index of the degrees of freedom along the x coordinate. With v∗ we indicate the LC-DN-α solution
obtained using α∗, and v̂ is the LC-DN-α solution obtained using α̂. The overline denotes averaging along y
coordinate. Moreover, in view of the results presented in Section 5, we introduce here the error with respect
to the monolithic solution:

eMv =
max0<n<Nt

h2

|Ω0
h,•|

∑
j

(
vM,n

j − v̂nj

)2

max0<n<Nt

h2

|Ω0
h,•|

∑
j

(
vM,n

j

)2 , (5)

where vM represents the monolithic solution.
Fig. 4-bottom reports with boxplots the errors e∗v obtained, for the test set, for the x component of the

fluid velocity ux, the fluid pressure p, and the fluid domain diameter df . The large overlap of the interquartile
ranges indicates that the error distributions are of the same order of magnitude for the vast majority of the
tested FSI configurations. In summary, although fθ,I consistently achieves the lowest training/test loss and
slightly better error distributions (lowest median), all three models produce stabilization parameters that lead
to comparable solution accuracy. These results suggest that, for this baseline problem, the choice of input
features has a limited influence on the final accuracy of the LC solution. For this reason, in the remainder of
the paper, we adopt fθ,I for all the subsequent numerical experiments as this choice does not involve further
computations.

5 Results: robustness of the neural network

In this Section, we present the results of the numerical experiments performed using the value of the stabi-
lization parameter estimated by the FFNN fθ,I , with the aim of assessing its robustness with respect i) to the
test set and ii) to changes in the baseline problem. In what follows, we denote as LC-DN-α∗ and LC-DN-α̂
the LC-DN-α schemes obtained using α = α∗ and α = α̂, respectively.
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Figure 4: Top row: convergence histories of the training and test losses for the three models
fθ,I , fθ,II , and fθ,III . Bottom row: boxplots of the logarithm of the relative differences in the test set,
computed as (4), obtained with the three models. These differences are evaluated for the x component of
the fluid velocity ux, the fluid pressure p, and the fluid domain diameter dy (from left to right).
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Figure 5: Boxplots of the logarithm of the relative difference between the LC-DN-α̂ solution and the mono-
lithic solution computed as (5) for the x component of the fluid velocity ux, the fluid pressure p, and the
fluid domain diameter dy. A) Robustness with respect to the test set; B) Robustness with respect to changes
in the BP: P-outflow; C) Robustness with respect to changes in the BP: P-stenosis.

5.1 Robustness with respect to the test set

To assess the consistency of the predicted stabilization parameter α̂, we compare the LC solution obtained
with α̂ with the solution computed with a monolithic solver. The comparison is performed across all scenarios
in the test set, i.e. that were not used during the neural network’s training phase (see Section 4.4). The
monolithic solution is taken as the reference, and the difference between the two solutions is evaluated in
terms of the error measure (5). The results are reported in Fig. 5-A.

Comparing Fig. 5-A with Fig. 4-bottom row, we observe that the upper whiskers of the discrepancies
between LC-DN-α̂ solution and the monolithic solution are comparable to those of the prediction errors
associated with fθ,I (light-blue boxplots). This suggests that the largest discrepancies with respect to the
monolithic solution are not significantly affected by the network prediction, while the systematic shift in
the median, which is about one order of magnitude larger, is mainly attributable to the intrinsic difference
between the loosely-coupled formulation LC-DN-α and the monolithic solver.

This is confirmed by the results of Fig. 6, where we report a comparison of the averaged solutions over
time obtained with the three solvers (namely the monolithic, LC-DN-α∗, and LC-DN-α̂) for three different
FSI scenarios randomly selected from the test set. We observe that LC-DN-α̂ solution well approximates in
any case LC-DN-α∗ one, also in scenario (c), where the explicit solutions exhibit larger discrepancies with
respect to the monolithic one. This is also reflected in Fig. 7, showing the spatial distribution of the structure
displacement and fluid pressure across all three scenarios. Better accuracy is achieved in scenarios (a) and
(b) characterized by higher structure stiffness than scenario (c). In general, the LC solution obtained with
α̂ is close to the one obtained with the optimal value of α, for all three scenarios, thus highlighting the good
predictive capabilities of the network.

In summary, since the test set consists of unseen configurations, these findings prove the generalization
capability of the proposed model.

5.2 Robustness with respect to changes in the baseline problem

In this section, we consider the baseline problem BP reported in Section 4.1 and some modified problems,
namely P-inflow, obtained by changing the inlet condition, P-outflow, obtained by changing the outlet condi-
tion, and P-stenosis, obtained by introducing a stenosis in the original geometry. The idea, here, is to assess
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Scenario (b)
• ℎ = 0.065𝑐𝑚

• Δ𝑡 = 3.4 × 10−3𝑠

• 𝐸 = 5.74 × 106𝑑𝑦𝑛𝑒/𝑐𝑚2

•
𝜌𝑠

𝜌𝑓
= 0.93

• ො𝛼 = 0.56

• 𝛼∗ = 0.59

Scenario (c)
• ℎ = 0.112𝑐𝑚

• Δ𝑡 = 2.4 × 10−3𝑠

• 𝐸 = 3.45 × 105𝑑𝑦𝑛𝑒/𝑐𝑚2

•
𝜌𝑠

𝜌𝑓
= 0.90

• ො𝛼 = 0.09

• 𝛼∗ = 0.12

Scenario (a)

• ℎ = 0.135𝑐𝑚

• Δ𝑡 = 4.8 × 10−3𝑠

• 𝐸 = 1.14 × 106𝑑𝑦𝑛𝑒/𝑐𝑚2

•
𝜌𝑠

𝜌𝑓
= 0.77

• ො𝛼 = 0.38

• 𝛼∗ = 0.43

Figure 6: Comparison between the evolution over time of the monolithic, LC-DN-α∗, and LC-DN-α̂ solutions
(blue, orange and yellow lines, respectively) extracted at the mid-section of the domain (x = 3cm) for three
representative scenarios. The gray panels on the left show the specifics of the scenarios. From the left: the
first column shows the fluid pressure averaged along the y-direction, the second the diameter of the fluid
domain, and the third the fluid flow. Robustness with respect to the test set.
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Figure 7: Plots of the LC-DN-α̂ and the monolithic solutions extracted at two time instants, for the same
three FSI scenarios detailed in Fig. 6. For each scenario, the structure displacement along x and the fluid
pressure (top and bottom rows, respectively) are reported. Robustness with respect to the test set.
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the accuracy of the LC-FSI solution obtained with α̂, given by the network trained in BP (as described in
Section 4.4), when applied to problems P-inflow, P-outflow, and P-stenosis, i.e., without any ad-hoc training
of the network. The resulting solutions are compared with those obtained using the reference monolithic
solver.

P-inflow: robustness to inlet condition In this test, we introduce small variations to the inlet pressure
profile (3) in terms of period and amplitude of the cosine: the period is modified by approximately 20% (see
pin,1 and pin,2 in the upper-right plot of Fig. 8); the amplitude is varied by approximately 6% (see pin,3 and
pin,4 in the same plot).

Almost all the simulations lead to stable solutions (100% of the cases with pin,1, pin,2, and pin,4 and 99.8%
with pin,3). In Fig. 8, we report the differences between these LC-DN-α̂ solutions and the monolithic reference.
Although pin,1 is characterized by slightly worse performance, the error distributions are comparable across
all modified inlet conditions, with median error values consistently below 10% for ux, 16% for p, and below
0.3% for df . Hence, we do not observe a significant deterioration in the accuracy with respect to the baseline
simulations for which α̂ was estimated (black boxplot in Fig. 8).

Overall, these results indicate that moderate perturbations of the inlet pressure profile, both in amplitude
and period, do not significantly affect the accuracy of the LC-DN-α̂ solutions, suggesting that the network
prediction for BP remains effective even when the inlet flow conditions vary slightly.

P-outflow: robustness to outlet condition In this test, we replace the homogeneous Neumann condition
originally prescribed at the fluid outlet for the training of the network with an absorbing boundary condition
(Nobile and Vergara, 2008; Nobile et al., 2014) in order to reduce non-physical pressure-wave reflections
caused by the artificial truncation of the computational domain.

We find that only 44.4% of the FSI simulations remain stable, and the accuracy of the stable solutions is
appreciably worse than the baseline results as highligthed by Fig. 5-B and Fig. 5-A, respectively. Specifically,
the median of the relative errors increases up almost to 50% for ux, 30% for p, and up to 3% for df . Notice
that this behaviour is due to the use of a network trained for the reflective case in a scenario with absorbing
conditions.

The reduced effectiveness of the predicted stabilization parameter in this test can be attributed to the
modification of the fluid dynamic response induced by the new outlet condition. We conclude that, unlike
the previous test, altering pressure-wave propagation modifies the fluid-structure interaction pattern, thus
affecting the stability and accuracy properties of the partitioned scheme. Thus, new training is recommended
for the absorbing case.

P-stenosis: robustness to geometry In this test, we modify the computational geometry by introducing
a localized narrowing in the central section of the fluid domain, thereby mimicking the configuration of a
stenotic vessel. The stenosis degree is parameterized by two geometric parameters: width, w ∈ {0.4, 0.6}cm,
and depth, d ∈ {0.1, 0.3, 0.5, 0.7}cm.

As for P-inflow, stability is almost completely preserved across all geometric configurations when the
original network (trained for the non stenotic case) is used to estimate α̂; see Table 3. Fig. 5-C shows that
the median of the relative error distributions is lower than in Fig. 5-A, indicating an overall increase in the
accuracy for the LC solutions.

These results demonstrate that the predicted stabilization parameter generalizes well with respect to
geometric variation of the computational domain. Moreover, they suggest that introducing an obstruction
to the flow enhances the performance of the proposed partitioned algorithm, leading to higher accuracy
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Figure 8: Top left figure: plot of the considered pressure waveform applied as boundary condition at fluid
inlet. In the remainder: boxplots of the logarithm of the difference between the LC-DN-α̂ solution and the
monolithic solution, computed as (5), obtained for all the inlet condition variations. Robustness with respect
to changes in the BP: P-inflow.
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Scenario (a)

d = 0.7cm

w = 0.4cm

Scenario (b)

d = 0.5cm

w = 0.4cm

Figure 9: Comparison between the evolution over time of the LC-DN-α̂ and the monolithic solutions, orange
and blue lines, respectively, extracted at the mid-section of the domain (x = 3cm) for two stenotic scenarios.
The physical and numerical characteristics of the reported scenarios are detailed in Fig.6. The gray panels
on the left show the geometric parameters that define the degree of stenosis. From the left: the first column
shows the fluid pressure along the y-direction, the second the diameter of the fluid domain, and the third the
fluid flow. Robustness with respect to changes in the BP: P-stenosis.

than that obtained with the baseline problem (straight rectangle) same value of α . This could be due to a
beneficial effect of the flow restriction that somehow partially compensates for the added-mass effect.

Finally, in Figures 9 and 10, we report the computed solution at two time instants for scenarios (a) and
(b). The characteristics of these scenarios are detailed in Fig. 6, while their geometric configurations are
displayed in Fig. 11. These results confirm the above consideration regarding accuracy with respect to the
reference solution.

Table 3: Percentage of stable simulations for each combination of stenosis depth and width. Robustness with
respect to changes in the BP: P-stenosis.

d[cm]
w[cm]

0.4 0.6

0.1 100% 100%
0.3 100% 100%
0.5 97.8% 97.8%
0.7 95.6% 95.6%

6 Conclusions

In this work, we propose a framework for the automatic identification of the stabilization parameter of the
LC-DN-α scheme that exploits the capabilities of SciML.

The analysis performed in Section 4.3 highlights nonlinear relationships among the physical, numerical,
and algebraic features of the FSI problems, as well as between these features and the stabilization parameter
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Figure 10: Plots of the LC-DN-α̂ and the monolithic solutions extracted at two time instants, for the same
two FSI scenarios as in 9. For each scenario, the structure displacement along x and the fluid pressure (top
and bottom rows, respectively) are reported. Robustness with respect to changes in the BP: P-stenosis.

Scenario (a)
d = 0.7cm, w = 0.4cm

Scenario (b)
d = 0.5cm, w = 0.4cm

Figure 11: Examples of modified geometries for the scenarios (a) and (b) (top and bottom figures, respec-
tively). Robustness with respect to changes in the BP: P-stenosis.
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α, thus justifying the need for a nonlinear model to express the relationship between the problem features
and α . Based on this analysis, we also concluded that the time step ∆t, the structure Young’s modulus E,
and the structure density ρs are sufficient as input features for the neural network. The resulting model was
shown to generalize well across the considered test cases (Section 5.1) and also to provide robust parameter
estimates under moderate variations of the problem setup (Section 5.2), specifically with respect to the
loading conditions (P-inflow, Fig. 8) and computational domain (P-stenosis, Fig. 5-C). This suggest that it
is not necessary to re-train the network for these two kind of modifications. Degradation in the performance
of the network predictions is, however, observed with respect to significant changes in the outlet boundary
conditions (P-outflow, Fig. 5-B).

Nevertheless, the overall robustness demonstrated by the proposed approach is particularly encouraging
for hemodynamic applications. Indeed, as simulations become more complex and patient-specific, variations
in geometry and inlet boundary conditions are common from one patient to another. In this context, the
model’s ability to provide reliable parameter estimates represents an important achievement toward reducing
the computational demand, with the broader goal of translating patient-specific computational hemodynamics
into clinical practice.

The proposed methodology has been intentionally developed and validated for simplified FSI problems
involving Stokes flows and linear-elastic structures in 2D domains. Indeed, at this stage, this study is intended
to provide a foundation for extending it to more complex and realistic scenarios. Future developments must
shift toward Navier–Stokes equations and nonlinear constitutive models for the structure. Such extension
is not straightforward, as the relationship between the FSI problem features and the optimal stabilization
parameters may become significantly more complex than that observed in the present study. Consequently,
the current set of input features used for the network’s training (∆t, E, ρs) may no longer be sufficient to
characterize the problem’s variability, necessitating the inclusion of additional descriptors of the coupled
system. Furthermore, the extension to 3D configurations represents a necessary step toward real-world
applications and will provide a critical assessment of the general validity of the proposed approach.
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