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1 Basic Information

1.1 Venue & Logistics

The workshop will be held on the main campus of TU Braunschweig at the Okerhochhaus (Pockelsstr. 3,

38106 Braunschweig) in Room PK 3.3 (1st floor) and the catering will take place in the Seminar Room of
Institute of Applied Mechanics (IAM) (ground floor).

1.1.1 How to Get There

The venue is easily accessible from Braunschweig Main Station (Hauptbahnhof) via public transport:
= Tram (Lines 1, 2, or 10): Exit at the MiihlenpfordtstraBe stop. From there, it is a short 3-minute walk
to the pavilion.
Bus (Line 419): Exit at the PockelsstraBe stop, which is located directly near the venue entrance.
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1.2 Registration & Welcome Lunch

Please join us on the 1st floor of Pockelsstr. 3. Afterwards , we will head to the TU Canteen 1 for lunch
(KatharinenstraBe 1, 38106 Braunschweig).
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1.3 Workshop Lunch

Workshop Dinner: Join us on the evening of February 11 at Fuchs Blau (Am Magnitor 1, 38100 Braun-
schweig).

Workshop Lunch: On February 11 and 12, lunch will be served at the TU Canteen 1 (KatharinenstraBe 1,
38106 Braunschweig).

1.4 Wi-Fi Access

High-speed internet is available throughout the venue via eduroam. We recommend ensuring your credentials
are set up prior to arrival for a seamless connection.
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2 Workshop Program

Wednesday, February 11, 2026 ‘

11:30-12:00 Registration Seminar Room of Institute of Applied Mechanics (IAM)
12:00-13:00 Welcome lunch TU’s Canteen 1
13:00-13:10 Opening Seminar Room of Institute of Applied Mechanics (IAM)
Session 1 Chair: Felix Fritzen Room P.K. 3.3

13:10-13:30 Brain Riemer

Calibration of viscoelastic physics-augmented neural networks via full-field data
13:30-13:50 Karl A. Kalina

Modeling of finite strain incompressible viscoelasticity via physics-augmented neural networks
13:50-14:10 Dominik K. Klein

Neural networks meet the Mullins effect
14:10-14:30 Luis Hartmann

Consistent time discretization of thermoelastic constitutive models based on PANNs
14:30-15:00 Coffee break Seminar Room of Institute of Applied Mechanics (IAM)
Session 2 Chair: Jorge Urrea-Quintero Room P.K. 3.3
15:00-15:20 Felix Fritzen

Tunable Kernel Methods for Applications in Computational Mechanics and comparison to
ANNs

15:20-15:40 Lukas Maurer
Physics-Augmented Neural Networks for Incompressible Hyperelasticity: A Comparative Study
15:40-16:00 Jasper O. Schommartz

Physics-augmented neural networks for efficient surrogate constitutive modeling in hy-
perelastic shells

16:00-16:20 Valeh Talebsafa

Implementation of Hyperelastic Neural Network Constitutive Models in Abaqus
16:20-16:50 Coffee break Seminar Room of Institute of Applied Mechanics (IAM)
Session 3 Chair: David Anton Room P.K. 3.3
16:50-17:10 Moritz Flaschel

Material Fingerprinting
17:10-17:30 Heinrich T. Roth

Microstructure-driven effective behavior of structured magnetorheological elastomers
17:30-17:55 Discussion
19:00-23:00 Workshop dinner Fuchs Blau




14th Workshop GAMM AG Data, February 11/12, 2026

Thursday, February 12, 2026

Session 4 Chair: Benjamin Klusemann Room P.K. 3.3
09:00-09:20 Ali R. Safi

Learning structure-property relationships in polycrystalline materials via graph neural networks
09:20-09:40 Matti Schneider

Fourier Neural Operators as universal approximators in micromechanics
09:40-10:00 Hamidreza Eivazi

Physics-informed learning of the solution operator of three-dimensional microstructures
10:00-10:20 Julius Herb

Accelerating Conjugate Gradient Solvers for Homogenization Problems with Unitary Neural Ope-

rators
10:20-10:50 Coffee break Seminar Room of Institute of Applied Mechanics (IAM)
Session 5 Chair: Hamidreza Eivazi Room P.K. 3.3

10:50-11:10 Max Rosenkranz
Inverse Design Of Non-Linear Elastic Spinodoid Metamaterials
11:10-11:30 Hooman Danesh

Bayesian-Guided Inverse Design of Hyperelastic Microstructures: Application to Stochastic Me-
tamaterials

11:30-11:50 Tanmay Chitnis

Relating Stochastic Microstructural Geometric Imperfections to Effective Quantities’ Uncertainty
11:50-12:10 Valentin Wiirz

Context-Aware Deep Reinforcement Learning for Adaptive Material Topology Optimization
12:10-13:10 Lunch TU's Canteen 1
Session 6 Chair: Hooman Danesh Room P.K. 3.3
13:10-13:30 Claudius Haag

Reproducible Software at DAE
13:30-13:50 Tim Sentler

Reducing the systematic error of the RVE method for random composites via subsampling
13:50-14:10 Lena Scholz

Real-time interactive exploration of diffusion mechanisms in solid electrolytes
14:10-14:20 Closing
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3 Speakers

= Tanmay Chitnis, Institute of Applied Mechanics Data Analytics in Engineering, University of Stuttgart,
chitnis@mib.uni-stuttgart.de

= Moritz Flaschel, Institute of Applied Mechanics, FAU Erlangen, moritz.flaschel@fau.de

» Felix Fritzen, Institute of Applied Mechanics Data Analytics in Engineering, University of Stuttgart,
fritzen@mib.uni-stuttgart.de

= Claudius Haag, Institute for Mechanics CE, University of Stuttgart, claudius.haag@mib.uni-stuttgart.de
= Luis Hartmann, Institute of Mechanics, Karlsruhe Institute of Technology, luis.hartmann@kit.edu

= Julius Herb, Institute of Applied Mechanics Data Analytics in Engineering, University of Stuttgart,
herb@mib.uni-stuttgart.de

= Karl A. Kalina, Institute of Solid Mechanics, TU Dresden, karl.kalina@tu-dresden.de

= Dominik K. Kilein, Cyber-Physical Simulation, Technical University of Darmstadt, klein@cps.tu-
darmstadt.de

= Lukas Maurer, Professur fiir Numerische Mechanik, Otto-von-Guericke-Universitit Magdeburg,
lukas.maurer@ovgu.de

= B. M. Riemer, Institute of Materials Chemistry, IFW Dresden, b.m.riemer@ifw-dresden.de

= Max Rosenkranz, Chair of Scientific Computing for Systems Biology, TU Dresden, max.rosenkranz@tu-
dresden.de

= Heinrich T. Roth, Institute of Solid Mechanics, TU Dresden, heinrich.roth@tu-dresden.de
= Ali R. Safi, Institute of Material and Process Design, Helmholtz-Zentrum Hereon, ali.safi@hereon.de

= Matti Schneider, Institute of Engineering Mathematics, University of Duisburg-Essen, matti.schnei-
der@uni-due.de

= Jasper O. Schommartz, Institute Cyber-Physical Simulation, Technical University of Darmstadt, schom-
martz@cps.tu-darmstadt.de

= Lena Scholz, Institute of Applied Mechanics (Data Analytics in Engineering), University of Stuttgart,
scholz@mib.uni-stuttgart.de

= Tim Sentler, Institute of Engineering Mathematics, University of Duisburg-Essen, tim.sentler@uni-due.de

= Valeh Talebsafa, Cyber-Physical Simulation, Department of Mechanical Engineering, Technical University
of Darmstadt, talebsafa@cps.tu-darmstadt.de

= Valentin Wiirz, Institute of Materials Resource Management, Augsburg University, valentin.wuerzQuni-
a.de

= Hooman Danesh, Institute of Applied Mechanics, Division Data-Driven Modeling of Mechanical Systems,
Technische Universitat Braunschweig, hooman.danesh@tu-braunschweig.de

= Hamidreza Eivazi, Institute of Applied Mechanics, Division Data-Driven Modeling of Mechanical Sys-
tems, Technische Universitdt Braunschweig, hamidreza.eivazi-kourabbaslou®@tu-braunschweig.de
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4 Abstracts

4.1 Calibration of viscoelastic physics-augmented neural networks via full-field data

B. M. Riemer!2, K. A. Kalina2, M. Kastner?

L. Institute of Materials Chemistry, IFW Dresden, 01062 Dresden, Germany; mail: b.m.riemer@ifw-dresden.de
2: Institute of Solid Mechanics, TU Dresden, 01062 Dresden, Germany;

In this contribution, we propose an unsupervised learning approach [1] for calibrating a material model, repre-
sented by a physics-augmented neural network (PANN) [1, 3, 3], for small-strain viscoelasticity. By considering
a thin specimen subjected to a plane stress state, a special case of the virtual fields method, the equilibrium
gap method, is used to formulate a constrained optimization problem. Furthermore, to rely exclusively on
directly measurable experimental data, the optimization problem is formulated in such a way that the calibra-
tion requires only two-dimensional surface displacement data as well as global forces applied at the specimen
boundaries. To capture a broad range of viscoelastic material behavior, we employ a flexible PANN model
based on the theory of generalized standard materials (GSMs) [3]. Thermodynamic consistency, objectivity
and material symmetry are ensured by construction through the use of fully input convex neural networks
(FICNNSs) as well as invariant-based formulations of the Helmholtz free energy and the dual dissipation po-
tential alongside further physical constraints. The evolution of the internal variables is captured using either
explicit or implicit time integration schemes. By leveraging a powerful gradient-based optimizer paired with
state-of-the-art automatic-differentiation, the proposed PANN model is effectively calibrated from synthetically
generated training data. To further narrow the gap between ideal synthetic data and real experimental data,
artificial noise is imposed on the synthetic training data. For both ideal and noisy training data, the calibrated
PANN model demonstrates excellent prediction behavior.

References

[1] P. Thakolkaran, A. Joshi, Y. Zheng, M. Flaschel, L. De Lorenzis, S. Kumar [2022]: “NN-Euclid: Deep-
learning hyperelasticity without stress data”, Journal of the Mechanics and Physics of Solids 169

[2] L. Linden, D. K. Klein, K. A. Kalina, J. Brummund, O. Weeger, M. Kastner [2023]: “Neural networks
meet hyperelasticity: A guide to enforcing physics”, Journal of the Mechanics and Physics of Solids 179

[3] M. Rosenkranz, K. A. Kalina, J. Brummund, W. Sun, M. Kastner [2024]: “Viscoelasticity with physics-
augmented neural networks: model formulation and training methods without prescribed internal varia-
bles”, Computational mechanics 74

[4] K. A. Kalina, J. Brummund, M. Kastner [2025]: “A physics-augmented neural network framework for finite
strain incompressible viscoelasticity”, Preprint, https://doi.org/10.48550/arXiv.2511.02959
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4.2 Modeling of finite strain incompressible viscoelasticity via physics-augmented
neural networks

Karl A. Kalinal, J. Brummund!, M. Kastner!

L Institute of Solid Mechanics, TU Dresden, 01062 Dresden, Germany; mail: karl.kalina@tu-dresden.de

The formulation and calibration of constitutive models is still a challenging task for materials which exhibit
complex nonlinear elastic or inelastic behavior. For this reason, data-driven methods and in particular the use
of neural networks (NNs) have become increasingly popular recently.

In this contribution, we propose a physics-augmented neural network (PANN) [1,2,3] framework for finite
strain incompressible viscoelasticity within the generalized standard materials theory. The formulation is based
on the multiplicative decomposition of the deformation gradient and enforces unimodularity of the inelastic
deformation part throughout the evolution. Invariant-based representations of the free energy and the dual
dissipation potential by monotonic and fully input-convex neural networks ensure thermodynamic consistency,
objectivity, and material symmetry by construction. The evolution of the internal variables during training is
handled by solving the evolution equations using an implicit exponential time integrator. In addition, a trainable
gate layer [2] combined with £, regularization automatically identifies the required number of internal variables
during training. The PANN is calibrated with synthetic and experimental data, showing excellent agreement
for a wide range of deformation rates and different load paths. We also show that the proposed model achieves
excellent interpolation as well as plausible and accurate extrapolation behaviors. In addition, we demonstrate
consistency of the PANN with linear viscoelasticity by linearization of the full model.

References

[1] L. Linden, D. K. Klein, K. A. Kalina, J. Brummund, O. Weeger, M. Kéastner [2023]: “Neural networks
meet hyperelasticity: A guide to enforcing physics”, Journal of the Mechanics and Physics of Solids 179

[2] K. A.Kalina, J. Brummund, W. Sun, M. Kastner [2025]: “Neural networks meet anisotropic hyperelasticity:
A framework based on generalized structure tensors and isotropic tensor functions”, Computer Methods
in Applied Mechanics and Engineering 437

[3] K. A. Kalina, J. Brummund, M. Kastner [2025]: “A physics-augmented neural network framework for finite
strain incompressible viscoelasticity”, Preprint, https://doi.org/10.48550/arXiv.2511.02959
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4.3 Neural networks meet the Mullins effect

D. K. Klein, J. Fey, O. Weeger

Cyber-Physical Simulation, Technical University of Darmstadt, 64293 Darmstadt, Germany; mail:
klein@cps.tu-darmstadt.de

We formulate physics-augmented neural network (PANN)-based constitutive models for Mullins softening ma-
terial behavior. This enables the constitutive modeling of soft rubbers, polymers, composites and metamaterials
with stress-softening or damage in cyclic loading. The pseudo-elastic approach [1] is based on an isotropic
hyperelastic PANN model [2] which is complemented by a damage function to model softening. The damage
function is based on feed-forward neural networks, for which we investigate the influence of different monoto-
nicity and convexity constraints. We furthermore consider parametric dependencies of the material behavior.
With this PANN architecture, a physically sound behavior of the damage factor and the thermodynamic con-
sistency of the model are ensured. We apply the PANN model to multiaxial, cyclic experimental data of an
EPDM material synthesised with different amounts of sulphur contents [3]. The PANN model shows an ex-
cellent performance both in representing the ground truth material behavior and in nonlinear finite element
analysis.

References

[1] R. W. Ogden, D. G. Roxburgh [1988]: "A pseudo-elastic model for the Mullins effect in filled rubber”,
Proceedings of the Royal Society of London. Series A 455, 2861-2877

[2] L. Linden, D. K. Klein, K. A. Kalina, J. Brummund, O. Weeger, M. Kastner [2023]: “Neural networks meet
hyperelasticity: A guide to enforcing physics” Journal of the Mechanics and Physics of Solids 179:105363

[3] J. Plagge, M. Klippel [2017]: “A physically based model of stress softening and hysteresis of filled rubber
including rate- and temperature dependency” International Journal of Plasticity 89

11
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4.4 Consistent time discretization of thermoelastic constitutive models based on
physics-augmented neural networks

L. Hartmann!, D. Klein2, M. Franke3, P. Betsch*

1. Institute of Mechanics, Karlsruhe Institute of Technology, 76131 Karlsruhe, Germany; mail: luis.hart-

mannQ@kit.edu

2. Cyber-Physical Simulation Group & Graduate School of Computational Engineering, Department of
Mechanical Engineering & Centre for Computational Engineering, TU Darmstadt, 64293 Darmstadt,
Germany; mail: klein@cps.tu-darmstadt.de

3. Institute of Mechanics, Karlsruhe Institute of Technology, 76131 Karlsruhe, Germany; mail: marlon.fran-
ke@kit.edu

4. Institute of Mechanics, Karlsruhe Institute of Technology, 76131 Karlsruhe, Germany; mail: pe-
ter.betsch@kit.edu

In the present work a physics-augmented neural network is developed that serves as a thermomechanical
constitutive model within a finite element code and fulfills relevant mechanical requirements of hyperelasticity
by design [1]. For the consistent time discretization of the nonlinear material behavior, an energymomentum
scheme for dynamic simulations is proposed, as introduced for the purely mechanical case in [2], and specifically
tailored to the present thermomechanical constitutive model. Synthetic data is used to train the neural network.
Various network architectures and calibration strategies are analyzed and compared. Subsequently, both the
neural network model and the conventional model are implemented into a finite element code. In addition
to the newly developed energy-momentum scheme, the classical midpoint discretization is implemented for
comparison. The more complex derivatives of the neural network compared to conventional models are explicitly
taken into account. The dynamic simulations show that the energy-momentum scheme is superior to the
classical midpoint discretization in terms of numerical stability. Furthermore, it is confirmed that the neural
network is able to reliably learn and reproduce the behavior of the conventional constitutive model. This
demonstrates that neural networks are essentially nothing more than mathematical functions and can thus be
used in numerical methods in the same way as conventional material models.

References

[1] L. Linden, D. Klein, K. A. Kalina, J. Brummund, O. Weeger, M. Kaster [2023]: “Neural networks meet
hyperelasticity: A guide to enforcing physics”, Journal of the Mechanics and Physics of Solids 179

. Franke, D. Klein, O. Weeger, P. Betsc : vanced discretization techniques for hyperelastic
2] M. Franke, D. KI 0. W P. Betsch [2023]: “Ad dd h for h |
physics-augmented neural networks”, Computer Methods in Applied Mechanics and Engineering 416

12
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4.5 Tunable Kernel Methods for Applications in Computational Mechanics and
comparison to ANNs

F. Fritzen?, !

L Institute of Applied Mechanics — Data Analytics in Engineering, University of Stuttgart, 70569 Stuttgart,
Germany; mail: fritzen@mib.uni-stuttgart.de

The use of kernel interpolation and kernel (ridge) regression is now somewhat established. In fact, a glance at
today's literature might suggest that Artificial Neural Networks (in all their forms) have surpassed kernel me-
thods by a significant margin. However, my personal opinion is quite different: Kernel methods have appealing
features that render them superior to ANNs in some regards. For instance, a combination of splines, energy
optimal support points, and kernel regression on the unit sphere BP~! (D = 6) proved to be extremely data
economic and accurate by design [1,2].

Such features will be presented in this talk, and a relation to computational mechanics and materials design
will be sketched. A key aspect is the training of kernel methods that differs considerably from ANN-based
models. Furthermore, kernel methods can be integrated into popular machine learning frameworks, such as
PyTorch, JAX, or TensorFlow.

In contrast to the usual strategy of showing only things that work flawlessly, some results will be presented
to highlight certain pitfalls that one should avoid. A simple jupyter notebook will be made available and
showcased to illustrate some of the mentioned aspects. Lastly, an application to materials design will be shown.

References

[1] F. Fritzen, O. Kunc [2018]: “Two-stage data-driven homogenization for nonlinear solids using a reduced
order model”, European Journal of Mechanics A / Solids 69

[2] O. Kunc, F. Fritzen [2019]: “Generation of energy-minimizing point sets on spheres and their application
in mesh-free interpolation and differentiation”, Advances in Computational Mathematics 45

13
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4.6 Physics-Augmented Neural Networks for Incompressible Hyperelasticity: A
Comparative Study

L. Maurer!, F. DammaRB?, K. Kalina?, S. Eisentrégerl, D. Juhrel
1 Professur fiir Numerische Mechanik, Otto-von-Guericke-Universitit Magdeburg, 39104 Magdeburg,
Germany; mail: lukas.maurer@ovgu.de

2. Professur fiir Numerische und Experimentelle Festkorpermechanik, Technische Universitat Dresden, 01062

Dresden, Germany;

Accurate constitutive modeling is essential for modern engineering simulations. Rubber-like materials pose a
particular challenge because of their strongly nonlinear material behavior, resulting in complex stressstrain
relationships [1]. Physics-augmented neural networks (PANNs) have recently emerged as a promising frame-
work that combines modeling flexibility with strict enforcement of physical laws [2]. However, the (nearly)
incompressible behavior of elastomers substantially increases the complexity of both their formulation and nu-
merical implementation. Despite its potential benefits, formulating a physically consistent yet easily applicable
PANN-based approach for modeling nearly incompressible materials within a finite element framework remains
an open challenge.

In this paper, we propose a modified PANN formulation for nearly incompressible hyperelasticity, obtained by
augmenting an existing PANN framework [3] with an additional volumetric term, which allows for straightfor-
ward implementation in numerical discretization schemes. We compare different modeling strategies for fully
incompressible and nearly incompressible formulations and highlight their respective advantages. Importantly,
the proposed approach covers the entire range of material behavior, from a fully compressible to fully incom-
pressible one, while relaxing the strict incompressibility constraint. This eliminates the need for mixed u-p finite
elements in practical simulations.

We also discuss how our models are fitted to experimental data and highlight the essential role of deformation
gradient splitting in ensuring a physically consistent definition of hydrostatic pressure. The presented frame-
work simplifies both parameter identification and implementation and enables the automatic integration of
hyperelastic materials without the need for a special numerical treatment of incompressibility constraints.

References

[1] S. Eisentrager, L. Maurer, D. Juhre, H. Altenbach, J. Eisentrager [2025]: “Implementation of isotropic
hyperelastic material models: a template approach”, Acta Mechanica 236

[2] L. Linden, D. K. Klein, K. A. Kalina, J. Brummund, O. Weeger, M. Kastner [2023]: “Neural networks
meet hyperelasticity: A guide to enforcing physics”, Journal of the Mechanics and Physics of Solids 179

[3] F. DammaB, K. A. Kalina, M. Kastner [2025]: “Neural networks meet phase-field: a hybrid fracture model”,
Computer Methods in Applied Mechanics and Engineering 440

14



14th Workshop GAMM AG Data, February 11/12, 2026

4.7 Physics-augmented neural networks for efficient surrogate constitutive mode-
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Multiscale finite element schemes enable the incorporation of arbitrary microstructures into the MindlinReissner
shell theory [2]. However, the FE? approach drastically increases computational cost in the finite-strain case,
undermining the main benefit of using shell formulations. To address this, neural network (NN)-based surrogate
constitutive models can be employed for efficient sequential multiscale shell simulations [1].

In the present work, we formulate a thermodynamically consistent version of such NN-based constitutive
models, focusing on hyperelasticity. In analogy to beams [3], a feed-forward NN is used to model the strain
energy per unit area as a function of shell membrane strains, curvatures, and transverse shear strains. The NN
potential is complemented by two terms that ensure stress and energy normalization. Finally, we employ the
scaling law for hyperelastic shells in the NN model formulation, enabling accurate representation of a wide
range of shell thicknesses without requiring additional training data. We validate the model using data from
homogeneous and inhomogeneous shell representative volume elements.

References

[1] J. Geiger, W. Wagner, S. Freitag [2025]: “Multiscale modeling of viscoelastic shell structures with artificial
neural networks”, Computational Mechanics 76

[2] F. Gruttmann, W. Wagner [2024]: “A FE2 shell model with periodic boundary conditions for thin and
thick shells”, International Journal for Numerical Methods in Engineering 125

[3] J. O. Schommartz, D. K. Klein, J. C. Alzate Cobo, O. Weeger [2025]: “Physics-augmented neural net-
works for constitutive modeling of hyperelastic geometrically exact beams”, Computer Methods in Applied
Mechanics and Engineering 435

15



14th Workshop GAMM AG Data, February 11/12, 2026

4.8 Implementation of Hyperelastic Neural Network Constitutive Models in Aba-
qus

V. Talebsafa, D. K. Klein, M. Shojaee, O. Weeger,

Cyber-Physical Simulation, Department of Mechanical Engineering, Technical University of Darmstadt,
Germany;
mail: talebsafa@cps.tu-darmstadt.de

We present an implementation framework for embedding physics-augmented neural network (PANN)-based
hyperelastic constitutive models in the Abaqus finite element environment. A UHYPER user subroutine is
developed for isotropic hyperelasticity based on the PANN constitutive model proposed by [1,2]. An automation
framework is introduced to generate Fortran UHYPER subroutines directly from trained NN weights and
biases, ensuring consistent implementation of strain energy functions and the derivatives. The UHYPER-PANN
implementation shows excellent agreement with conventional UHYPER-Mooney-Rivlin model for both simple
loading cases and complex three-dimensional geometries. We extend the approach to anisotropic materials by
developing UMAT user subroutines for PANNs for transversely isotropic hyperelasticity. The trained networks
are integrated into a dedicated UMAT user subroutine, demonstrating the framework's extensibility to complex
material behaviors. This work addresses the practical challenge of transferring physically constrained NN
models from training environments into reliable large-scale finite element simulations, providing a unified and
automated implementation framework for NN-based constitutive modeling in Abaqus that bridges machine
learning training frameworks with industrial finite element software.
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We propose Material Fingerprinting [1,2], a new method for the rapid discovery of mechanical material mo-
dels from direct or indirect data that avoids solving potentially non-convex optimization problems. The core
assumption of Material Fingerprinting is that each material exhibits a unique response when subjected to
a standardized experimental setup. We can interpret this response as the materials fingerprint, essentially a
unique identifier that encodes all pertinent information about the materials mechanical characteristics. Con-
sequently, once we have established a database containing fingerprints and their corresponding mechanical
models during an offline phase, we can rapidly characterize an unseen material in an online phase. This is
accomplished by measuring its fingerprint and employing a pattern recognition algorithm to identify the best
matching fingerprint in the database. We validate the method using numerical and experimental supervised
data, including stress-strain data pairs, as well as numerical and experimental unsupervised data, consisting of
global force and local displacement measurements.
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Magnetorheological elastomers (MREs) are composite materials composed of an elastomeric matrix and ma-
gnetizable particles. They exhibit complex magneto-mechanical phenomena, such as magnetostriction and the
magnetorheological effect. When a magnetic field is applied during curing, the particles assemble into chain-like
microstructures, resulting in a structured MRE.

In this work, we investigate how the microstructure influences the effective properties of the MRE. To this end,
magneto-mechanical loadings are applied to a representative volume element (RVE). The resulting microscopic
boundary value problem is solved and homogenized to obtain the macroscopic response [1]. First, we compare
the effective behavior of several microstructures obtained from process simulations with identical process para-
meters but different initial particle configurations. Subsequently, these microstructures are reconstructed using
analytical descriptors [2]. Finally, the effective properties of the reconstructed microstructures are evaluated
and compared to those of the reference microstructures.
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Polycrystalline materials exhibit complex macroscopic behaviors governed by the collective interactions of
individual grains. While crystal plasticity (CP) frameworks effectively capture these dependencies, their high
computational cost restricts their utility in extensive parametric studies that are essential for establishing
structure-property linkages. To overcome this bottleneck, this work employs an efficient, data-driven surrogate
model based on Graph Neural Networks (GNNs).

Unlike grid-based machine learning methods, such as convolutional neural networks, that suffer from resolution-
dependent scaling, GNNs naturally represent polycrystals as graphs [1]. Here, grains are described as nodes
connected by edges, allowing to encode spatial heterogeneity and topological connectivity. By embedding
physical attributes, such as crystallographic orientation, grain size, and aspect ratios, into node features,
the GNN employs message-passing layers to aggregate local neighborhood information [2] and predict global
properties.

A comprehensive synthetic dataset of microstructure volume elements (MVEs), exhibiting diverse textures and
morphologies, was generated and subjected to CP simulations under different loading conditions. The GNN
was trained on this data to predict the homogenized stress-strain response with high fidelity. Furthermore, the
surrogate model was integrated with Bayesian optimization to inversely design microstructures that maximize
specific mechanical response. The proposed framework demonstrates that GNN surrogates can successfully be
used to accelerate the exploration of vast design spaces and facilitate rapid materials optimization.
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Recently, neural operators [1] were introduced to augment machine-learning frameworks to handle function
input independent of specific discretizations. Of principal interest here are the approximation capabilities of
such operators, i.e., whether a specific neural-operator architecture is able to learn a pre-defined operator.
Fourier neural operators [2] were applied to unit-cell problems in homogenization [3]. The talk at hand discusses
an approximation result for such FNOs: They can learn the mapping from the local stiffness field to the
displacement fluctuation uniformly for materials with finite material contrast [4].
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Learning solution operators for microstructural problems is of central importance in multiscale simulations,
where microscale physics can be replaced by surrogate models to reduce computational cost. In this work, we
extend the Equilibrium Neural Operator (EquiNO) [1] as a physics-informed PDE surrogate for predicting three-
dimensional displacement and stress fields. The proposed framework is tailored to multiscale FE? computations
and combines concepts from reduced-order modeling and physics-informed operator learning to achieve efficient
and accurate surrogates. By construction, EquiNO satisfies the balance of linear momentum by projecting
the solution onto a set of divergence-free basis functions obtained via proper orthogonal decomposition.
Furthermore, the computational cost of training is significantly reduced by selecting a set of so-called magic
points using the discrete empirical interpolation method [2], enabling the model to be trained only on a small
number of spatial locations. The method is applied to quasi-static solid mechanics problems. Numerical results
demonstrate that the proposed approach can be trained efficiently and delivers accurate predictions even when
trained on small datasets.
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Accurate and efficient solvers for parametric partial differential equations (PDEs) play a central role in com-
putational mechanics, especially in applications involving composites and architectured materials. Designing
such materials and predicting their behavior in practical applications requires solving a large number of ho-
mogenization problems for varying microstructures and material parameters. While classical numerical solvers
offer reliable and accurate solutions supported by a solid theoretical foundation, their high computational costs
and slow convergence remain limiting factors. In recent years, neural operators [1] are emerging as a powerful
tool for predicting the solution of parametric PDEs. However, purely data-driven surrogate models typically
lack accuracy guarantees. This motivates the development of hybrid approaches that retain the convergence
guarantees of classical algorithms while exploiting data-driven components to improve efficiency.

In this talk, we present UNO-CG [2], a hybrid solver that accelerates the Conjugate Gradient method by incor-
porating Unitary Neural Operators (UNOs) as machine-learned preconditioners. UNOs are a modification of
Fourier Neural Operators [3] and specifically designed to be admissible within CG, i.e., maintaining guaranteed
solver convergence. They can be interpreted as learning numerical Greens functions, providing a data-driven
analogue to expert-designed preconditioners such as Fourier-accelerated methods [4, 5], yet applicable beyond
periodic boundary conditions to which FFT-based solvers are usually restricted. We demonstrate the perfor-
mance of UNO-CG on large-scale homogenization problems. Our results show a substantial reduction in CG
iterations and competitive performance compared to expert-designed preconditioners. In addition, we discuss
efficient training strategies requiring only few data samples and outline extensions of the approach to further
problem formulations.
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We present a data-efficient method to identify architected materials of spinodoid type with tailored linear
viscoelastic behavior. Architected materials allow the tuning of macroscopic properties through the adjust-
ment of the structure on the mesoscale. This freedom in design naturally raises the question: How can we
systematically find structures that match given requirements? In this contribution, we focus on a specific type
of mesostructures, referred to as spinodoid structures [1] and linear viscoelastic material behavior.

For this purpose, a constitutive model for the effective behavior of the architected material is proposed. It
comes in the form of a relaxation function. The parameters of the effective relaxation function depend on
the mesostructure descriptors through a neural network. In order to account for the spectrum of relaxation
times present in the effective behavior of the structure, methods from fractional calculus are employed [2]. By
transforming the strain-stress relationship into the Laplace domain, the data required for calibrating the model
can be generated solely from linear-elastic homogenizations. The use of an FFT solver for homogenization [3]
makes data generation even more efficient. Given the calibrated, differentiable surrogate model and certain
target properties, inverse design is then interpreted as a minimization task with respect to the mesostructure
descriptors, that can be solved efficiently using standard optimization methods. The framework is validated by
means of exemplary inverse design tasks.
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Property-driven inverse design of hyperelastic microstructures is of great importance for engineering applicati-
ons, as it enables the development of materials that achieve desired mechanical responses under diverse loading
conditions. However, the high computational and experimental cost of forward evaluations significantly limits
the feasibility of inverse design strategies, especially in the presence of non-linear material behavior. Data-
driven surrogate models offer an efficient alternative [1], but typically require large amounts of labeled data,
which are again time- and resource-intensive to obtain. In this context, Bayesian approaches provide a pow-
erful framework by enabling uncertainty-aware surrogate modeling through active learning, thereby minimizing
the required number of labeled samples [2]. Moreover, inverse design problems often involve vast and diverse
design spaces for which direct geometric parameterization is impractical. As a result, compact low-dimensional
representations of microstructures become essential to efficiently explore the design space using a limited set
of meaningful descriptors [2]. In this work, we propose a unified inverse design pipeline consisting of three
main steps: (1) low-dimensional representation of microstructures using two-point statistical correlations com-
bined with principal component analysis (PCA); (2) construction of a multi-output Gaussian Process surrogate
model to infer effective hyperelastic strain energy functions from standard mechanical experiments, enhanced
by uncertainty-based active learning to reduce data requirements; and (3) an uncertainty-aware brute-force
inverse design strategy to identify candidate microstructures whose responses are closest to a prescribed target
behavior. The proposed framework is demonstrated through the inverse design of stochastic metamaterial films
exhibiting orthotropic effective hyperelastic responses.
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Additive manufacturing (AM) facilitates the creation of materials with tailored microstructures (MS). However,
the AM process inevitably introduces stochastic geometric imperfections, such as surface waviness, which alter
the material’s linear and non-linear effective constitutive response [1][2]. Quantifying this inherent stochasticity
is the aim of our work. We therefore present a data-driven framework that leverages computationally efficient
reduced-order models (ROMs) to predict the distribution of effective responses (e.g., stresses) as a function
of a compact set of MS descriptors that characterize these imperfections.

We employ a snapshot POD-based ROM constructed from full-field small-strain solutions computed with our
in-house FFT-based iterative solver (FANS [3]) on structured voxel meshes; the ROM is built on a pristine,
as-designed two-phase composite. To emulate stochastic geometric imperfections, a portfolio of perturbed
MS is generated by superimposing randomized 3D Gaussian kernels onto the level-set describing the inclusion
phase, producing realistic surface irregularities while constraining net volume-fraction change within £1% of
the original MS. The ROM, trained only on the pristine geometry, is evaluated against the perturbed ensemble
to quantify prediction error under path-dependent J; plasticity.

We define an interpretable set of geometric descriptors to quantify morphological noise and employ Gaussian
process regression (GPR) to map descriptors to (a) the expected change in the quantity of interest (stress) and
(b) its standard deviation, thereby characterizing the induced stochasticity. The resulting mapping provides
a preliminary, scalable route for uncertainty quantification and inverse-design. Future work will address more
complex topologies, finite-strain and rate-dependent constitutive behavior, and physically informed descriptor
selection.
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Conventional topology optimization frameworks efficiently minimize structural compliance but rely on homo-
genized material laws that assume a clear separation of length scales and restrict local material adaptivity [1].
These assumptions often limit achievable performance and fail to account for manufacturability and spatial
dependencies efficiently.

To overcome these challenges, we propose a topology optimization framework extended by Deep Reinforce-
ment Learning (DRL) that enables context-aware, element-wise adaptation of material properties under global
constraints. The DRL agent performs policy inference on local strain fields to determine optimal material pa-
rameters like fiber orientation, volume fraction, and density, which are directly mapped to the element stiffness
tensor. This allows the structural response to emerge from full-scale analysis without relying on homogenization
assumptions or restrictive parameterizations.

The reward formulation embeds manufacturability and mass constraints, including a discrete set of admis-
sible fiber orientations, penalties for abrupt local transitions, and a global mass budget. Once trained, the
agent generalizes across unseen topologies and loading conditions, providing efficient, context-aware material
adaptation during inference without the computational burden of nested FE2 homogenization.

Building upon earlier work on reinforcement learning for material optimization [2] the proposed framework
bridges the gap between topology and material design, extending classical
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As problems become increasingly complex, the software to solve these problems does as well. This increasing
complexity necessitates more precise software engineering practices, particularly to ensure that the principles
of findability, accessibility, interoperability, and reusability can be applied to software. To apply the FAIR
principles of [1] to software, the FAIR Principles for Research Software (FAIR4RS) were created in [2]. In
accordance with the FAIR4RS principles, we present our case study and workflow for achieving high reusability
of the scientific software FANS, an efficient and parallel FFT-based homogenization solver designed to solve
microscale multiphysics problems.

The use of FANS is easily accessible through a conda package hosted on the open-source channel conda-
forge. The use of conda is essential, as it offers an architecture-independent way of distributing software
binaries together with their system-level dependencies. Relying on the openly packaged ecosystem provided
by conda-forge, we can specify the complete set of dependencies needed to develop, compile, and run our
software across different operating systems. To reproduce these definitions reliably, we employ Pixi [4], a
language-agnostic package manager, which defines and records dependencies for different use cases across
platforms using lock files. Furthermore, Pixi supports a rapid prototyping process, enabling straightforward
compilation of source code in subsequent work with minimal setup, thereby improving the reusability of novel,
unpublished in-house software. Finally, the flexible dependency on conda-forge simplifies publishing as a
conda package, while Pixi also supports the use of privately accessible conda package repositories.
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Nowadays, large datasets of microstructures are available as a result of modern 3D imaging techniques like
micro-computed tomography. Unfortunately, these data sets are of little use for mechanics unless specific
countermeasures are taken. It has been established both theoretically [1] and numerically [2, 3] that boundary-
layer effects of non-periodic microstructures seriously impair the accuracy of computations on such considered
volumes. In fact, these effects arise independently of the boundary conditions imposed, i.e., essential, traction
and periodic boundary conditions all share these downsides.

Recently, a simple yet efficient countermeasure was shown to be effective [4]: Considering both the strain and
the stress fields on subvolumes only turns out to seriously increase the fidelity of volume-element computations
in micromechanics. The cited work applies to simple microstructures only. The work at hand investigates the
ramifications of using the subsampling strategy for microstructures of industrial complexity and scale.
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4.21 Real-time interactive exploration of diffusion mechanisms in solid electrolytes
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The diffusion behavior of ions in solid-state electrolytes is crucial for the overall performance of solid-state
batteries. Recent advances in active learning methods have enabled large-scale, long-time, and high-accuracy
simulations of complex atomic structures using ab initio-based machine-learning interatomic potentials [1].
Despite their promising insights, these approaches still go along with massive computational demands, thereby
leaving a significant gap between atomistic and application length scales of interest.

We propose a novel collapsed interface element [2] that was found to give consistent results when compared
with fully-resolved grain boundary representations across the transition from nano- to micrograin regime.
Furthermore, we could prove a reasonable agreement with both atomistic bicrystal data and the conductivity
measured in experimental setups.

To facilitate an in-depth but data-efficient analysis of material and structural features that govern the effective
diffusion behavior, the affine structure of the problem is exploited to derive a reduced-order model. The
availability of just a few full simulations enables highly accurate real-time estimates for the effective diffusion
coefficients across the parameter space. This enables rapid identification of preferred diffusion paths and a
quantitative assessment of the grain boundary contribution to overall diffusivity.

Interactive parameter space exploration supports bridging the gap between the concepts on different scales
as well as computational and experimental results. By employing universally understandable visualizations, we
eliminate discipline-specific language barriers. This facilitates in silico exploration of microstructures and their
implications on larger scales, which enables us to suggest design principles for solid electrolytes with a special
focus on grain boundaries.
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