17th World Congress on Computational Mechanics

10th European Congress on Computational Methods in Applied Sciences and Engineering
WCCM-ECCOMAS2026

July 19-24, 2026, Munich, Germany

PHYSICS-AUGMENTED MACHINE LEARNING METHODS FOR
CONSTITUTIVE MODELING

600 — DATA SCIENCE, MACHINE LEARNING AND ARTIFICIAL INTELLIGENCE

DOMINIK K. KLEIN , KARL A. KALINAT, OLIVER WEEGER”, MARKUS
KASTNER', KNUT A. MEYERS, ROGELIO ORTIGOSA®, AND WAICHING SUN*

* TU Darmstadt, Germany, {klein, weeger}@cps.tu-darmstadt.de
" TU Dresden, Germany, {karl.kalina, markus.kaestner} @tu-dresden.de
$ Chalmers University, Sweden, knutan@chalmers.se
$ TU Cartagena, Spain, rogelio.ortigosa@upct.es

* Columbia University, NY, United States, wsun@columbia.edu

Keywords: Constitutive modeling, Physics-augmented machine learning, Multiphysics,
Inelasticity, Parameter identification, Multiscale simulation.

ABSTRACT

Constitutive modeling enables the mathematical description of the behavior of different
materials such as metals, polymers, composites, soft biological tissue, or active materials.
Conventional modeling approaches face challenges regarding highly nonlinear, inelastic, or
multiphysical behavior. This can be traced back to a lack of flexibility of conventional
constitutive models. To address this, in recent years, the formulation of material models using
highly flexible machine learning (ML) methods such as neural networks, Gaussian processes
and symbolic regression has gained momentum. It is widely agreed that ML-based constitutive
models should be formulated to fulfill mechanical conditions such as thermodynamic
consistency and objectivity, which can be coined as physics-augmented, physics-enhanced, or
physics-constrained ML modeling. By that, the flexibility of ML-methods is combined with a
sound mechanical basis.

This minisymposium seeks to gather researchers working at the intersection of mechanics and

machine learning to address current challenges and explore emerging trends. Topics of interest

include, but are not limited to:

e Constitutive modeling based on ML-methods such as neural networks and Gaussian
processes

e Modeling of material behavior including: (i) energy conservation and dissipation (e.g.,
viscoelasticity, plasticity, damage, fracture, ...), (ii) multiphysics (e.g., thermo-, magneto-,
or electromechanics), and (iii) parametric dependencies

o Fulfillment of physical conditions, interpretability, sparsity, and uncertainty quantification

e Calibration of constitutive models to (full-field) experimental data

o Efficient and structure-preserving implementation in numerical schemes such as multiscale
simulation and topology optimization



