October 1 2026

Department Chair, Ann and
H.J. Smead Department of
Aerospace Engineering Sciences
Strauch Family Endowed
Faculty Fellow, College of
Engineering & Applied Science
Affiliated Faculty, Applied
Mathematics
Director, Computational
Mechanics & Geometry
Laboratory
University of Colorado Boulder

Data-Driven Subgrid Stress Modeling
for Large Eddy Simulation

Abstract:

Turbulent fluid flows are characterized by a wide spectrum of spatial
and temporal scales. Unfortunately, the cost of resolving these scales
with Direct Numerical Simulation (DNS) grows quickly with Reynolds
number, making DNS impractical for most turbulent flows of
engineering interest. Large Eddy Simulation (LES) offers an attractive
alternative in which the larger turbulent scales are resolved while the
effects of the smallest scales are modeled. However, the accuracy and
robustness of LES depend critically on the subgrid stress model, and
classical models can perform poorly for complex flows and on the
highly anisotropic computational grids commonly encountered in
practical simulations.

In this talk, I will discuss our work toward improved subgrid stress
models by leveraging advances in machine learning and the availability
of high-fidelity simulation data for model training. The key to our
approach is constructing model forms that embed important physical
invariance and structural properties before learning from data. I will
first describe a data-driven modeling framework based on representing
the subgrid stress and model inputs in the strain-rate eigenframe. This
representation leads naturally to invariant model forms and enables
remarkably accurate and generalizable models to be trained using only
a small amount of DNS data. I will then discuss how this framework
can be extended to account explicitly for filter anisotropy, enabling
data-driven subgrid stress modeling on anisotropic grids. Finally, I will
present our latest work using sparse regression to discover explicit
invariant subgrid stress closures. These models retain much of the
predictive capability of neural network closures while providing
substantially simpler and more interpretable model forms, and
dissipation constraints can be incorporated during training to improve
numerical stability. Throughout the talk, I will use a priori and a
posteriori numerical results to illustrate the accuracy, efficiency, and
generalizability of the resulting models and highlight broader lessons
for the development of data-driven turbulence closures.
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