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Reduced order methods meet machine learning for accelerating
computational fluid dynamics: focus on turbulent parametric

flows
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Computational Fluid Dynamics (CFD) is a cornerstone for the analysis of complex flow phe-
nomena.

However, the computational cost of high-fidelity simulations often restricts their use in many-
query scenarios such as design optimization, uncertainty quantification, and parametric analysis.

Reduced Order Models (ROMs) alleviate this limitation by constructing low- dimensional sur-
rogates that retain the dominant flow dynamics at a significantly reduced computational cost [1].
This work presents a set of complementary data-driven strategies that combine reduced-order
modeling and scientific machine learning to improve the accuracy, robustness, and generalization
capabilities of ROMs for CFD applications.

A first contribution focuses on non-intrusive ROMs and introduces a space- dependent ag-
gregation framework in which multiple surrogate models—obtained from different combinations
of dimensionality reduction techniques, regression methods, or turbulence models—are locally
combined through spatially varying convex weights learned from data. This approach enhances
predictive accuracy in challenging benchmark problems, including transonic airfoil flows [2].

A second contribution addresses intrusive ROMs through parametric closure modeling, where
a deep operator network is trained to learn reduced correction operators that compensate for unre-
solved dynamics, enabling reliable generalization across the parameter space [3]. Finally, a hybrid
reduced-order modeling framework is developed for high- Reynolds-number fluid–structure inter-
action problems in anArbitrary Lagrangian–Eulerian setting. The approach combines POD–Galerkin
projection for the fluid equations with machine-learning- based models for the turbulent eddy vis-
cosity and reduced interpolation techniques for mesh motion, enabling accurate and efficient sim-
ulation of flow- induced vibration phenomena [4].

Overall, the proposedmethodologies advance hybrid reduced-ordermodeling by unifying surro-
gate aggregation, operator learning, and data-driven turbulence closure within a flexible and scal-
able framework, providing fast and reliable CFD predictions for complex, turbulent, and parameter-
dependent systems.
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