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Data-driven closure

LES closure Training a neural network
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Fitting model parameters 6 to data D:

mein Ey~pJo(u)

The a-priori error

Jo(u) = ||Mg(@) — C(w)||*.

The a-posteriori error

Jo(u) := ||jvg — ||>, vg solution to L(v) = —Mg(v).

Sanderse et al. 2025.
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Agdestein and Sanderse 2025; Agdestein, Verstappen, and Sanderse 2025.
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Turbulence (DNS) LES solution LES approximation
up Filter ! Close Uy
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Agdestein and Sanderse 2025; Agdestein, Verstappen, and Sanderse 2025.
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The commutator expression is important

“DNS-aided LES” for Burgers’ equation
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Agdestein, Verstappen, and Sanderse 2025.
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The commutator expression is important

LES closure A-priori and a-posteriori learning
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Agdestein and Sanderse 2025.



The commutator expression is important

LES closure Fitting a Smagorinsky model

S. D. Agdestein

—DNS Smagorinsky (classic)
— Filtered DNS  — Smagorinsky (swap)

102 N =300

v S = (V +VT)/2
» S = (Vi + V)2
m ° /\\?\ M(@) = =V - 26%A%|S(@)|S(@)
Myy(Gigg) 2= —Vig - 202021y i1y Gty
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Incorporating symmetries

Tensor basis and group-convolutions

LES closure
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— Filtered DNS Smagorinsky — Clark TBNN G-Conv. — Conv
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Cohen and Welling 2016; Ling, Kurzawski, and Templeton 2016.




Incorporating symmetries

LES closure Tensor basis and group-convolutions
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Cohen and Welling 2016; Ling, Kurzawski, and Templeton 2016.
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Closure term
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Langford and Moser 1999; Pope 2004.



The Bayesian perspective

LES closure Balancing prior knowledge and data
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LES closure
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Relative error

Ad-hoc deconvolution

Spectral reconstruction in Burgers’ equation

Relative error with filtered DNS ison of sil
2
— LES no closure — Filtered DNS
Ideal LES LES no closure
— Explicit LES — Ideal LES
1
0
-1
-2
t 0.0 05 1.0

Lucas Ronckers, Master’s thesis, 2025
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LES closure

S.D. Agdestein Conclusion

> Data-driven closure requires correct data

conclusion > “Discretize first” gives consistent data from DNS

> An optimal LES closure should be probabilistic

> Building probabilistic models ad-hoc can be useful, but cumbersome

> Probabilistic models can be learned with modern generative modeling

Outlook

> Merge probabilistic description of turbulence with modern generative
modeling

> Velocity gradient tensor modeling
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