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* Volume of Fluid (VOF) methods
combine conservation with sharp
interface representation

 Computationally efficient
interface reconstruction
algorithms that generalize to
3D can fail, even for simple
linear interfaces

* Non-parametric Gaussian process
function regression allows one to
more accurately reconstruct
interfaces, with the same
computational cost




hes =l Acknowledgments

N S

National Nuclear Security Administration

1% Los Alamos

NATIONAL LABORATORY

Lawrence Livermore
National Laboratory

The Flash Center acknowledges support by the U.S. DOE ARPA-E under
Award DE-AR0001272, the National Science Foundation under Award
PHY-2033925, and the U.S. DOE NNSA under Award DE-NA0003842, and
Subcontracts 536203 and 630138 with LANL and B632670 with LLNL.
This material 1s based upon work supported by the U.S. DOE NNSA under
Award Number DE-NA0003856 through the Horton Fellowship Program at
the Laboratory for Laser Energetics.




=l \/olume-of-Fluid

e Computational fluid dynamics (CFD) typically treated as an
algebraic problem

uptt=up- 5 | T A
* Tracking material interfaces is inherently a geometric problem
* The volume-of-fluid (VOF) method attempts to bridge the two

e Evolve volume fraction of component fluids (interface
capturing)

e Reconstruct material interfaces from volume fractions
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Interface Calculation

e Piecewise linear interface
calculation (PLIC)

* Modified Youngs’ method from
Rider & Kothe looks for a Taylor
polynomial that minimizes
least-square residual of color
function of on a 3x3 stencil

* Gradient yields interface
normal

n-x+p=»J0

* Line constant adjusted to
match volume fraction
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el Solution Update

e Calculate component advected volumes through normal
faces

Vir1/2

 Update fluid variables
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Reconstructed normal for 30° linear interface
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* Method is readily extended o
to 3D interfaces i

e Can fail to perfectly
reconstruct even linear
interfaces

0.0 0.2 04 0.6 08 1.0

* [terative methods can
improve errors, but are
prohibitively expensive in
3D
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* Method is readily extende
to 3D interfaces

e Can fail to perfectly
reconstruct even linear
interfaces

e |terative methods can
iImprove errors, but are
prohibitively expensive in
3D
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» View function values at points in space as 4

having a joint Gaussian probability distribution > ‘

0 Kse(x,y) = exp [—

Covariance between function
values at different spatial
locations
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Matrix of ¢

Vector of function values on stencil of points

Likelihood of function values f given GP model K(x,y)
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ovariances between stencil points
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'\ Covariance between prediction and stencil points

Prediction maximizes joint Gaussian Likelihood
=15 £=0.3
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 Need derivative and transverse averaging
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e Linear functionals operating on a GP function results in a
GP with linearly transformed covariances

f(xi) =~ kT(X*> X;) - K_l(xi?x.’i) ' f(TI)

l’\ Covariance between stencil

Covariance between .
points

prediction and stencil points
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e Previously applied to FVM reconstruction and AMR prolongation
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e GP Stencil weighs more the '
diagonal elements
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e GP calculation of interface

normal is able to achieve GP £ =0472414 _
much lower errors on the .
same stencil as least- l n .
squares Youngs method g )
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* How to choose a length scale?

* Characteristic to variation in the problem
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* How to choose a length scale?

1D Gaussian Advecton

* Characteristic to variation in the problem

« Can minimize error over all possible linear e
interfaces (volume fraction and angle)

2x10
GPI=0472414

. -
-5
K]
10°
38
20 T —
2 — P
-—— LS
1 0.0 02 04 06 08 10 12 14
/
0

0s0 07 025 0SS0 Q7S
-'ulun‘cF action Volume Fraction

Total Error

Angle (dem

L IIH‘J'
O —_— =
D B

ROCHESTER CENTER




* How to choose a length scale?
* Characteristic to variation in the problem

» Can minimize error over all possible linear
interfaces (volume fraction and angle)

* Look for minimum error depending on data
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* Volume of Fluid (VOF) methods
combine conservation with sharp
interface representation

 Computationally efficient interface
reconstruction algorithms that
generalize to 3D can fail, even for
simple linear interfaces

* non-parametric Gaussian process
function regression allows one to more
accurately reconstruct interfaces, with
the same computational cost

* Going further, GP hyperparameters
may be locally tuned to minimize
errors
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* Neural Network covariance function

* Produces functions that are
superpositions of error functions

erf(ug + uyx)

uy ~ N(0,075) w1~ N0, of)
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GP Interface Reconstruction




» Convolution of a GP kernel with another
function produces a valid kernel

» Can use any parametrized curve

* Use GP optimization to “learn™ curve
parameters, such as normal and line
constant

k,(.’E, y) — k(QS(’E), Qﬁ(y)) _4-3—2-10 125,

Random GP samples from NN covariance with

L= (277)_%det|K|_% exp _§(f — )T K (f - f)
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Markdcells that are either mixed or will potentially become
mixe

Update single fluid states just as before
e Get volume flux (u*) at each interface

Jl‘ x & v f‘i&.’

Reconstruct linear interfaces usin

n-x+p=0
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