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Multi-X problems
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Multiphase, Multiscale, Multimethod: Shock Droplet Interaction

« Sharp-Interface simulation of

Element weights w;

3D water droplet — shock 600
Interaction at Ma = 2.4 and : 00
We = 100 S
10
- About 140 DOF / droplet r:
diameter ‘
* hp-adaptive DGSEM / FV Resolution
scheme with DLB IFV
IN_DG=
« 7200 CPUh on HAWK A
N_DG=2

Mossier et al., An Efficient hp-Adaptive Strategy for a Level-Set Ghost Fluid Method, arxiv, 2023
Jons et al., Riemann solvers for phase transition in a compressible sharp-interface method, JCP, 2023
Mossier et al., A p-Adaptive Discontinuous Galerkin Method with hp-Shock Capturing. Journal of Scientific Computing, 2022
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Multiphase, Multiscale, Multimethod: Icing on Airfoils
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Multiphase, Multiscale, Multimethod

» Uncertainty Quantification Analysis of Icing on Airfoil
Performance

« Parameterization of iced shapes via POD / PCA

« Automated grid generation for wall-resolved LES on
hexa-only grids

« Non-intrusive Spectral Projection, MLMC and MFMC
of 3D LES computations

* PoUnce-Framework for HPC scheduling and
management of UQ workflow

Baden- e‘e:
Wiirttemberg . ceses
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Stlftung . ... Stiftung fur Forschung und Innovation

.
: te Friedrich und Elisabeth
o

Turbulent Boundary Layer

— NISP
—— MLMC
e MFMC

MFMC




Multiphase, Multiscale, Multimethod: Wake / HTP interaction under buffet
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* Measurements at flight Re in the
European Transonic Windtunnel

o —

< NACA 64A-110
OATI5A

Interface at x; = 0.03
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* Approx. 1 Billion DOF, N=7, 70 CTU
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Schemes for multiscale problems

* For a smooth solution and a consistent scheme of order N, we have an error bound

hN—|—1

Ju—upllho <C

[

N=15, 64 DOF ]
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* For the same
accuracy:

* 1 Billion DOF with
a high order DG
scheme

» 256 Billion DOF
with 2nd order FV
scheme
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Discontinuous Galerkin Schemes

+ Different Roads to High Order: Higher Derivatives, wider
stencils: From local to global

» Discontinuous Galerkin schemes combine useful properties
for multiscale problems
+ Basic ideas:
» High order polynomial basis with compact support
* L, projection is optimal
» Hybrid FE and FV scheme

» This gives flexibility, locality, conservation and stability (FV)
and accuracy (FE)




Discontinuous Galerkin Schemes

A hyperbolic / parabolic conservation law of the form
U, +V - F(UNU)=0

Variational formulation and weak DG form per element

(JUw ), + (f* ﬁg,w) - <ﬁ Vg?,b>E — 0,

Local tensor-product basis of Lagrange polynomials, interpolation nodes = quadrature
nodes:

Tensor-product structure in multi-D: line-by-line operations

(@) NRrRG
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Simulation software: FLEXI
Discontinuous Galerkin Spectral Element Method (DG-SEM)

* DG-SEM:
* Type of grid cells:

» Set of basis functions:

* Numerical integration:

» Time approximation:

* Numerical flux:
 Stability
» Shock-capturing:

Hexahedrons (curved elements, unstructured, hanging nodes)
1) ¢

@ 5 ?

Tensor product, Lagrange polynomials at
Gauld / Gaul3-Lobatto points

Un (& 0) 2= U j OB (997 (69
Collocation approach (SEM approach)
Explicit Runge-Kutta, IMEX

Riemann solver, BR1/2

De-Aliasing, Split form (entropy / energy stable fluxes)

Finite volume sub-cells, h/p adaptivity

A
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Simulation software: FLEXI

Under development since 2010

High order Discontinuous Galerkin SE framework with

proven

Full framework: Preprocessor HOPR, FLEXI,
Postprocessor POSTI and Paraview-Plugin, Blender
Pipeline, HPC-UQ-Framework POUNCE, FLEXI-
preCICE, FLEXI-OpenFOAM, FLEXI-TAU

Reproduceability: Regression/unit testing, “
”, Development and Management via gitlab / on

github

HOPR
Mesh curving
SFC domain decomposition
Unstructured/nonconforming

‘ Mesh Generation

CGNS, ANSA, ICEM, GMSH

Parallel
HDF5 10

FLEXI
DGSEM Solver
High-order accurate
Parallelized with MPI

Prepare visualization
Parallel Data analysis
HDF5 10 Parallelized with MPI

Server-client
based

Visualization

Paraview + POST] interface

Computers & Mathematics with Applications
Volume 81, 1 January 2021, Pages 186-219

FLEXI: A high order discontinuous Galerkin
framework for hyperbolic—parabolic conservation
laws




Simulation software: FLEXI . flexi-project.org
Some features

 High-order accurate open source solver! with excellent scaling behavior
 Discontinuous Galerkin spectral element method (DG-SEM)
« Written in modern Fortran and optimized for CPU based HPC systems

* Focus on DNS/LES of multiscale- and multi physics problems
governed by the compressible Navier-Stokes equations

 Additional features
« Lagrangian particle tracking (LES/DNS of particle laden flows)
« Conservative sliding mesh interface for stator/rotor flow
* Mesh deformation and mesh moving based on ALE formulation
* hp-adaptivity
* Intrusive and non-intrusive methods for uncertainty quantification

* Management framework for optimal scheduling on HPC systems




For a smooth solution and a consistent scheme of order N, we have an error bound

[u = upllpo < CANT!

Put differently, HO schemes can leverage the smoothness of the underlying solution

What if the solution is not smooth (enough)?

(@ NRG 2
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Simulation software: FLEXI
Shock-capturing

Idea: Combination of DG and FV

* DG in smooth parts of the flow and FV at shocks ¢.

Oscillation, jump or ML indicators

Troubled DG cell: (N+1)3 equidistant FV sub-cells
2nd order TVD FV scheme on sub-grid

Same number of degrees of freedom

Concurrent calculation of FV and DG data

Convex combination of FV and DG operator

University of Stuttgart

ute of Aerodynamics and Gas Dynamics
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Hybrid DG / FV scheme for compressible turbulence
Taylor-Green vortex at Ma=1.25 | ————
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Simulation software: FLEXI
Adaptivity and error control — hp-refinement

* h-refinement?

Mortar interfaces with hanging nodes for optimal grids

Local grid-adaptation and grid-adaptation algorithm required

Up to 50% lower cost compared to human-generated grids

Residual estimation procedure

* p-refinement?

* Local p-adaptivity in smooth solution regions

T BB T B B

Resolution
I I ——
NDG=5 NDG=4 NDG=3 NDG=2 Fv

1Blind et al., Grid-Adaptation for Wall-Modeled Large Eddy Simulation Using Unstructured High-Order Methods. arXiv preprint
2Mossier et al., A p-Adaptive Discontinuous Galerkin Method with hp-Shock Capturing. Journal of Scientific Computing, 2022
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Simulation software: FLEXI
Shock-capturing, DLB and p-adaptivity

Density Resolution
0.09 2.57 5.26 I
B Fv  NDG=5 NDG=4 NDG=3 NDG=2

Schlieren Elements per Proc
0.0 05 1.0 1.5 2.0 25 3.0 12.0 400 600 800 1000 1200 140.0 160.0 189.0
B I
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Multi-X simulations require
flexible and adaptive
discretization schemes: h/p
adaptivity, unstructured
grids,




LES closures from data
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The Scale Gap

» Multiscale problems: Formulations on micro, meso, macro, ... scales
« Definition of a coarsening operator (1) — (2) possibly ambiguous

+ Solving coarse-scale equations plus models for the closure terms M(U,)

V

R(Ui,z1) =0 (1)

WV
Governing Equations at level |

/

v
J

'
@
—
-
=l

0 = R(Un,zn) + C(U1,Un) = R(Up, xp,) + M(Un) (2)
"Closed” Equ;gons at level h

University of Stuttgart
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LES — Basic Formalism

» Coarsening operator (1) — (2)

Ax
u(z) = / u(r)G(x — r)dr

 Solving coarse-scale equations plus models for the Closure terms M(U,)

l

ow; o ,_ _ 1 Op 0 -
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“It is the model’s fault!”

“Same equations, domains, ...”

o Experimental, Parnaudeau
—————— - Blackburn & Schmidt
Frohlich et al = =h
Kravchenko & Moin p =
Meyer & Hickel
N=7
N=11

1 15 2 25 3 35
x/D

4



Can we find better
models




LES Closure Terms through supervised learning

Coarse Grid Data U

|

DNS

R(U,x;,t) =0

Governing Equations at level 1 fout TR

SIS

Closure Terms R(F(U))

Influence of level 1 on L
,—/h-\
R((UL,xL,tL) + M@U,UL) =0
N—_— ———

Governing Equations at level L

NN: ming HY — M(X,@)H
A
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Supervised Learning for LES models in a nutshell

SL finds mappings from inputs to outputs: it extracts existing knowledge

SL requires a lot of a priori knowledge in the form of labeled data

For well-defined data sets, it works well: Data-driven SGS models exist for canonical LES
cases

Incorporation of physical constraints improves stability

* But...

Exact (—) GRU3 (—) MLP (—) Distributions

Journal of Computational Physics
Volume 398, 1 December 2019, 108910

ELSEVIER

Deep neural networks for data-driven LES
closure models

Andrea Beck 9 =, David Flad, Claus-Dieter Munz

(@ NRG 35



We want LES models that work for ...

Adaptive discretizations

Unstructured grids

All kinds of flows across Re, Ma, Sc, ...

SL: Data-rich but efficiency-poor?

Element weights w;

600
I 200
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1
F S ] =
I 2 [
1
Resolution
TR
Fv Wit
IS sE e T T
\}\\‘:“\\\“ 8 e
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wEEE
N_DG=3 HHHH
N_DG=2 ._3 H E
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T
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Revisiting the LES problem: Implicit vs. Explicit

u="(x,t) +u(z,t) =a(r,t) = [ ulrt)G(x —r)dr
* What is the relationship between the filter kernel size and the discretization?

4 N N

- Separate Ar and h - Joined Ar and h
- Explicit filtering: h — () - Implicit filtering: h 7@ 0
* Discretization scheme not relevant * Discretization scheme defines filter
« Caveat: homogeneity and isotropy, kernel
boundary conditions, realizability, « <= plus discretization parameters
K commutation... / Kand errors /
0.5% on google scholar 99.5% on google scholar, 100% for “industrial” LES

Q@ NRG



We derive the LES equations and the closure terms for a convolution with a known,
homogenous, linear filter kernel with commutation

V) = Fy(x) = | KE—xM)y(E)dE.
Use Burgers equations as the simplest model for non-linearity
du  1du” - “the” unclosed term
Ru) = ——+-=—=0
() ot + 2 Ox ’ per textbook
on 10u> 1, 0u?> du?
R — Y — - = _
=5 3ox ~ 2 %9y " ax)

A

_aﬁ_l_laﬁﬁ_c —l—l(
ot 29x 2 ax  ox]
Unversityor tutgart Co[F;()2](u) (QNRre

43



Almost all practical LES: filtering is implicit, through grid / operator / discretization:
1.) Discretization characteristics induce filter shape

Fourier

1.5

Vi, Vi

The induced filter results

in different SF stresses

I
RU)2, RU), 2 G,

|
_
o
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2.) Resolved and represented scales
h~A

Discrete flux operator induces computational subgrid stresses

—— Jdu 19dun 1 ouu Jdun
R(u)z;—kzﬁzcl—FCz—Fz( St ox ),
C3[5;;6X]
Jdu 1 ouu 1 d —
R(Lt):a_t+§W:C1+C2+§a_x

cif]

(Wt —7n); 8 f = Ocf
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—— Jdu 1éuu 1| éuw | duu
R =5 o — T3 T Tax )
Ju 1déuu 1 | — .
R(M)I—qu—@:C1+Cz+——(ﬂﬂ—jﬁ);5xfzaxf -
dt 2 Ox 2 O X e
oyl Q@
\—3)

Linear numerical schemes for solving partial differential
equations, having the property of not generating new
extrema (monotone schemes), can be at most first-order
accurate.

Think: Upwinding schemes, characteristic based

schemes, WENO, SUPG, ... 1

University of Stuttgart
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“... the computational large-eddy closure typically contains an important contribution that is
sensitive to the adopted spatial discretization”

“... considerable improvements of practical large-eddy simulation may be achieved in case
the closure problem in the modified equation is made to explicitly account for the coarseness
as well as the type of discretization.”

PHYSICS OF FLUIDS 17, 125103 (2005)

Numerically induced high-pass dynamics in large-eddy simulation
Bernard J. Geurts®

Mudtiscale Modeling and Simulation, Numerical Analysis and Computational Mechanics,
Department of Applied Mathematics, University of Twente, P.O. Box 217, 7500 AE Enschede,
The Netherlands and Anisotropic Turbulence, Faculty of Applied Physics,

Eindhoven University of Technology, P.O. Box 513, 5600 MB Eindhoven, The Netherlands

Fedderik van der Bos
Numerical Analysis and Computational Mechanics, Department of Applied Mathematics, Faculty EEMCS,
University of Twente, P.O. Box 217, 7500 AE Enschede, The Netherlands

We derive the LES equations and the closure terms for a known, homogenous, linear
filter kernel with commutation...

... Scale Separation filtering in practical LES is done implicitly with a partially
unknown, inhomogeneous, possibly anisotropic and often non-linear filter kernel

versity of Stuttgart @ )
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What makes LES
uncertain? More non-
linearities.




“Is it the model’s fault? Did we

account for C1 and C3?

“Same equations, domains, ...”

o Experimental, Parnaudeau
————— - Blackburn & Schmidt
...................... Frohlich et al = =) 0
--------- Kravchenko & Moin p =
Meyer & Hickel
N=7
N=11

[ BV BN BN VI SN R
0.5 1 1.5 2 2.5 3 3.5 4
x/D




Challenges for data-driven modelling

Ju 1@2C1+Cz+l(@_@),

R(u) — E—F

Train SL models on
Reynolds stresses from

Make SL models
scale-aware
DNS or Exp.
Knowable a priori Not knowable a priori

niversity of Stuttgart @
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Challenges for data-driven modelling

* For implicitly-filtered LES, the closure terms are defined a posteriori. They are...
A function of the local discretization operator

* A function of the local solution

* How can we find discretization-consistent models? Supervised learning requires a priori
knowledge.

* “Tune the Smagorinsky constant to the flow”: A priori bad models can do “good”, a priori
great models can fail miserably a posteriori

How can we learn from data for discretized PDEs in a posteriori manner?

(@ NRG =



Learning for dynamical systems: An Alternative to SL

« LES simulations solve discrete dynamical chaotic systems

« Supervised learning has two problems: How do we define a lot of true data and make
models robust?

« Reinforcement learning is a different paradigm from ML: Learning to take optimal
actions in a dynamical system from experience

« Submodels need to be consistently integrated with the discretization: a simple
gradient looks very different for a FD, FV, FE scheme

 Putting the PDE solver in the loop

(@ NRG



RL on a single slide

Environment
X St+1
= Sg41 ™~ P(Staat) frH_l
Tt+1 = f(stast—i-lsat)
a¢
Agent
g St
mo(aelse) [ T

T=SxA—=>R,(s,a) —[0,1]

* “Play many games, track

T LR
mngEe(kaTk), subject to (S, A, P(-), R(-)) rewards, explore and exploit
k=1

N
NI = By ki Vlog mg(T)

N , Grad. of the policy
Cum. reward over T @ NRG 53



LES Closures as an MDP

Forced LES of HIT Implicitly filtered LES with a HO DGSEM

"" VS

g [ FLEXIILES ]

Environment "
t+1
> st41 ~ P(st, ar) r =
rer1 = f(8t,5¢41, ar) B - “
) * “Play many games, track
at < HrR L)
rewards, explore and exploit
Agent,
_ 8t
mo(aclse) [ !

Expected Spectrum

s DG Element
e x
RN v
R\l
s . ‘s
e

Policy net predicts Cj ~

Incorporate physics, optimize
under discretization
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Reinforcement learning framework — ReLeXI* IAG, HLRS & HPE

Distribution on hybrid HPC systems via the SmartSim Library?

Dedicated GPU node (,Head") for training and model evaluation

FLEXI instances interactively distributed across multiple CPU nodes (,Workers*)

Communication via in-memory database with the Redis library

Iterate
Training Loop

SmartSim IL

(@ NRG 55



Journal of Computational Science
Volume 65, November 2022, 101884

Deep reinforcement learning for

« The framework scales well over many g;;‘,}é’;tsa“o“al fluid dynamics on HPC

Marius Kurz®! © 5, Philipp Offenhéuser ! &=, Dominic Viela ® =,
parallel runs Mo penisic o

Oleksandr Sheherbakev © &, Michael Resch © =, Andrea Beck * &

ELSEVIER

Relexi Framework

» LES solver strong scaling essentially SN O Sl 500
unaffected by coupling

DOF/rank

6000 DOF/rank
3000 DOF/rank
8000 DOF/rank

00 DOF/rank

« We can efficiently evaluate each policy to
get reliable gradients =

——— 32Envs
128 Envs

2 4 8 16 2 4 8 16

« We can run many samples fast R S

Figure 4: Strong scaling of FLEXI within the Relexi framework for the HIT test case with 24 DOF and 32 DOF for 2, 4, 8 and 16 MPI ranks per FLEXI instance.
For clarity, only the runs for 2, 8, 32 and 128 parallel FLEXI environments arc shown. The black line indicates perfect scaling.

« We can run many samples in parallel

Scaling behavior of the Relexi framework for 24 DOF Scaling behavior of the Relexi framework for 32 DOF
10*
10 |-
s
i
&
10"
—— 2MPlIranks
—— 4 MPIranks
—— 8MPIrnks
—— 16 MPI ranks
10°
10° 10 102 100 10 10 102 100

Figure 3: Scaling behavior of the Relexi framework on up to 16 Hawk compute nodes (2048 MPI ranks) and one Hawk-AI node for the HIT test case with 24 DOF
and 32 DOF for 2, 4, 8 and 16 MPI ranks per FLEX instance. The black line indicates perfect scaling.



RL for discretization consistent LES
closures



Details

Forced LES of HIT

B Pla
g "

Implicitly filtered LES with a HO DGSEM

at

Policy net predicts C

University of Stuttgart
Institute of Aerodynamics a

s and

Environment
St+1
St+1 ~ P(se,ar) Torl
rep1 = (8158041, )
Agent
g 8
Tl at|S i
o(atlst) r

Gas Dynamics

Environment: Implicitly filtered HO
DGSEM of FHIT

Reward / Goal: Spectrum up to cut-off
wavenumber

Agent: Convolutional / Residual NN
Method: Proximal Policy Optimization

No DNS data; optimization requires LES
runs only

Implement as hybrid CPU/GPU parallel
code in SmartSim on HAWK-AI

Training wall clock time: 24h

(@ NRG 0



Policy: Find explicit or implicit closure strategy

O IO s 2 ) 6f = o]

R(u)_c?_t+§ ox

2 0X e —
il e
\ J
|

« Complete, discretization-consistent
closure model for full SGS / SFS terms

Optimized eddy viscosity Optimized dissipative properties

Formulate modelling strategy as an MDP, /
solve with RL

(@ NRG




Things to note

We find models for the complete closure terms C1...C3 (and others)

We do not need to know C1...C3 a priori: We do not need DNS data, only a statistic

Instead, “training” means running a number of LES simulations

We optimize the solution of the overall PDE (i.e. the LES), not individual terms

We discover new modelling schemes through RL: RL itself is not a model

@ NRG @



Two modelling scenarios

Implicit and explicit SGS modeling: Optimal Operator Blending

AQ: For each grid element g, with r,s,t € [1,nElems| : af = a(t)
2
A2: For each grid element g, with r,s,t € [I,nElems]| : a! = Z a;(t)Li(x) L, (y) Li(2)
i,5,k=0

niversity of Stuttgart
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Two modelling scenarios

Implicit and explicit SGS modeling: Optimal Smagorinsky constant

University of Stuttgart
nstitute of Aerodynamics a
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Results: Explicit Closure with optimized Cs

36 DOF, N =3 36 DOE,N =5
50 |

40 [ .

30 ——— Smago Const.

——— Smago Quad.
Blend Const.
P I e ——— BlendQuad. [§ [ =
--— SSM

DSM

10 | | I | | |
0 500 1.000 1,500 2.000 0 500 1,000 1,500 2,000

Reward

Iterations Iterations
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Results: Explicit Closure with optimized Cs

N=5 for different resolutions

24 DOF

10° i

102

o _ _A4ppw_ _

kmax

— DNS
e [LES
e SSM
. DSM
RL-Const
— R[.-Quad

—




Results: Explicit Closure with optimized Cs
Different operators, same resolution

N=3
100 = T T I
= —— DNS
= RL Cs Const. || [
—— RLCs Quad. H -
— ot =
=
~ 1
! — |-
|
| \\
1072 | ! \
| - =
| 1 F
| | (I . C
1 2 4 8 16
k k
107! b 4 L N
Rt == E
107% L N
\ | \ \ | \
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Results: Explicit Closure with optimized Cs
Mean Eddy viscosity field for Cs2

8.0e-03

0.007

mu_sgs

The discretization / induced filter

footprint

University of Stuttgart @
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Two modelling scenarios

Implicit and explicit SGS modeling: Optimal Operator Blending

AQ: For each grid element g, with r,s,t € [1,nElems| : af = a(t)
2
A2: For each grid element g, with r,s,t € [I,nElems]| : a! = Z a;(t)Li(x) L, (y) Li(2)
i,5,k=0

niversity of Stuttgart
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Results: Implicit Closure with optimized Blending

36 DOF, N =3 36 DOE,N =5
50 |

40 |- .

30 ——— Smago Const.

——— Smago Quad.
Blend Const.
20— oo oo ] ——— BlendQuad. [§ [ -
--- SSM

DSM

10 | | I | | |
0 500 1.000 1,500 2.000 0 500 1,000 1,500 2,000

Reward

Iterations Iterations
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Results: Implicit Closure with optimized Blending —— DNS
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Results: Implicit Closure with optimized Blending
Different operators, same resolution
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Results: Implicit Closure with optimized Blending

10°

107!

N
~=
~—
N

102

36 DOF,N =5

TTTT]

—— DNS
——— DG only, a=0
—— FV only, =1
——— RL-Blending, opt. o

Implicit LES model through
non-linear combination of HO
and TVD scheme: A scheme
for compressible turbulence?

[um—

2 4
k

of Aerodynamics and Gas Dynamics

(@ NRG 75



Summary




Summary

Multiscale problems require multi-X numerical schemes

SL works great if one can define good data a priori

The classical LES formulation omits the challenges of “real life” LES: C1...C3

Reinforcement learning with a PDE solver in the loop: Versatile, inclusive optimization environment for
flow control and modelling

* RL does not need fine scale data (like DNS), but statistics. Training happens on the coarse (LES)
level: Huge computational savings

* RL allows to optimize and discover new closures, it is not a model itself: All the knowledge about a
“good” model is still applicable

« RL is an alternative to adjoints or differentiable solvers: It approximates gradients of the cost function
through sampling

* RL is ML: it has hyperparameters and we lack theory in parts
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Thank youl!

Thank you for your interest and thanks to all my colleagues and co-workers, in particular all
present and former members of the Numerics Research Group!
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