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Machine Learning
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Simulation Tools
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Steady-state
simulation
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Unsteady
simulation

(High fidelity)
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Direct numerical
simulation
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Emerging
field | expensive
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DGEN-380 engine Large Eddy Simulation at take-off conditions EV B P
by C. Mérez Arroye, J. Dombard, F. Duchaine,
L. Geguel N Odier 2nd G. Staffelbach
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These results benefitted of furcing or developments ‘rom I sein seliy
project ATOM |DGAC/Sa'ra Toc'gho 2C18-39), PRACE {20¢h Call Project Access FULLEST), 5 SAF RA N [AFIRRPVeN gac
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More accurate models

Innovative numerics
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Zhang, 7., Shin, Y., & Em Karniadakis, G. (2022). GFINNs: GENERIC formalism informed neural networks for
deterministic and stochastic dynamical systems. Philosophical Transactions of the Royal Society A, 380(2229), 20210207.

_ Data
Pure Data-Driven

Data-Driven Discovery

Penalize network with physics constraints through regularisation
Typically: PINNs (Physics-Informed Neural Networks)

Neural Networks

Enforce physics constraints in

the network architecture

For now, soft constraints tend to under-perform high-fidelity methods

Hard constraints are promising for accelerated high-tfidelity

12
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Inverse problems

a 4 EEEEEEEE End-to-en
HEEEEEEEN
EEEEEEEE Surrogates
HEEEEEEEN HEEEEEEN
EEEEEEEE T [~ A
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Discretization, D \ _)}_
stepping "
_
Faster / automatic _ Results

v

Mesh optimization
Better gradient

esjfmation Larger timesteps /
Less iterations (Poisson)

Innovative numerics

More accurate models
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More accurate models

What | can pay for Fully resolved physics
Filter Inout
ENEEEEEE HH npu
HEEEEEEEN

o

. Trainable model
What
was lost Output

0 solver ML / DL based
model for on-

the-fly use

What’s missing?
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DNS
Resolved
flame
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Artificially

thickened

flame [1]
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[1] Butler, T. D. & O’Rourke, P. J. (1977). Symp. (Int.) Combust. 16, 1503 — 1515.



More accurate models

H, makes complex flames

1001

—— HZ

—+— Kerosene

1401

120

H, will stress existing
turbulent combustion
models.

-
o
Q

80 -

60 -

Laminar Flame Thickness [pum]

40

We can’t afford to wait
20 years to develop |
new ones. y
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H-> makes thin flames

HYDROGEN CH A H 5
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More accurate models

Open End

» Context: safety of industrial el ot
complexes in combustible gas |
leaks (notably Hy)

Central Obstacle

Ignition

» Reactive LES of very large domains

Closed End
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Efficiency functions - local to global

k
LOCAL FORMULATIONS: =

1989 - Gouldin (fractal)
2000 - Colin et al.
2002 - Charlette et al.

DYNAMIC FORMULATIONS:
2011 - Wang et al.
2015 - Veynante & Moureau

CNN FORMULATION:
2019 - Lapeyre et al.

.CERFACS m " m " m &




&7 dos /

N HH DNS Mesh
HEEEEEEEN

Gaussian filtering equivalent
to flame thickening A

_L(%)2 .
Fo(n) = {e (& if n e [1LN]
0 otherwise

Convolutional neural network

Building the dataset |
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U - N et m) Conv 33 BN, ReLU

@ MaxPooling 23
ﬁ UpSampling 23
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| 128
Segmented image -.-.-
& ~ g
Architecture is adapted from a medical fCNN

image segmentation network [9]

Ronneberger, O., Fischer, P., & Brox, T. (2015, October). U-net: Convolutional networks for biomedical image segmentation.
In International Conference on Medical image computing and computer-assisted intervention (pp. 234-241). Springer, Cham. 20 | Z(CERFACS m = m » H ©®



Receptive field
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Network is trained on increasing size inputs: 83, then 163, and finally 323.
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Training

Detailed
comparison

Filter

Target setup

Training setup

AVBP DNS
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Example snapshot in test set Initial results were promising

More accurate models

1.6 -
DNS x ® DNS

1.4 - Z —— CNN

—— Fractal
_ ) — (Charlette
: —— LES

LES :
! ® ‘
Input

Lapeyre, C.J., Misdaruis, A., Cazard, N., Veynante, D. & Poinsot, T. (2019). Training convolutional neural networks to estimate
turbulent sub-grid scale reaction rates. Combustion and Flame, 203, 255-264. 23 | ZCERFACS R s m m B B



Training
Database

Testing Database

Similar config Different config
Turbulent realisation Flow regimes
Differences Flow dynamics Chemistry
Geometry variations Geometry
Scale

Close Further

generalisation generalisation
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Periodic

~~—~__ Heat release rate (W/ma3)
.— 6.0e+09

— de+9
— 2e+9
Inlet 0.06+00

Velocity magnitude (m/s)

18.3
.: 15

Periodic

Training: HIT [2]

» Similar turbulence/flame params
* Different fuel 1.0
 Different pressure, inlet temperature = og

=

=06

C 04,

0.2
0 5 10 15 20

x [mml

[1] Luca, S.; Attili, A.; Bisett1, F. Direct Numerical Simulation of Turbulent Lean Methane-Air Bunsen Flames with Mixture

Inhomogeneities. In Proceedings of the 54th AIAA Aerospace Sciences Meeting AIAA, San Diego, CA, USA, 4-8 January 2016

[2] Xing, Victor, et al. "Generalization Capability of Convolutional Neural Networks for Progress Variable Variance and Reaction Rate

Subgrid-Scale Modeling." Energies 14.16 (2021): 5096. 25 ZCERFACS B " B " B ®




Training
Database

=y
Testing Database G Q
Similar config Different config [ e

Turbulent realisation Flow regimes

Diff Flow dynamics Chemistry - .
TR Geometry variations Geometry DOeét e ez.:\rmng
Scale still hold in a

feedback loop?

Further

Solver <-> Model

Close

generalisation generalisation

A priori A posteriori 26 | ZCERFACS E m E B B N



Training setup

5

Training

-
/

\_.  Detailed
\

Target setup

\/\

e

/’ comparison

AVBP DNS

Xing, V, Deep learning for subgrid-scale modeling in large eddy simulations of turbulent premixed combustion, PhD thesis (2022) 27 | Z CERFACS = O H B



Not just combustion!

A wall modeling application

26 | ZCERFACS E m m m B ®



More accurate models

(a) Turbulent channel flow (CF1, CF2) 4.0e+01
Ay
— 20
Separated region thy >
Y —0
=L “1
: : -1.7e+01
Instantaneous fields and fine mesh
(b) Three-dimensional diffuser (3DD)
— For each: (1) Mesh adaptation
= (3, 4, 5)
Filtering and Coarse tetrahedral mesh
: : B A R R R A A A DR R ORI
"“[ N interpolation | Fora it TR OL B A p o D
PR A R R S IO
- R R S pe T e
(d) Adverse pressure gradient (APG) y gﬁ!’%’y’l’ﬁ“‘«h "lsiaﬂ'éﬁﬂ'ﬁ' ﬂ’?ﬁg“i’gi
R AR SO R A PRI
DR AR
< 5 and -
. PN (2) Select wall neighbourhood
T s laeats B ‘ J "y
111])1)1;1:& location . 7 T A e i ‘
E / / / / / Tripping lucatign,» - ""“uv.ix:_‘.j"‘ _i,": —‘ij - arse near-wall meSh
: Flow direction O;r S VAV v A S AN =
| ¢(6) Partitioning

\_ ) Training samples

Training data
Multiple Wall-Resolved LES

29 | ZCERFACS R s m s B



"MeshGraphNet” [1] architecture operates
directly on unstructured mesh nodes

4.0e+01

Input graph Output graph

=

. Instantaneous fields and fine mesh
y
Bulk nodes (x = 0) (1) Mesh adaptation
Edge features (3, 4, 5)
Filtering and oarse tetrahedral mesh
Node features . . N\ KN AR A UK DR VAVAY A TN AR SVav, v ST
Wall nodes (xy = 1) Hlterp()latl()n " SRS KRR AK CARPIR EAAAL

T . -

¢(6) Partitioning

Training samples

[1] Pfaff, T., Fortunato, M., Sanchez-Gonzalez, A., & Battaglia, P. (2021). Learning Mesh-Based Simulation with Graph Networks.
In International Conference on Learning Representations. 30 | ZCERFACS R e m m B &



Validation case: GNN in the LES

The N parameter controls receptive field:
e N=1 -> similar to log law

 N>1 increases performance (until plateau)

Backward tacing step LES
with the network as wall model

2
Reference < 4
>
0
2
GNN model, c | | | | | |
-Em 1 45 L Reference —— |
N =5 > ' Law-of-the-wall model ——
— A 4 GNN model, N=1 — - - - A
0 : — . — : . 35 L GNN model, N=2 — - — |
0 2 4 6 8 10 ' GNN model, N=3 - - - - -
h 3 GNN model, N=
X & 55 GNN model, N=5_— — —
g gy I

0 2 4 6 8 10 12 14

Dupuy, D., Odier, N. and Lapeyre, C. (2023). Modelling the wall shear stress in large-eddy simulation using graph neural
networks. To appear in Data-Centric Engineering. 31 ZCERFACS R e m m m B
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| i : Precision of numerical methods requires
nnovative numerics differentiable solvers to train through
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Precision of numerical methods requires
differentiable solvers to train through

Innovative numerics

Sympy 5 p Pannekoucke, O. and Fablet, R. (2020). Pde- netgen 1.0: from
::zr:y;g;pimport (Function, symbols, init_printing, Derivative, a C(t, x) . —u(x) ac(t, x) Sym]j.OliC partial differen.tial equati()n (pde) representation-s Of

e g, B o physical processes to trainable neural network representations.
o Geoscientific Model Development, 13(7):3373-3382.

Integer, Rational, Float, Symbol, symbol,
from pdenetgen import NNModelBuilder, Eq

Keras Layers

t, x = symbols('t x")

clz Function('c')(t,x) - - # Keras code }_\ C
closure =.sympy.Function ‘closure’)(t,x t't -// th b / |< k / d t
Slomee s wry i SN ps://github.com/opannekoucke/pdenetgen
# Compute derivative
advection_dynamics = [ kernel Dc_x ol = np.asarray([-1/(2*self.dx[self.coordinates.index('x")]),0.0,
£q( 1/(2*self.dx[self.coordinates.index('x"')])]).reshape((3,)+(1,1))

Dc_x_ol = DerivativeFactory((3,),kernel=kernel_Dc_x_ol,name='Dc_x o1')(c)
-u*Derivative(c,x)
b I # 3) Implementation of the trend as NNet

Derivative(c,t),

]

display system(advection_dynamics) # Computation of trend c
mul_@ = keras.layers.multiply([Dc_x_ol,u],name="MulLayer 0")

trend_c = keras.layers.Lambda(lambda x: -1.0%x,name="ScalarMulLayer @')(mul_©
advection_NN_builder = NNModelBuilder(advection_dynamics, "Advection") = y ( ! iiLayen ¢°)(mul 9)

print(advection NN_builder.code)
exec (advection NN_builder.code)
advection = Advection(shape=(n,))

Inputs Uil jiiczEn Output Sequence
(Frorint)ic)—1,0 U-Net i
, , Keras layers modeling > AT
~ RK4 Time Scheme » Softmax() (fto—i—zAt)zE[\l,NH

- | """)"
I I I | 1 fo = ftorint
| ' v

BB Keras layers modeling
11 11 . e POE -

BEER—HRENR
HE BN
initial condition: fy = f; % of’ of’ _
| | ot Hugy =0

4%">

ElMontassir, R., Lapeyre, C., Pannekoucke, _

O. (2022). Hybrid Physics-Al Approach for One hot encoding

Cloud Cover Nowcasting. ECMWF Machine (X,Y.Z) 712 Cloud types
Learning Workshop.

- je[1,12]]
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What | can pay for Fully resolved physics

- L

Fine 8x Coarse 16x Coarse

ON4dM

Innovative numerics |

Bar-Sinai, Y., Hoyer, S., Hickey, J., & Brenner, M. P. (2019). Learning data-driven discretizations for
partial differential equations. Proceedings of the National Academy of Sciences, 116(31), 15344-15349. 34 | ZCERFACS m e m B B



Cell average at

SanaIdenvaUves

(9:1:"“ Za(@ w(Zn—m)

1

J(zn) = J ($n7u(xn)7

Flux (equation specific)
0 02

a—mu(xn), Wu(:vn), ..

)

!

timet
Y
/ U(Qi’n)
/ Neural network
I _
I O > .
= = Slg @ Coefficients
! S 1325|2568
I clolc|lo|le|l€ 3™ (ﬁ)
I Q Q Q> 8 '8
o o Cl 0o & nm
| Q
!
\
\
\
\
\ .
| Cell average at time t+At P —

(method of lines)

A4

Integrated solution loss

To train through the solver,

it must be differentiable.

ou(zy,)
ot

Time derivative

_Aix [J (xn+%) —J(CEn_

)]

A4

Time derivative loss

Bar-Sinai, Y., Hoyer, S., Hickey, J., & Brenner, M. P. (2019). Learning data-driven discretizations for
partial differential equations. Proceedings of the National Academy of Sciences, 116(31), 15344-15349.

35
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Innovative numerics

Unstructured numerical scheme
(popular at CERFACS):

Two-step Taylor-Galerkin type C
TTGC

(b) Tetrahedral gnid

"+ (0.5 —7) At ul + (1/6) At ul

u"t =" 4+ At al + v At ul

37 | ZCERFACS R m B s B H




TTGC: typical unstructured numerical scheme

Usually optimised globally

i" = u" + (0.5 — v) At ul + (1/6) At® u,

u" Tt =u" 4+ At Al + vy At? ul

v = 0.01

Equally spaced mesh

Innovative numerics

rregular mesh

383 | ZCERFACS E e m m B



Global optimal is not a local optimal!
v = 0.01

Allow y to change locally in the mesh

Differentiate TTGC solver
Supply gradients to NLopt (optimizer)

Innovative numerics |

39 | ZCERFACS E e m m B E
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Locally-adaptive numerical
schemes for unstructured solvers

Innovative numerics

Drozda, L. et al. (2021). Data-driven Taylor-Galerkin finite-element scheme for convection problems.
The Symbiosis of Deep Learning and Differential Equations - Neurips 2021 Workshop

Difterentiable Euler Solver in Julia (Zygote)

-1.00 -1.00
WTTGC -1 075 WML - TTGC 0.75 -> Too many limitations with mutability
1.00 -0. -0. |
Development of dedicated open-source
0.50 0.50 .
075 C++ / Tapenade solver: Anamika
| 0.25 0.25
0.50 0 0 N
A\
~0.25 ~0.25 i
0.25 Il
~0.50 ~0.5C i
0.00 ~
1 1 1 1 1 _1.00 1 1 1 1 1 _l.oc
0.00 025 0.50 0.75 1.00 0.00 025 0.50 0.75 1.00

https://certacs.tr/coop/DSL
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Innovative numerics

Poisson solvers

43 | ZCERFACS E E m m B ®m



- N Innovative numerics

l

Advection > fast classical
solver

> slow iterative solver
(up to 80% total
computation time)

Pressure
Correction

Neural network
replaces this

- Ait1

Strategy originally proposed as « FluidNet » [1]

[1] Tompson, Jonathan, et al. "Accelerating eulerian fluid simulation with convolutional networks."
Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017. 4 | ECERFACS E B B B B B



p p
0. 0.002 0.004 0.006 0.008 0.01 0. 0.002 0.004 0.006 0.008 0.01

I I ‘I | | I il |

CNN Jacobi 200

Full network approach |

45 | ZCERFACS E E E m B ®



Full network approach

* |Interesting results but robustness problems

Jacobi 200

* How could we guarantee the accuracy of the pressure correction”? => Hybrid
46 | ZCERFACS M B m N B =



Hybrid apprOaCh Innovative numerics

, ~

l

Advection > fast classical Jacobi 200 Jacobi 20049 ¢
solver

> neural
network initial guess

Pressure
Correction

l

N\ Tt lterative solver
converges to
precision if needed

Ajuria Illarramendi, Ekhi, et al. "Towards an hybrid computational strategy based on
deep learning for incompressible flows." AIAA Aviation 2020 forum. 2020. 47 SCFRFACS E m m m B B



HYbrid apprOaCh Innovative numerics

Traditional method

/ —>

Aj
Advection > fast classical
solver

Pressure
Correction

> neural
network initial guess

l

\ Fins lterative solver ' |

converges to Al-based method: 1.5x faster
precision if needed

Ajuria Illarramendi, Ekhi, et al. "Towards an hybrid computational strategy based on
deep learning for incompressible flows." AIAA Aviation 2020 forum. 2020. 48 | ZCERFACS E m m m B H



| HPC for Hybrid Simulation

CPU/GPU architectures

» |Interpolation strategies

Mesh issues » Innovative network architectures
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CPU/GPU architectures
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Mesh issues

T T 1T
va Ead il [T] 27 geeny
sl :-1 - - R .I“:‘.."- = m.ﬂ" 2
hd “-:q-:‘. §—y i:: bt bt ¥ ﬁ: atonl | POOL | 4 oy (T,
b ps 2 bl ¥ iy aoniy od | 52 b T e T
Mos bbbt el bt 1Y oot bbeaddl: 194 Nondd 15 od B2 b e S ool 12 e 0 S O 'j "q'.‘ 115 B -
L: coo W oe | | et S hroetiyy d -.u:-'", entibens L 30 i 1= ol i H - A
. . ] B0y b Rk ot 1 1 1998 il
e > ."P - -”:--‘—u:'-"' boigateray ] wh wtteee | [T e LT
e < ': e o] — | HH T v :.‘ ) a I:. T fevvnas d { -
b2 ¢ ety b= | M N b . ' -

115207 544 po ol bbae b hoadblile ¢ o T s = ] * " 1 e ' et
B0 o ol B oo £ [2% 4 by pedld b R e T e =R ; !
::. by s e et [ 2% =““ afre 11 . S b oy | I H
» - ' X TNy "

. 9 0% M Bocg 0 » 0o Gl et | o T SRR T T .

4 b L f‘.' e " 144 AN e | g MM
S 0| ptraaddd ::'»-n........ r M Bess st vesessi 1NN S 3
e s - .
" afebs e v bl b ret -t s § foetel 1] Wan 5
| el 4 5 i H s T |
wlan - 12 Lhd t 0 b ’ T Jifem -
ange e 3710 vws b bid Ty " wtd | n [T i 3 o
» o Speps e sfrhede Py NN b oo - :
M ol | BEAEHI 1 B Npnnnp Ayl s
NMMBINIMIEN DER AT 1 B "1 11T T 2 =
e IR IR I R I MMM Y 1 o | o LR H -
p b Il NHLH o i e
N IR L I R I EER L 1T NN U weewnanarn]s Lhi
IR IBIBI BN I e pEnnignimmmigmnigaam - -
BINIHIBEEEE o040 444 $ I N TR
NN . " A
R L 1 4 O S e b 1o
[ . . ) 4 - -
- - = ol B BEREEAN " P L i
MIBIN bt dd 4 b Stels 'TITY -t i lH NNy g
4 3 s il b H e T L
I} 2 o e 3 ' H e TR t
el i b3 14 b ooy . 111 Al AT ! o
I '
" "o "
I e e st and N 3 - M P " 4-1:.:!""! 4 {4 > - b4 1 ' m '.m ¥
" N N e S sadd | g o e T LTl
TTHU TR V32164 A b e . i
v
»e H e

52| ZCERFACS @ & B & B =



Mesh issues
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Unstructured mesh GNN: Same mesh

Direct use of Mesh Graph Networks can alleviate interpolation

Serhani, A., Xing, V., Dupuy, D., Lapeyre, C., Staffelbach, G. (2022). High-performance hybrid coupling of a CFD solver to deep neural networks.
33rd Parallel CFD International Conference, May 25-27, Alba, Italy.
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This shouldn’t happen...

/ AVBP-DL speedup

B | = Linear
~a- MUWELS-BOOSTER
® - [EAN-ZAY

64, 5 | M- KRAKEN (CERFACS)
C
2
48.E 16
O
0- (=
32.8 T 8
0 3
]6.%
4<
B
I,

1x l\;ode 2x N'ode dx h;ode Bx P;ode 16x ;dode 37x r'dode 64x }dode

GPU Partitions .
Parallel scaling

Rp Lraminyg

Domain Mesh

Node-level partitioning

{

{ PhyDLL : “
GPU-level partitioning | the Physics - Deep Learning Coupler
(nb of Python processes) \
| (open-source software) '

CPU-level partitioning .
(nb of AVBP processes) httpS//p hyd ll.readthedocs.io

Hierarchical domain discretization with treepart R N S E
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Hybrid-simulation:

More accurate models
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Hybrid-simulation: Hybrid simulation:

More accurate models Innovative numerics
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More accurate models lnnovative numerics CPUs/GPUs/ ...7
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