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| What is NVIDIA Modulus



NVIDIA MODULUS

Framework for Developing Physics ML Models for Digital Twins

» Use simulation and observation data and governing physics

equations to generate a robust surrogate model

Maodel Library

SymPy Equation . . . .
| * Generalizes parameterized domain and physics to encapsulate

multiple configurations/scenarios in the trained model

» Builds a Physics ML model/digital twin to iterate on the

Geometry A LA | o Numerical

ICs & BCs el design/operating space

l Plans

Observations PN 0 DR IR AR » Forward simulation, inverse and data assimilation problems

* What its not? Not a Solver, Not a Simulation platform
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S41823

Developing digital twins for weather, climate, and enerc

Physics-ML categorization
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NVIDIA Modulus - A Framework

Specifying geometry of the domain Network architectures - Curated networks

STL or Constructive Solid Geometry (CSG) Fourier Features (FN), Sinusoidal Representation
(SiReNs), Modified Fourier Features (mFN)

Fourier Neural Operator, Adaptive Fourier Neural
Operator

Fully Connected (FC)

Deep Galerkin Method (DGM)
Using ground truth data in Modulus Modified Highway Networks
Observed data or simulation data

Specify sampling policy

Specify parameterization

Multiplicative Filter Networks

Use only the governing equations with no data and more...

Use only data

Use both

Consistent with first principles
Faster convergence

NVIDIA



Case Study on Developing Diagital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

NVIDIA MODULUS - A FRAMEWORK

Key Concepts

Specify governing equations L /52 2
52 Lreszdual / ( ;;2 : (T) f(”l’)) dx
= Symbolic equations - { —=(z) = f(x), o 2 2
. 0 Unet
, - o reszdual — X7 *Ti f(Iz))
= Integral form or weak form u(0) =u(l) =0, N Z ( 012
= extensible Lee = uaet(0)* + tsne(1)*

Loss function minimization

0.00 - \\

= Satisfy the PDE ~0.02

—0.04 +

= Boundary conditions vy

—0.08 A

—0.10 A

- Neural Solver
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Case Study on Developing Diagital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

NVIDIA MODULUS - A FRAMEWORK

Key Concepts

Specify governing equations

2
55 (2) = f(),
= Symbolic equations
) =a(l) =40,
= Integral form or weak form 2 | 2
e / / ( Une t(a: ) — f(x ) drdl =~ (/ /d:rdl> NZ( Une t(:z: l)—f(l’z'))
= extensible
2 2 1 N
LBC — /1 (unet(oa l))2 T (unet(lal)dl ~ (/1 dl) N Z(unet(oa lz))2 U (unet(lia lz))2
Loss function minimization =
= Satisfy the PDE /
= Boundary conditions /
f--
Explicit Parameterization - |
50 175 2.00 o '
yg' .

S41823: Towards developing digital twins for weather, climate, and energy
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Modulus Framework - Verification

Continuous Time Approach
L2 Error: 0.15
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RNN Approach
L2 Error: 4.3e-3
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Electromagnetics
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Figure 42: Domain of 2D waveguide

In this example we will solve this waveguide problem by transverse-magnetic (7'M, ) mode, so that our unknown
variable is £2. (. y). The governing cquation in £ is

AE.(z,y) + kK E.(z,y) =0,

where k is the wavenumber. Notice in 2D scalar case, the PEC and ABC will be simplified in the following form,
respectively:
v o dE. _
. (7. y) = 0 on top and bottom boundaries. s T 0 on right boundary.
vy

Modulus , :
» - Commercial Solver Difference

Modulus :
Difference
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Commercial Solver

Wave Number = 32, Eigen Mode = 2

Vibrations

myxy (t) = —kyaxy (t
Moy (1) = —ko(xo(
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Modulus Framework - Verification

Turbulence

X

Time
(V)

Moveg lose Wisdhms Method

Taybor-Green vortex inatzal conditions.

-3.9e-01

- .

0 3.9e-0l]

1.00 - 304 - SimNet
~@~ Spectral Solver (grid res: 128)
0.75 - - Spectral Solver (gnd res: 256)
0.9 -
0.50 -
- 0.8 -
g 0.25-
: i :
® . = Y &
= 0.00 .
8
-0.25 4 = True x1
— True x2 0.6
-0.50 4 — True x3
—— Pred x1 0.5 -
—0.78 4|—— Pred\2 '
' — Pred x3
0 > a 6 10 0 2 - | 6 8 10
time

Taylor-Green Trubulent kinetic energy decay.
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Taylor-Green vortex initial conditions.

Modulus Framework - Verification

Taylor-Green Vortex Decay

TKE
1.0 —  SimNet
\ : | : . ——— Spectral Solver (grid res: 128)
| Solved } Solved § Solving = - Spectral Solver (grid res: 256)
j Neteq Netz ' : ] 0.9 4
(t
Moving Time Window Method. 0. 8 =
L
v
= 0.7 -
- V gia> 0.6 -
. | o ,‘ ‘ " ; / :
. o‘ “". ' 0.5—'
. | ' | o '\."\[ ,
37601 @ 3760 39601 0 39001 0 2 4 6 8 10

- - ime

Taylor-Green Trubulent kinetic energy decay.

Taylor-Green vortex at time 15.0.
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Modulus Framework - Performance
SINGLE GPU: Tensor Core Speed-Up for PDEs

A100 FPGA Time / iteration A100 FPGA Speedup
0.15 4
3.12
3
0.10
g 2 1.56
E o005 1.00
1
V100 FP32 A100 FP32 A100 TF32 V100 FP32 A100 FP32 A100 TF32
(a) Time per iteration (b) Speed-up
+ TF32
FP32
Case Description Pirop (Pa)  Compute Time (hrs) A
. . v 3
SimNet: Fully Connected Networks with FP32 29.24 86.9 £
0w 2
SimNet: Fully Connected Networks with TF32 29.13 39.5 T
0

A100 FP32 vs. TF32: Results, Compute Time, Loss 0 A0k 800k 12M

Number of Iterations
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Points per ms

Modulus Framework - Performance
MULTI-GPU: Node Scalability
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(a) Points per ms

3D Taylor Green strong scaling
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(b) Time per iteration

3D Taylor Green strong scaling
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Al in Science and Engineering

Inverse & Data Assimilation Problems Improved Physics & Predictions

Radiative heat flux between two
surfaces

. Micro-mechanical
Oil & Gas Material Model

m ~v - " "L ..
1 ‘@‘ POy Sk T e s ST 4 <
L : RIS P A L S U aeS P v
N 5 R SRR AR A
‘ - R O ©

High Energy/ . ’ ‘_ : . ‘ !f-‘-.i--?;';‘;..'..:f‘,‘f-;a»lj-vi'-‘, —f&?%&tn*:g:{e
Nuclear Physics ——— Molecular Dynamics

» -

,- S GuE wun
-
‘-
ST (BW (¥R W (B2 T |
_LLLEL IEEEEN-
aw ‘e e et basd M
) .)
"% 8w am ¥ e B an

Autonomous - e - BB
Ride & Handling Heat Sink \‘ a 29\[; Vias on a PCB

N Games Aerodynamics

Physics & Data - No Traditional Solver Physics - Traditional Solver (Speed is a limitation)
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Use cases

Reacting flow in industrial scale boiler
Fluid accelerated corrosion of he

at regoverys’ 4
steam generator ' 4 >

"
" ¢



Developing Digital Twins for Enerc

S41325

Applications using Modulus

-

PINN for reacting flows TL

Formulation and PINN vs CFD

 Aim: Create a digital twin of an industrial scale boiler — Supgrheated Reheated
Dtum}

* Simplified methane oxidation

Reheater

* Implemented reacting flow transport equations for <’ High pressure

. . . n) turbine exhaust —
kinetics-controlled combustion o E e 3
Blowiown Et -§ ) | SonomezEr ‘a’%
* No requirementfor training data ) - " Dezerated 5
g -g - o boiler feedwater
g ! 5 § é Flue gas
= | £5 It
% Single PINN model for a range of input conditions  Cea o] |« *» - Q el
ir F —>
* Fidels d | CED Coal-air P Hot air | preheater = inlet
idelity and accuracy comparable to mix ¢ » Ambient
- air

7/ _ < header

* Trained PINN can provide near-instantaneous Pulverizer |-»@-p.
- : s Inlet }
inference for any input condition ekt

Figure source: https://commons.wikimedia.org/wiki/File:Steam_Generator.png

1.S. DEPARTMENT OF

‘9 ENERGY

ENERGY

NATIONAL

TECHNOLOGY
LABORATORY

outlet

I

— Oxidizer
inlet

g
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Developing Digital Twins for Eneray Applications using Modulus

[S41325]
Towards a reacting flow solver

Governing equations: Strongly coupled PDEs

. INATIONAL

== |ENERGY
TECHNOLOGY
LABORATORY

 Single species + Multiple species Multiple species * Muliiple species Multiple species
«  Turbulent — * Turbulent — * Reacting o) | Reacting » * Reacting
+ Steady state + Steady state e  Turbulent * Turbulent e  Turbulent
e 2D e 2D » Steady state » Transient  Transient
. 2D « 2D « 3D
: — op , (o)
Continuity: e T Tox, T 0
. . . . ﬂ oYy, . i oYy,
Species mass fraction: Py TPUG, = Wt - (pDk Bxi)
. , d(pu;) , 9lpwu;)  dp | 0Ty
Momentum: T ox; ~ om ' ox
* Temperature: Tyl (wT) = OT 4 —(aﬂ)
P ' ot = dx; N J pcy Ox; \  0x;
* Kinetics-controlled single step irreversible reaction CH,+ 2(0,+3.76N,) - CO, + 2H,0 + 7.52N,
: : : PYCH4 PYo>
* Species source/sink terms Wcpg = —~MWenake ) ( ) etc
H4 MWo»
. Temperature source term Wr = =Ygy hx@Wy = —Xp_1 he @y — Yoy ARL iy

270K

<ANVIDIA. I
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Developing Digital Twins for Eneray Applications using Modulus

[S41325]
N = [NATIONAL
Simplified systems MIE%S’&%S&*

PINN vs CFD |
|
Species distributions for case without T source term | Temperature distribution with frozen species
|
AnsysFluent Modulus AnsysFluent Modulus : AnsysFluent Modulus
J N
|
|
|
|
| |
|
|
|
|
% |
- |
v y I
PRODUCT |
REACTANT I
|
- Mass_fraction_of_h2o Temperature
Mass_fraction_of_ch4 001 005 010 ' 350 00 1350 .00
0.00 0.2 0.50 I
. — - ! -

=
<™. U.S. DEPARTMENT OF ‘ —
' ENERGY &
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Developinag Diqgital Twins for Enerqv Applications using Modulus
NATIONAL
ENERGY

[S41325]
Resolving the issue with large T-source HEE%S?R%SW

Handling large T-source
e T-source dominates the Y-source

* This can lead to imbalances between the backpropagated
gradients

A) Gradient normalization approach

* Attempts to remove the dominance
of any component of the global loss
function

* Dynamically assighs weights to
different constraints

B) Transientapproach '.

Y cha Y_o2 Y_n2 T

* Handles large source terms by
. 0.54 1.00
Iearnln.g the change be.tween B - L R —
states instead of learning
everything at once
* Uses a moving time window

" 3. DEMARTMENT OF
. [A :
: \_:"'. -J‘..

/
-~
o
S

§
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Use cases

+ Reacting flow in industrial scale boiler & 4
Fluid accelerated corrosion of heat recovel
steam generator “




Case Study on Developing Diagital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

A typical Heat Recovery Steam Generator and some challenges
for Digitalization

Low Pressor Evaporator
* Mix of steam and liquid

l ."."":Q_Q_ - ,_,1' ..1 : L\ )
] —haes - —t——ts ettt oo 24 | ‘
< e 3 7% o
; | d‘ ] l f : l r\/ ) | ' ”
7 JHE Fye Def,;'q - & T ) A o
2 Y

. e L changes with operations
2Ry ﬁ;ifh DS , P 6w : e .
e 4 -Area of evgporatlon changes
""" — = M with operations
18850 ! 0 W ’ |”
' e (T % => Point of corrosion difficult to
% || | ':l [ ! L AP _DOwNCOUER FRE Lo ?wec .
| i ' predict
1 1|
:EZ 4 ||| H " :—'L—A]I | : ;.’ -,..-:--.-.;\;Ti-\;::‘.\ [535°C , .", 2 - 5% r.  — i- — “ A .i . r:',..'_z:1 But
E el e el o ¥ it e sl | o S5 o s vl « Thousands of pipes, no
' ; !;17 i sensors
% ,]! X i &  Fluid dynami SIEMENS
T e et | frosese s Lges e ~
i il r”\ |A's 'wt“ HIERH W'wﬂ \ ﬁ geometry, on
.' W ZEzd00 IV : S R . 4 AR \ |

avallable
Exhaust gas flow and temperatur

August 2021 Unres
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Case Study on Developing Diqgital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

The Fluid Accelerated Corrosion Workflow

Current
process

Better
process”?

August 2021

CFD Model preparation 3D CFD operating conditions

Full 3D geometry from 2D drawing Geometry preparation for CFD, mesh Different operating conditions for creating
generation (possible iterations) reduced order model response surface

Geometry : 2D — 3D

The challenge of the current approach:

* Detailed simulation take months to prepare for one plant

» (Costs exceed customer benefits

« Simplified data driven approaches do not determine the risk level in
an acceptable manner

<ANVIDIA. I
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Case Study on Developing Diagital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

HRSG WORKFLOW WITH MODULUS

Full 3D geometry from 2D drawing Geometry preparation for CFD, mesh Different operating conditions for creating
generation (possible iterations) reduced order model response surface
New suggested Geometry : 2D — 3D
Process
. ' 3D geometr
2D drawing Centerline geometry
geometry for FlUIdS

i |
iy
Using standard
CAD tools
<0.5hr

| SANVIDIA. I
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Case Study on Developing Diqgital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

HRSG WORKFLOW WITH MODULUS

Full 3D geometry from 2D drawing Geometry preparation for CFD, mesh
generation (possible iterations)

Different operating conditions for creating
reduced order model response surface

New suggested Geometry : 2D — 3D { Model Training }
process
* Mesh free, fast point cloud generation
2D drawing Centerline 3D geometry . Incompressible NS egs
geometry for Fluids

 Fourier feature neural network

T‘\(’ ool e | N rﬁ"\  Parameterized input velocity
\E2ErF==E=arassy/ F

, TS et
FJ BR=
i _@§ “0

ouneTHoR, | YR le

(.. LP. EVA QUTLET
i (58l \
G
05 19051905 409.5 1400
600 600 1800

3200

mlU:]HH||||."1!l.”|||'| Using Stan dar d
CAD tools
<0.5hr
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Case Study on Developing Diqgital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

from modulus.mesh_utils.mesh import Mesh
from modulus.plot_utils.vtk import var_to_vtk

# read stl files to moke point cloud
mesh_path = "./stl/’
prefix = 'Mesh_up_LPo_ '

interior_mesh = Mesh.from_stl(mesh_path + prefix + 'pipes.stl’)
noslip_mesh = Mesh.from_stl(mesh_path + prefix + ‘pipes_noslip.stl’,airtight=False)

# sample points in interior
interior_points = interior_mesh.sample_interior(&64eee, compute_distance_field=True)
var_to_vtk(interior_points, 'interior_points®)

dé?%
:
¢

R N BRI N B
4;;

VR

PySDF library: Modulus’ Tessellated Geometry
module, Optix for Sampling and SDF

Symbolic definition of equations

V-u=20
pou-Vu = —Vp + uvu

self.equations[“continuity"] = (
rho.diff(t) + (rho * u).diff(x) + (rho * v).diff(y) + (rho * w).diff(z)
)
self.equations[“"momentum_x"] = (
(rho * u).diff(t)
+ (
u * ((rho * u).diff(x))
+ v * ((rho * u).diff(y))
+w * ((rho * u).diff(z))
+ rho * u * (curl)
)
+ p.diff(x)
- (-2 /7 32 *mu * (curl)).diff(x)
- (mu * u.diff(x)).diff(x)
- (mu * u.diff(y)).diff(y)
- (mu * u.diff(z)).diff(z)
- (mu * (curl).diff(x))

Defining network architecture

class HRSGSclver(Solver):
train_domain = HRSGTrain
menitor_domain = HRSGMoniter

arh - Fourterietareh - «——— Fourier Feature Network

def __init__ (self, **config):
super(HRSGSolver, self).__init__ (**config)

self.arch.frequencies = ('axis', [1 for i in range(2@e)])

Loss = Lppg + Lgc

HRSG WORKFLOW WITH MODULUS

AdamOptimzer/loss
tag: AdamOptimzer/loss

Fourier Feature Net
~—  SjReNs

420 -

380

340

300

260 -

~~'~ LAl L B B

0 200k 400k 600k 800k 1M 1.2M 1.4M
Hyperparameter tuning and training

Verification and
Validation

Good match (in A,B,C):

StarCCM+

Modulus

< nVIDIA
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Case Study on Developing Diqgital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

HRSG WORKFLOW WITH MODULUS

Full 3D geometry from 2D drawing Geometry preparation for CFD, mesh Different operating conditions for creating
generation (possible iterations) reduced order model response surface

Suggested Geometry : 2D — 3D { Model Training } [ Infer new scenario J
Process

* Mesh free, fast point cloud generation * QOrder of 10,000x speed up per scenario

2D drawing Centerline 3D geometry * Incompressible NS eqgs * Order of seconds inference time vs 8 hr
geometry for Fluids
* Fourier feature neural network per CFD run

—‘\ ﬁ\ « Parameterized input velocity

\1\
Wiy |
%%
Using standard
CAD tools
<0.5hr
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NVIDIA Omnivers Enterprise

Platform for Creating and Connecting Virtual Worlds

Nucleus

[/ |\
v | A
/ \
/ } B
|

VTANIMATIONT =

/

WA

A

v | |
N i
r Vi 1 | .
] |
» " \ ; | 2 ) .
» 1 » N A
PN . \ \ Ly / ——
4 \ & o . \ | -/ > J
9 - / ' - \
A -~ b ™S \ g - ) . S
0 | i g K ? A v ) A =
> ’ ) 7 \ y I I - 6
/ 28 X | / | A S
o 4 o 1 %) | \ / .
. - g | a4l \ \
NN b ) I 7 ) '
R, % / Ty ¥ N »\1\1 / : e - b ! / !
g ‘ vttt TSA . I \ ) . \
N b .| e | | : - ’
A0S ’ - ] - |
/ o . - N We.
\ L Loy Al : . NN % { N
B e £ o ) { I r: ‘ | A A : |
) wr |\ NN g ] | D (el 4 ‘ g
P U AE L / | ) y X i
4 h - ¥ o /N - = f f [ v ] i
\ * RN | ", NS A N SN0 Nkl ,,v' | ) y f . N
— < / L o ¥ | ' ] » 7 -
' “ . g % = : ‘ i . fop " 9 : -
i\ N 1 . . % ’ . f i W g o e \
\ { g —-{. / I r |
— ™) ; ’ ! /9 € ¥
1 - — ‘\r— ’/ . o n ~ h h - — B
! | 2 v . -J / / — §
L\ 4 4 \ : / /; -
LA ! r ) /)
\ J K \ NS /
\ o ~
\ \ .
) 1 \ § it
] —~
- aN ® y
~S_NY - \ -
n 3 \ o
\ : \ ( 7 .‘ “‘ e n e re r
\ J ’ /
\\ ;
N ] y, d
N . / / / A
\_\. ’(‘; . /
\ ‘ L . /
N
\ y /
A - ¢ ’ 7
- !
" N \ 5
\ \ /
\
\
\
< \ J >
A
- r 5
- ~— p— . -
- A\ D1 \

USD Physics Materials Path-Tracing Al

Portal

Designer, Creator,
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Case Study on Developing Diagital Twins for the Power Industry usinc

Modulus and Omniverse [S41671 ]

Interactive
exploration q

MODULUS - OMNIVERSE INTEGRATION

Modulus Extension in Omniverse

Model inference Model Outputs

= Modulus Omniverse extension:

= enables importing outputs of Modulus trained model into a visualization pipeline for common output scenarios ex:

streamlines, iso-surface

= provides an interface that enables interactive exploration of design variables/parameters to infer new system be
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https://www.nvidia.com/ja-jp/on-demand/session/gtcspring22-s41671/

New Features in NVIDIA Modulus v22.03

New network architectures
Fourie Neural Operator
Physics Informed Neural Operator
Adaptive Fourier Neural Operator
Deep-0 Net

Modeling Enhancements

2-egn. Turbulence model

k—e, k—w models with standard and Launder-Spalding wall functions
Exact boundary condition imposition

Training features

Support for new optimizers
30+ optimizers
New algorithms for loss balancing

Grad Norm, Relative Loss Balancing with Random Lookback, and Soft Adapt
Sobolev (gradient-enhanced) training

Hydra Config
Post-processing

NVIDIA



New Features in NVIDIA Modulus v22.07

New network architectures

Generalized DeepONet architecture
FourCastNet

Training features
L1-L2 Loss Decaying

Performance Enhancements

Meshless Finite Differentiation
Dataset Refactor
Tiny CUDA NN

CUDA Graphs
Geometry Module Refactor

NVIDIA



Online Resource

NVIDIA Modulus Product Page

https://developer.nvidia.com/modulus

User Guide

https://docs.nvidia.com/deeplearning/modulus/index.html

NVIDIA Modulus Resource Center

https://resources.nvidia.com/l/en-us-modulus-pathfactory-explore-page

Physics Machine Learning ®7=&®D 7 L — L7 —72. NVIDIA Modulus &#HEI5

https://medium.com/nvidiajapan/physics-machine-learning-
%E3%8 1 BAEBE3%8 1 %IFBE3%82%8 1 BE3%8 1 BAEWE3IN83IUISUEINUE3INACKE3I%E3UBCUE3IUNE3INAONE3INE3INAFY%
E3%83%BCYE3%82%AF-nvidia-modulus-%E6%9C%80%E6%96%BOWE4%BA%EBWES%83%85-2734eabb5ad4
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https://developer.nvidia.com/modulus
https://docs.nvidia.com/deeplearning/modulus/index.html
https://resources.nvidia.com/l/en-us-modulus-pathfactory-explore-page
https://medium.com/nvidiajapan/physics-machine-learning-%E3%81%AE%E3%81%9F%E3%82%81%E3%81%AE%E3%83%95%E3%83%AC%E3%83%BC%E3%83%A0%E3%83%AF%E3%83%BC%E3%82%AF-nvidia-modulus-%E6%9C%80%E6%96%B0%E4%BA%8B%E6%83%85-2734ea6b5ad4

NVIDIA GTC 2022

9OH 19-22H
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FourCastNet
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https://www.nvidia.com/ja-jp/gtc/?ncid=GTC-NVNARUHIKOT




