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» Numerical simulation of severe accident scenarios [1].

+ Turbulent gas behavior at pipe rupture ac&:lent [2]. Al application for nuclear safety
“The need for hydrogen-LFL model” ' « RANS turbulent modeling eicomm
: i { with LES data L xocHTP
* Reinforcement learning . .. XI9ANGRER
: : : ; approach to overcome scale - XIsFTOR
= ' : : : : differences el
+ Identification of the hydrogen flame extinction mechanism with CFD simulation [3, 4]. I xigusol
+ Analytical modeling and validation of hydrogen flammability limit model [5, 6]. X18:UHTSD

_ * Development of hydrogen combustion risk prediction code for containment building T
(flammability, flame acceleration, DDT evaluation). ‘
: : “Flow/heat control with DRL”

“Need to accelerate CFD simulations”

N

+ Control of 2D Rayleigh—Benard
convection with multi-agent
reinforcement learning

| L S
* Application of G-CNNs for
+ Development of a new concept of network model by introducing CFD principles [7]. symmetrical invariant

= + Validation of the model using non-reacting and reacting flows.

. » Physics-informed transfer learning strategy to accelerate unsteady simulations [8]. =ul = | [ [~
g P = - :
: =1
E CFD calcrlation ’W‘

53 || \ngut L ou‘;pul | | n;lgul . num‘ul‘ ¥ + +
EZ i (n )80 Merge results
) rediction Class Wrapper
4 [ = CFD
[ p—p— for residual < ¢ Y Physics informed foss function s 5

”u T H T T T T T o Y o e s \s s{=recenter(s,s,,55) 7= (s, 51)

LFL (Experiment) (vald) ( | [l K @ﬂ :“ixﬁiiff.‘i""fx,} 2232.’(1“3 m
——— =Sl Lo | et | 4] | ouput || b o
(m — 1348 (n+ 2)6t, (e + 1) nit.




My research overview

Computational fluid dynamics (CFD)

d(u) Governing equations
—+ V-@@u)—V-(wVu) = —Vp

transfer

System code (NPPs)

. turbulent models,
computation speed)

(ex. accident progres.
prediction)

State-of-the art Al techniques




True

ML (linear regression)

Problem 1. incorrect interpolation (insufficient data)
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Problem 2: incorrect extrapolation (biased data)

"Almost all ML research faces these two problems”
5/22
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. Dataset
Our physics-knowledge
y = sin(ax + b) }

"Motivation for physics-informed machine learning”
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Achilles heel of CFD °

@ Unrealistic computation costs (especially for turbulent, reacting, multiphase flows)

-my experiences... Hydrogen explosion simulation (~200h/1s)

v" FLACS code (RANS) ~ 6h/1s

v CFX code (RANS) ~ 80h/1s w50 “‘Nuclear reactor severe accident simulation; 72 h"
v" Fluent code (LES) ~ 177h/1s :

AWKBSTED

(Jeon et al, 2022) 8 o 7
. . , nsiVv T
- scaling studies for near-wall region tg(be("}‘;ilg /7y

e

i

w

Turbulent
region
} Buffer layer

} Viscous ~ —)p ° Based on LES
sublayer
Not to Scale - (ST BOS@, 2019)
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Neural networks: universal nonlinear function approximator

- The deep neural network algorithms were inspired by biological neural network .

- Below figure shows the feed-forward algorithms in two-layer network model.
I-dimensional input matrix and J unit number of a hidden layer

- The back-propagation allows to optimize parameter values.
- Eq. (4) shows the representative loss function (mean square error)

Feed-Forward a[Lyiz, - 2007

- .

% Wi, L }fwnz}ab} Y, = XWX + b} (1)
x;, ”"’"”Z” Z=%; WY +b*=Y%; (sz(Zi WX; + bjl)) + b2 (2)

/ = Z] (VVJZ . FGIU(Y}')) + b2 — Z} (VVJZ . I‘EIU(Zi Wl,1]Xl + b]l ) + bZ (3)

iteration

1$n k k 2
Input layer Hidden layer — ](9) = ; k=1 (Z - Z (8)) (4)

= o] _ (o1 v\ _ (o] .\
VGG-16 CNN Architecture Mﬂ:-:mm an B aY an B ay

= (W2 : ((WZ)T -relu((WY)'X + bt) + b2 — Z) : XT)T (5)

1 ' Reward I

Take Environment
action

Observe state l 9/ 22




Recent advances in ML-PDEs

* Actually, it includes more broad ideas!!!
+ We aims to enhance accuracy & efficiency of NNs.

----------------------------------------- "
. .

Small data Some data Big data

Data

Physics

Lots of physics Some physics No physics

Nuclear engineering:
Multiphysics applications

Prof. George E. Karniadakis

Observational bias

B

Symmetry

Inductive bias

¥

Physics-informed machine learning

r

Conservation laws

Learning bias

Dynamics 10/22




Physics-informed neural networks (PINNS) . raissi, 2019) F’]

* Network design

Neural Network AD

Loss

Lepe = f(R,0,4,0,1, ..., 4)
Lpata = tlg — Ulpata

LIC e aln.to N0 g'ﬂ.to
Lge = (Oplllgn—0n9lan) + (@]aa — glan)

L =wLppg + WoLygra* |,
Y wal;c+ wylpe

Note: ii = [u,v,p, @], x = [x, y], 6: weights/biases, A: unknown PDE parameters, w;,i = 1, ..., 4: weights

4

End

(Cai, 2022) 110



Dee pO Net « Lu 2021

u(xy)
u(xs)

Inputs & output

u: function —>|
U(I,n) \
Network

yeR”/

¢ Stacked DeepONet

Branch net,

u(y)
u(za) Branch net,

u —»

o)\ {Branehnet]

« Example: antiderivative operator

ds(x)
dx

G(u)(y)

& &%|le

G:u(x) - s(x),

Training data
Input function «

at fixed sensors 71, ..., L
‘l.”l

X

=u(x),s(x) = sy + ] u(7) dr,

Output function G'(u)
at random location y

¢ ov||lg: &

G(u)(y)

input: u(x),y

Theorem 1 (Universal Approximation Theorem for Operator).
Suppose that o is a continuous non-polynomial function, X is a Banach
space, K,C X, Ky C R? are two compact sets in X and R?, respectively,
V isa compact set in C(K,), G is a nonlinear continuous operator,

1> 0, there are positive mtegers
, Wi € Rd,x]EKl, i=1,...,n,

p n
k
Gu)(y) =Y ) o Zf,ju(x]) + 0 o(w y+¢k) <e
k=1 i=1 j=1
N - y trunk
branch

a .
107 —I_ —I_ T'lr‘::: g

¥

= 10° |_X_‘

OUtPUt. G(u) (y) 10 FNN ResNet Seq2Seq Seq2Seq 10x  Stacked Stacked Unstacked Unstacked
(best) (best) (best) (best) (no bias) (bias) (no bias) (bias)
12/22



Finite volume method network (FVMN)

For best performance, we should develop a CFD fitted-network modell! JEnanDEN OooMonoE
- ldea of CNN: image has the stationarity of statistic P Convolutional Neural Network
input layer FEATURE LEARNING CLASSIFICATION
hidden layer 1 hidden layer 2
- MILP CNN: 1 image - 1 datast
. i 10
- Idea of our network model: all CFD nodes has the same rules Our: 1 grid - 1 datasef/ VS 10 IMages
CFD acceleration!!
All nodes must be satisfied with near nodes:
ap @ 0 —
1 . —+—(pv,)+—(pv,)=0
IC] BRI I Y ax(P x) ay(P y)
.__.@'/.__. F. training prediction
‘/‘:._ __________ — < >
T | 1 1 | e | 1,
| 11 1 : 31 B
o At 2 At 3 At T CFD field-t Tier system Derivative system CFD field-(t + 81)

(feature) (label)

13/22
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Finite volume method network (FVMN) W ’

:
t _ [t ot t t t t 5
X; = [xi’j,xi_l’j,xi+1’j,xi’j_1,xi’j+1] where X; € R

Physics-informed loss function o1
zk = [(%) _ ]where ZLeRr
L]

..... .......... ................ @E o —‘ < Tralnlng [OSS>
Pl | L1 | OEANSO | " | ] : 1yn Kk Kk 2
I”'* Y ol o B G '_ (previous): Lpse = ~Xj=1 (u —u (0))
] A2 e 0=t (@ - o)
8 ] nmse T &k=1\ 5t st
,,,,,,,,,,,,,,,,,,,,,, R s e S SR 2
CFD field-t Tier.s;yslem DNN Derivnlli\'e system  CFD field-(t + 1) ) 1 6‘u k 6u k 1 2 k 2
(et (e (b) Linse = w1 * ~Xk=1 <(§) - (g (9)) )) +wy =371 Te=a(Ef)
L= Linse + W2Lyesidua * . . . . .
— T - = @L s ‘w'. = ZWZL.‘ €.: continuity residual, £,,: Navier — Stokes residual 1*
e ERNBRIE o SR N
—_ ‘:.t : O O O “ ) TN 1 Ndata 2
) '! r? 1S O || e L oo = 17— L4 il ) - u)? and
{ o data
| O\~ 0 H 22
| P & S | Lppe = Nl Z?leE {3—? * “g—u - Vg—l; |(xj»,rj)'
o CFD field-t - Tier system DNN Derivative system  CFD field-(t + 1) FDE X X
(feature) (label) B B
| (Karniadakis, 2021)
Physics informed loss function (flux balance) d (u)

. =SS v @ - 6w +7p F +V7-(u®@u) —V-:-WwV) + Vp =¢
e,=n122w-ut

CFD field-(t + 1)*

e prmmivaen L. IMprove synchronization of FVM method and NNs

(Jeon, 2022) 2. Prevention “non-physical overfitting”
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Finite volume method network (FVMN)

* Improved performance of FVMN + Improved network performance

[mm]

0.05% 100 » Reducedresidualsin prediction time series
2) by FVM architecture

concave
region

« Still error growing..

0.04
0.03
0.02

0.01

imakeameme:org|

(1) FVMN (2) general

0.01 0.01 .
] ] 3) by loss function
—e— network(a)-p. —
0.001 — 00254 % network(a)-u ML
@ E e l
g 15 network (a) 2 ® 0.020-
g) B S = CFD ML
= o ] S
§  1ES- network (b) = é 0,015 B 1e6- l | T
~ 1 ° £ o
[ £ e
1E-6 4 E 0010+ —
& —A— network(a)-continuity
= —e— network(a)-Navier-Stokes|
1674 0.005 —4&— network(b)-continuity
1 network (a) —&— network(b)-Navier-Stokes
- double training data 0.000 . . . : : 1E-7 : . . —
1E-8 . - . v ' v ' v 1E-8 T T T T 0 2 4 6 8 10 12 0 2 4 6 8 10 12
0 100 200 300 400 500 0 100 200 300 400 500 Number of timesteps Number of timesteps
Epoch number Epoch number 15/22



Our idea: hybrid approach

» Residual-based physics-informed transfer learning (RePIT) strategy

Transfer learning strategy

Only CFD
PR > CFD: 0penFoarr‘
CFD calculation Al: TensorFlow
1 ,| Input output output | | output
0 8t 1 26t (n—1)ét] +
+mébt prediction
- Neural Network Ife = &
Updating parameter 2
Ife < &p
|
output | v | output | | | output | output
(m — 1)64] (n+ 2)st|" (n+ D)st| nét |
d(u) (Jeon, 2022)
T+V-(u®u)—l7-(vl7u)+l7p=£
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Our idea: hybrid approach F’]

 Residual-based physics-informed transfer learning (RePIT) strategy

- Residual fluctuations also commonly occur in traditional CFD solvers.

Residuals

[x

Window 2
ANSYS

HIF-Z

Residuals [ - ]

1e-08

V 7 I

5 1e-08 E
- Te-10 =
| | | | | | | Te-12 3
0 10000 20000 30000 40000 50000 60000 70000 80000 1a-14
Iterations [ - ] 454000 4545[”] 455|:I|:I|:I 4555[”] 455|:I|:I|:I 455500 45T|:IEID 45'."500 458000 458500 459000

Pirr lterations
7
Y
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Our idea: hybrid approach F’]

 Residual-based physics-informed transfer learning (RePIT) strategy

« Why OpenFOAM?

Truncation error Truncation error
Commercial CFD > NNs > Commercial CFD
OpenFOAM » NNs » OpenFOAM
Unified framework

'OpenFOAM is very powerful ..
In-situ data analyses and machine learning with

OpenFOAM and Python

18/22




Results and conclusion

* Single training approach (training data: initial 3 timesteps)

293.5 0.005
* *» 200 timesteps R N OpenFOAM
— FVMN

293.0

0.004 1
292.5 1
— Bl
— B2 0.003 A
— B3

292.0 A

Temperature (K)

Residual

291.5 A
0.002

291.0 1

0.001 A

290.5

10 15 20 25 30
Time (s)
0.000 T T T T
0.20 — 20 40 60 80 100
# of timesteps

— B2
0.15 —
= Residual divergence problem:
al residual of continuity equation

0.05 A1

Velocity (m/s)

0.00 A

—-0.05 1

- \/\‘ = l/‘f__/’f |
10 15 20 25 30

Time (s) 19/22




' P —PhiL * ®
Results and conclusion oV - (pu)” = €

*— ¢ * * * : 2 '
(puw) 5(tPU)ML + V- (puw) +Vp*—pg—"V- (‘ueff(vu + VuT)) + V(gﬂeff(v . u)) =¢

*_ t * t *_t *
PPV 1 7 (puh)* + LML 4 7 (puk)t — PP g (g Vh) — prut g = e

g St 1) 6
» Feasibility study of RePIT strategy
293.5 100
AN — Bl O CPU(1thread) = CFD (GpenFOAM)
293.0 AN : :i 2g|;ld(12smread) — ML (FYMN)
g 2925 w 107
o
£ \ o
® 292.0 > ]
a E
£ = 14
2 2915 b 085
(<)
5 \
291.0 A g x 15
s x . . T |_ 0-1 _- " /
290.5 : ! : ! ] 3
10 12 14 16 18 20 | 0033 0.035
Time (s) 0ot i ) x 3 acceleration /
0.005 0.01 L =@ . i . :
. P S T T Y CTEEE 0O O 20,000 80,000 500,000
X Truncation error issue (solved) T oA _
Number of grids
0.004 1
= 0.003 4
3 argonne-lcf/
£ 2l CFD PythonFOAM
In-situ data analyses and machine learning with
""""" OpenFOAM and Python
0.001 A A1 ©1 v 144 ¥ 63
Contributor ssUe Stars Forks
s00p L= e M M A AL M M o M A A Ao A B B M A A A A e Y NV

200 400 600 800 1000
# of timesteps




Results and conclusion

Ground truth Single training RePIT

Natural convection simulation by OpenFOAM

laminar flow, buoyantPimpleFoam

12s

unified square grids (200x200).

°
Temperature

X 11 acceleration for 1 time series prediction

20s

175

150

125

12s

100

Heating wall
307.75K

Cooling wall
288.15 K

75

Velocity

50

20s

25

(=] 'g)
[

=]
s

100
125
150
175

Ta]
[n]

Adiabaticwall




: o
Summary and conclusions n

“enlighten: to give knowledge or understanding”

Observationar. Inductive bias Learning bias

Svmmetry Conservation laws Dynamics
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Thank you for listening!

jgjeongi@jbnu.ac.kr
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What is artificial intelligence? F’]

Computer Science

Artificial Intelligence

Machine Learning

LN

Unsupervised, . . Supervised

Learning [ ., Learning
R g\ Reinforcement

Learni
Self-Supervised i

Learning
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What is machine learning?

« artificial intelligence vs machine learning (heural networks)

v ‘Artificial intelligence’: the theory and development of computer systems able to perform tasks that normally require human
intelligence, such as visual perception, speech recognition, decision-making, and translation between languages

v 'Machine learning’: the use and development of computer systems that are able to learn and adapt without following explicit

instructions, by using algorithms and statistical models to analyze and draw inferences from patterns in data.

v' Simple example

Rule-based Al =t
L2hAd
Rule-based Al ok7t 3loic}
/ 2o § W —> o ——> i
- LEhal — ! \ A’ T SlOkAH
.« . } oz Zeic} > — RIS
S=0

Machine learning / 2ir] A
= HiL{} N% L2 tAK % HHLIL} ) _ L ) g,ta ;mq ) 4
*:-‘ 017+ S|0drt ' "” . o HH—‘H—‘} % L_:v::j; '.,{\__)i' % L”’Ll’Ll‘
- X k LEXFSIC|




What is deep learning?

» machine learning vs deep learning

Machine Learning

& &y 231 [l

Input Feature extraction Classification Output

Deep Learning

o — 37 - Il

Input Feature extraction + Classification Output

o
b _(—
; °
Y
® /o ® | 5
e @ PY /,. ....... o |
b [ Y4
Input Space Feature Space

al 10 - 4 regions

B 20 - 16 regions
[]

1]

5 pis] I5 n

) XD - 64 regions
b
L . @
e - 1%
™ . .
i 1
1]
ge |
*
__r’_/,: [
T u®




https://github.com/maziarraissi/PINNs/bl
Pl N N S ob/master/main/continuous_time_inferen o
ce%20(Schrodinger)/Schrodinger.py

« Example: Shrodinger equation

ih; + 0.5h, + |h|?h =0, xe[-5,5], te[0, /2],
h(0, x) = 2 sech(x),

|h(t, )]
h(t, —5) = h(t, 5), 5 : o .
; : ! | X Data (150 points) 30
hX(ta _5) - hX(ta 5)5 ! ! ! 25
= 08 2.0
MSE = MSEq + MSE}, + MSEj, | | i 22
. : : : 0.5
where B : . s I
N 0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
1 < . .
MSEq = N_OZm(o,xg) — hg|?, c
i=1
Np
MSEs = 3 >~ (Ih'(eh, =5) = hie), 5)P + Ik th, —5) — hith. 5)I)
i=1
and
Ny
1 . .
MSEp=— > |f(ty.xp)I*. i
N; ; X (Cai, 2022) ...



PINNS

* [ssues in PINNSs

PINN vs FEM
1. Long-time ntegraton | e mM
. . : Piecewise
2. Complex problems Basis function NN (nonlinear) oolynomial (inear)
] Parameters Weights and biases Point values
3. Sampling methods
Training points Mesh-free Mesh points
4. Training dynamics
Governing equation Loss function Algebraic system
and much more ... Cradi
radient-based .
Parameter solver Linear solver

optimization

(arXiv.1907.04502)
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https://github.com/lululxvi/deeponet/blob/master/s °
rc/deeponet_pde.py
DeepONet

« Example: antiderivative operator and diffusion-reaction PDE

ds (x) x Training data
S(x - :
= u(x),s(x) = so + f u(t) dr, | Input function u Output funchon_G (u)
dx at fixed sensors x1,...,Zm at random location vy
0 -~ -
,0, o xT ’/r \
G:u(x) - s(x), «ry ;n ‘ \ ,
xr \ ’ \ ,
1 S o . N
0s Dazs+k2+ (x),x € (0,1),t € (0,1] ‘o ~ s d
—=D— S u(x), x ,1), , _- ~ . -
ot dx? .o - - Lm
$1$2

G:u(x) - s(x, t),
input: u(x),y

output: ¢G(u)(y)
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https://github.com/lululxvi/deeponet/blob/master/s
Dee po N et rc/deeponet_pde.py ®

« Example: Navier-stokes equation

" For the ODEs and PDEs, the input function of the operators could be the boundary

conditions, initial conditions or forcing terms (Lu, 2021).

N . Dsensors

Input; upstream disturbance
output: downstream perturbation field

Inflow
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https://github.com/lululxvi/deeponet/blob/master/s
PINN vs DeepONet reldecponet_pde.py ’

* PINN
(+) easy to implement, applicable to various domains and equations
(+) unsupervised learning
(-) predict only a single PDE instance
(-) hard to impose BCs
* DeepONet
(+) predict multiple PDE instances
(+) can use modern DNN architecture
(-) supervised (in general), low accuracy on unseen data

(-) hard to impose BCs (Hong, 2023)
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