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Al application for nuclear safety '

+ Development of nuclear reactor
severe accident.

» Surrogate model for corium

heat transfer

» Accident prognosis Al

* Numerical simulation of severe accident scenarios [1].
» Turbulent gas behavior at pipe rupture ac{dent [2].

X7:CBR
~| X8:CDMM

“The need for hydrogen-LFL model”

* Identification of the hydrogen flame extinction mechanism with CFD simulation [3, 4].
» Analytical modeling and validation of hydrogen flammability limit model [5, 6].
» Development of hydrogen combustion risk prediction code for containment building

(flammability, flame acceleration, DDT evaluation). j
{ ‘ : “Turbulent near-wall region modeling”

“Need to accelerate CFD simulations” : '

» Development of a new concept of network model by introducing CFD principles [7].
+ Validation of the model using non-reacting and reacting flows.
* Physics-informed transfer learning strategy to accelerate unsteady simulations [8].

X9CHTP

X10:ANGREP
X11:FDHF
X12:EPOR
X13:FTCR
X14:FQBDHF

b4

X18:UHTSD

+ Limitation of algebraic (logarithmic)
wall model and TBLE model

» Development of DRL method for
turbulent near-wall region modeling

+ Sod2d (spectral element method
code) + TensorFlow (DRL library)
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“Reinforcement learning”
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Background and objective

« A modern big wave of machine learning has propagated to all industries.

Training Compute Time (Petaflop/Days)
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Background and objective

( (Jeon et al,, 2021)
8

@ H2-air (Terpstra)
Y @® H2-air-He (Terpstra, Kumar)
® H2-air-N2 (Terpstra, Kumar)|
@ H2-air-Ar (Terpstra)
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A H2-air-steam (MAAP code)
A H2-air-CO2 (Terpstra)
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Mechanistic model vs Al regression model

focused burning intensity
(by recirculation offect)

focused burning intensity £
(by Lewis number effect)

trailing edge|

extinction 1l jl

(Jeon et al, 2021)

oo "o ™ Where Al can do best & most needed!
- o @ Massive data

Hydrogen LFL model was developed by @ Multi-dimensional data

elucidation of flame extinction mechanism: . .
® Non-analytical (non-linear) data

0.207(7 — myep) = z ni[AHj?,i + Cpi(T; — Trep)] —

reactants

- now being used by national
ni[AH)?,i + ¢ (Tenarr — Tref)] C] : 4
RS research institute
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Background and objective

.@chine@ fluid dynamics community

"Enhancing computational fluid dynamics with machine learning (2022)
Nature Computational Science”

Prof. R. Vinuesa Prof. S.L. Brunton

@D Increasing the speed of computational fluid dynamics
- Finding spatial derivatives in low-resolution grids

N - finite volume discretization scheme neural networks

" MBS s - solving Poisson equation with deep learning

i
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L m
Background and objective (V.E. Kang, 2022)

Training dataset Dimensionality reduction model

°@eofmachine@ fluid dynamics community m — e 1\[

@ Turbulent modeling ::r--= ..... —
- DNS quantities = supervised learning to LES simulation
- Sub grid scale (SGS) turbulent modeling with reinforcement learning | |

@ Reduced order models (ROMs)

- even complex flows often exhibit a few dominant coherent structures.
- to extract flow mode for flow control

- for more efficient data-driven methods. ?
| (S.R. Bukka, 2021)
| 1 - v
Pressure: Mode 1[65.69%) g Pressure: Mode 2(29.66%)
RANS LES + Al DNS I,
.01 - 0.02
¥ 0.008 —
E 1'005 1.01
-

Z "7/38




DIGITAL TWIN

/'ng parts il
(ex. turbulent models, ]
computation speed)

Missing parts

(ex. accident prognosis, 1” —_
model accuracy) C F D O O 7'
Al= Agent

State-of-the art Al techniques 8/38
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What is CFD?

mass, momentum,
o . energy, species
* How it simulates fluid flow. equations

(D Derivation of mathematical equations

@ Numerical method for solving partial differential equations (PDEs)

@ Mesh generation

@ Simulation mass conservation by finite difference method
dp , d(puw) , d(pv) 0(pz)
& — + =
il - at + ox t dy 0z 0
T I i pttipt  (pWij—(pWij | (PWijr1=(PV)ijk
" + + +...
g } St 5x Sy
Ma ® b,
i = (mass change) _ (x - inflow) . (x - outflow)
i | rate rate rate
d (y — inflow) _ (y — outflow)
i+ rate rate

I (z —inf low) _ (z — outf low)
( rate rate

Figure 1: Representation of the control volume.
source )




What is CFD?

 Turbulent flow is more and more complex...

ou N ou; 0%y 1 dp N
Laminar: -t Ui ——V =——3. 19 :
at dx;  0x;0x; p 0x; Adorable laminar flow
U [cm/s] _
E\.h.'ll’."h‘l'..-\.l:\;:lf‘mh\'ﬂ
— _ 2
."?;_\'. 1,000,000 Q
© -
@& | - 3
t@x ', | 100,000 ;g
-

et
Sulr-gridl scala [5G
Eddies aie modeled and

t [seconds] H—— 2

Turbulent: u(x,t) = u(x) + u'(x,t) H
2 =
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What is CFD?

* From RANS to DNS RANS LES DNS

- Reynolds averaged Navier Stokes (RANS)
- Large eddy simulation (LES)

- Direct numerical simulation (DNS)

expensive, accurate
| > A _.__-| DNS

RANS LES DNS |
/ |

LES

I =
Timp

(G. Staffelbach, 2008)

cheep, rough 12/38




Achilles heel of CFD "y

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

Hydrogen explosion simulation (~100h/1s)

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

v CFX code (RANS) ~ 80h/1s ) R “Nuclear reactor severe accident simulation: 72 h”
v" Fluent code (LES) ~ 177h/1s 43

- my experiences...

eon et al., 2022)

(Tolias et al., 2018)
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- scaling studies for near-wall region too eXP
J J <0(Re'3/7) ~0(Re)
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E fﬁ‘___—:: /}(z/oo V%JO O g }regon
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g . i e d - } Viscous

—— Laminar ———= Transition -<———— Turbulent
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Mot to Scale

v Based on LES
“ (S.T. Bose, 2019)
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"Wall-modeled large-eddy simulation for complex turbulent flows,
Annual Review of Fluid Mechanics”

Achilles heel of CFD

3 f
f— turbulent flame model, boiling heat transfer, etc. Prof. G.I Park W 2K

@ Turbulent models: a lot of progress, but still hungry ‘

- With the current CPU performance, industrial application of DNS is ‘usually’ impossible.

Prof. P. Moin

- Wall-modeled LES (WMLES) is being considered as the next best option.

- However, sub-grid scale Reynolds stress model and turbulent wall model are still highly dependent on

empirical constants.
Unreliable accuracy for

-gri le vi ity model
. Sub-grid scale viscosity complex geometry!
v ) ,.—i_.;p
y u(y) = « — 2 / A
”m.; — /.-———h,,_,// OO ; Turpulent ngS - (CSA) ZSl]Sl]
> < I @) @) P> region —
> <R Cr >
> - ——e Q) >
> — T O Q OC \D > }Buﬁerla
- T T oA s qyrbylent wall model
E’//__’ —, — T A ey ey T - }ViSCOUS Ur U en Wa mo e
»l fx_} — — — — —= sublayer
Not to Scale + _ 11 + B
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Neural networks

Q

People with no idea Me wondering why my
about Al, telling me my  neural network is

Al will destroy the world

- 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 {%Z(Zn - 2,(0))*}

otz -z} — 1 1
e ae] Yy = XWX + b

" O Z= ;W7 + b7 = L, (WP (ZaWis o + b)) + 7
Z=3; (W]2 : relu(Yj)) +b*=3; (sz -relu(Y; W X; + b} ) + b2

1syn k k 2
Input layer Hidden layer R ](6) == ;Zk=1 (Z - Z (9))

o (o] ov\ (9 XTT
owl ~\ay awt/) —\ar’

_ (Wz , ((WZ)T -relu((WH'X + bt) + b% — Z) 'XT)T

VGG-16 CNN Architecture

1 . Reward |

e

Take Environment
action

parameter 8

Inputs Outputs Observe state l
(shifted right)

classifying a cat as a dog..

)
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Neural networks - domain knowledge

 Paradoxically, the success of ChatGPT highlighted the importance of domain knowledge.

(source: OpenAl)

o, - L] Step1 Step 2 Step 3
>0< Re I n fo rce m e nt I ea rn I n g fro m h u m a n fee d bac k ( R L H F) Collect demonstration data Collect comparison data and Optimize a policy against the
and train a supervised policy. train a reward model. reward model using the PPO
reinforcement learning algorithm.
A promptis I‘I; A prompt and r} A new prompt is ~
sampled from our Explain m‘;,memem several model Explain ,:mmmem sampled from Write astory
prompt dataset. learning to a 6 year old. outputs are learning to a 6 year old. the dataset. about otters.
» G sampled.
l Large-scale language model pretraining ! {
Training on code The PPO modelis D
G PT 3 ] 't' | . . Alabeler @ initialized from the ./)?f“. -
| r nita | Instruction tuni ng demonstrates the v supervised policy. P2
. desired output
Davinci » behavor g f
GPT-3 Series Codex Initial InstructGPT Initial | Alabeter anks the @ gl GEneaes .
outputs from best g
Code-davinci-001 Instruct-davinci-beta oA toworst. 0-0-0-0 /
This data is used to N The reward model M
i i fine-tune GPT-3.5 il ¢ calculates a reward ./5?,7&.
Code-cushman-001 Text-davinci-001 withsupervised ¢ y for the outt T
earmng. BEEE This data is used 2R '
- | to train our .\.\S.é{/. The reward is used
reward model. to update the o
& o . . 0-0-0-0 policy using PPO. i
LM + code training then instruction tuning
Code-davinci-002

GPT-3.5 Series l Supervised instruction tuning 1) Supervised ﬁne tuning (human Iabeler)
[ RLHF l— Text-davinci-002 _l RLHF

2) Reward modeled (human evaluator)

Text-davinci-003 ChatGPT

3) Reinforcement learning with the reward model

(source: Matt Richard'’s blog)

"Insert domain knowledge in Al models”
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Neural networks - domain knowledge

» In fact, we can see the power of domain knowledge even from machine learning fundamentals

Gaussian discriminant analysis (GDA) logistic regression analysis
1 required data amount, "’
°r parameters :
-0-9-0-0——
l — 5-Curve
2 yZOS
T T T A
_af _Ig D _
Pz e=n Threshold Value

S ~ Zim:ll{y(i)=0}x<t>

PTTELI00=0) y=0.3
) . E:’;] 1{y(i) - l}x([) 0
- ‘ . ‘ . ‘ . l N B Ty >)(

Y=o 3 O - T where k =100 = 1)

If data is expensive and special: CFD If data is rich and general: NLP

\__» Domain knowledged Al general Al
2 Commonality
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Neural networks - domain knowledge "]

* Principles of the finite volume method (FVM)

- It is important to thoroughly understand the principles of CFD simulation.
- General transport equation can be expressed by Eq. (1) with the discretized control volumes.

- The basic idea of the FVM is the divergence terms can be converted to surface integrals (Eqg. (3))
: by Gauss's theorem (Eq. (2)).

- The quantity of the neighboring grid as well as the main grid determines the next timestep field

- We paid attention to these principles of the FVM, the tier (stencil) /derivative system.

ol T - 2 [ ppdv + [, V- (pud) dV — [, V- (pTpVe) dV = [, Sy(@) dV (1)
| J/’ [,V-adV=¢dA-a 2)
-1 1@ | 1T F
o) 2 pp AV + §,(pug) dA — §,(pT, V) dA = [, Sy(e) dV ()
T
i P4 = (v + 3= (pvy) = 0 (4)

19/38



Can Al improve CFD? - Part 1. acceleration

For best performance, we should develop a CFD fitted-network model! b oo « ]~

- Idea of CNN: image has the stationarity of statistic

Convolutional Neural Network

oooooooooooooooooooooooooooooooooooooooooooooooooooooo

LLY
\ J \ CCCCCCCCCCCCCCCC j
Y Y
input layer FEATURE LEARNING CLASSIFICATION

hidden layer 1 hidden layer 2

™

ML CNN: 1 image = 1 dataset 10(?]'890 images
: id = vs 10 iImages
- Idea of our network model: all CFD nodes has the same rules Our: 1 grid =1 datasy 9

CFD acceleration!!

All nodes must be satisfied with near nodes:

d(u)
ICl ] ~% Tqr +V-(u®@u) -V @) =-Vp
o =
I I B el training prediction ¥ |
S = -
S I T | 1,
| T T 1 - | | -
0 At 2At 3At T CFD field-t T;?:ast?rtgn Deriv?lt;\tl’zls)ystem CFD field-(t + 51)
20/38
(Jeon, 2022)



Can Al improve CFD? - Part 1. acceleration

* novel concept of network model: FVMN

* In this study, a finite volume method network (FVMN) was
proposed considering the principles of the FVM in the network
input/output system.

. xt oot oyt
Xit, Xitp0Xo, Ve V!

‘ /

)

« Although the tier system have been already suggested by previous
studies, we additionally design the derivative system.

CFD field-t Tier system MLP Derivative system CFD field-t + 1

(feature) (label) Xt — [xlt’]] where Xt €R (1)
ML field-t +1 Update variable fields General mode/
] |
Zt = [xfj’l] where X!t € R )
O O (ﬁ)
O O ; T
T - u
Oo-0 0 t
0O B t_ [t ot t t t 1 t ¢ p5
CFD field-t Tier system MLP Derivative system CFD field-t + 1 Xt - [xl'] ’ xl_ 1!] ’ xl+1I] 4 xll.] -1 xl;] +1 ] Where Xt E R (3)
(feature) (label)
s t+1
t _ X t
(Jeon, 2022) Zg = [(E)i ; ] where Z; € R (4)

* CNN: # of training samples = # of CFD snapshots (image-based)
* FVMN: # of training samples = # of CFD grids (grid based)
Original data: g, FVMN input 21/38
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(Praditia, 20217) O
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Can Al improve CFD? - Part 1. acceleration

= '
ot

1)
— ODE solver

| What is PINNs?

Physics-informed neural networks (PINNSs)

@2 NVIDIA. DEVELOPER Home Blog Forums Docs Downloads Training SAMSUNG SDS ees 27 °43 FEHY
QUIOIE | CIMOIEREE  ZRESTIE WM DA 24a sy
Technical Blog = Filter
(a) _ . s
i = L ABX S j
Accelerating Product Development with . Al 7|8k £3] HE A 0|23 AlS 0|

Physics-Informed Neural Networks and )
NVIDIA Modulus <(

2023-01-18 | 2717

o=, olagst|

Nov 02, 2021
(b) By ) and
Theoretical 2D Laminar Jet Solution =] (a]X=% S
10 ) g Alzjgt Z2| 48 MFUE LD
24 0|83t AlE2|0]/d . R
- 18 \ .
£ 1.5 0 ' -
1.2 i
> 0.9 L
0.6 —
0.3
0.0 O|H 20| AIZ2l0| Mol A 2|2 ot7t 2|1 Qe 22| HE AZ X (Physics-Informed Neural Network, 0[Sk PINN)O| CHati Al

3 4 5

L
P
C20| BZIALIC 01714 Alg2fo|Mojat S SKIofel, HADIS 5 B8t XIS #THZFEIS 082 43xol oz

=S, A SSSA T SU TR ca=

‘ S UL RHSK HY, FOIE S, Bhes| AXtAIZ2[0|M S0| A&LICH

cropai - Upaepermninaen 1. IMprove synchronization of FVM method and NNs v S
(Jeon, 2022)

X (m)

2. Prevention “non-physical overfitting”
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Can Al improve CFD? - Part 1. acceleration

» Improved performance of FVMN

5 T T u T T T T T T T 0.5
—O— Single-step-Max.
—@— Single-: -M
1 2 misepac 1) by FVM architecture
Py 4 —Z— E/Iulti-tste::'—\;IVIean O 4
5 -1 —A— nt-Max. o
> - cg::t:m-mzan 3 -
= | |-©O— General-Max. =
o
= <)
[0] 3 Efficacy in multi- step predlctlon 0.3 =
2 A/ y o » Improved network performance
8 / 2
g 2 A e -/. L 0.2 % H I 1 1+1 1 1
§ r;pMy Ve /:/ c Reduced residuals in prediction time series
£ ] - o}
= S =
S 12— L I I
01 Still error growing...
0.0
12
Number of timesteps
0.030 1E-5
—e— network(a)-p
0.025 [~ network(a)-u
N —a— network(a)-v
g —o— network(b)-p
©0.0204 | —o— network(b)-u
=] —2— network(b)-v = k
2 3 L
S 0.015 2 1E-6
: ¢ ]
£ 0.010-
3 - —aA— network(a)-continuity
= —@— network(a)-Navier-Stokes
0.005 2) by PIN NS —&— network(b)-continuity
—&— network(b)-Navier-Stokes
0.000 v T T T T T T T T T 1E-7 T T T T T T T T T T T
0 2 4 6 8 10 12 0 2 4 6 8 10 12
Number of timesteps Number of timesteps 23/38



Can Al improve CFD? - Part 1. acceleration

* Physics-informed transfer learning

Car: Al
Repairman: CFD

|
LA
i | —
i
]
|

Transfer learning strategy

Mr. J. Lee (HYU)

Only CFD
.......................................................... >
CFD calculation
1IN Input output output | output
0 ot 28t (n—1)ét

CFD: OpenFoam
AlI: TensorFlow

prediction

+mét
5> &
- Neural Network If&= &
Updating parameter 2
Ife< &y
|

output | vy | output | output | output |,
(m — 1)8¢ (n+2)6t]* (n+1)8t]| nét |
d(u) (Jeon, 2022)
T+l7-(u®u)—\7-(v\7u)+l7p=£
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Can Al improve CFD? - Part 1. acceleration

» The boundary layer issue is also the reason why the transfer strategy is needed.

0025 Two solutions
1) Large Al model (~175 billion parameter numbers, now x 107)
oo 2) Physics-informed transfer learning
E om0 3D pressure contour
0.005 Why?
0.000 -
—0.005 T T T T T
—0.005 0.000 0.005 0.010 0.015 0.020 0.025
True Values X T X[a;le’ } OQutlet
o, | ow =] N
R
2D error contour 25/38



Can Al improve CFD? - Part 1. acceleration

* Feasibility study of the physics-informed transfer learning strategy

0.016
CFD ML CFD ML CF
5 0.012 P
®©
Q
3 v
o
é 0.008 - ML-CFD strategy
= (this study)
3
£
3
= 0.004
0.000 s T T T T T T T
100 102 104 106 108 \110) 112 114 116
Time (s) \
1E5
Continuity
Periodic residual (acceptable)
% @
S 1E6
Q
o

1E-7

Navier-Stokes

1.00

T
1.02

T
1.04

T
1.06

T T T T
1.08 1.10 1.12 1.14 1.16
Time (s)

Multiphase flow (ongoing)

 Error recovery was observed in the CFD zone.

- Effect by correction of flux balances (residuals)

Single learning ML-CFD strategy

100 -
05 0.5 0016 ]
= Q CPU (1 thread) == CFD (OpenFOAM)
004 B @ CPU (128 thread) — ML (FVMN)
p (Pa) 00 oo © ® GFU
001 E iy 10
0510 00 10 E ]
. 0.008 '.a_)'
0006 8
£
u (m/s) ! 00 ooy B=] 14
0.002 : ]
05 2
-1.0 0.0 1.0 o )
£
= 014 ‘ Q
v (m/s) o 00 1 | i
| 0.033 _0.035
i ) x 3 acceleration :
010 0.0 10 [m] 0.01 0.012 ?—
} v T r T
20,000 80,000 500,000
(Jeon, 2022) Number of grids
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Can Al improve CFD? - Part 2. accuracy “]

* Background
* Why we need Large eddy simulation (LES)?

The NASA 2030 CFD Vision Report demonstrated deficiency of lower fidelity (RANS-based) solution approaches and

suggests that unsteady simulation techniques such as LES may provide sufficient accuracy.

Especially, in nuclear field, RANS-based solution is not suitable for analyzing complex flow in accident conditions.

Why we need wall modeled LES (WMLES)?

In high Reynolds numbers, the grid requirements for wall resolved large eddy simulations are not feasible.

. . . el
- Grid requirement = computational cost 100 expens
~0(Re'3/7) ~0(Re)
. Piecewise-linear Non-linear
v J S s « .
Uo ) g o “EJ/(1 ) 3| b Turbulent J[
d iy > region \
=t o i =1 |
: /../’:: — \/ﬁ\/% N ,HQ o~ ,QC/_\Q -: }Buﬁerlayer v ‘
;/f/,/ — T A ey ~—y — A ud }Viscous y
P rx_" —r —= —= — — sublayer :
Not to Scale
[&——— Laminar ———>< Transition -<———— Turbulent ftbl




Can Al improve CFD? - Part 2. accuracy

» Background
* Historical attempts in WMLES

(1) Algebraic wall model: effective in the absence of pressure gradient conditions.

Many studies on the non-equilibrium wall model
are still in progress!

1
T =—logy* +B
 08Y

Parviz Moin
1 y + y + e"l \S/tear:;ifgcrideLr:WIE;/IZrtS;ténford_edu
u+ O 41 log(l + O 4‘y+) + 7 8 1 — e 11 — H e_O 333/ .‘;ﬁ. Turbulent flows ~ Fluid Mechanics Turbulence ~Computational Fluid Dyna. ..
(2) Thin boundary-layer equation (TBLE) S MU —
aﬁi aﬁiﬁ. 1 aﬁ 01l F T e P
J i ‘ P
+ + == V+v ao® T
dt ax]- pP axi ( t) v &\f—"/,/‘f _—
. o . dt d dU , * M%;E@ﬁ@@@@%ee log-layer mismatch
- with equilibrium assumption*: kb U e pu'v EES ~ data-driven method

* assuming a local balance between the pressure gradient/streamwise convection and that the spatiotemporal resolution % /
the LES is large compared with viscous length and time scales such that the near-wall cell 9/38



Can Al improve CFD? - Part 2. accuracy '

“Reinforcement learning differs from supervised learning in a way that in supervised

. . learning the training data has the answer key with it so the model is trained with the
 Reinforcement learning _ o , _
correct answer itself whereas in reinforcement learning, there is no answer but the
. . reinforcement agent decides what to do to perform the given task.”
machine learning g P 9
A
. \ Game Board: Q Table: y=0.95
unSu.per‘vised super‘\(tsed r‘einFor‘cemenf | ! 000 | 000 | 000 | 100 | 010 | 001
lear\n‘ns lear\nlns lear\n'ns | 100 010 001 000 000 000
"“, T 02|03 | 10 022| 03 00
* S _,;l—_* + currentstate s): 990 @ 05 | -04  -02 |-004|-002 00
\ + T

N => 021 | 04 | 03| 05 10 | 00

o @ \ - [
\ -0.6 -0.1 | -0.1 | -0.31 | -0.01 0.0

o8 % N ‘

o®° b
9 _ 1 n Zk Zk 6 2 RL Algorithms
]( ) - EZk:1 - ( ) !
{ 1
new Model-Free RL Model-Based RL
Q" (s¢,ar) « Q(sg,ar) + a(ry + ymax Q(Serq,a) — Q(se, ag))
_ { B! { )
enVlronmenf Policy Optimization Q-Learning Learn the Model Given the Model

G0 \ Policy Gradient <—— DQN — World Models L' AlphaZero
agent ﬁ,

— DDPG
actions ( A2C / A3C <] cs1 — 12A
—_—— > TD3 «
rewaords . . . PPO « QR-DQN >  MBMF
— What is reinforcement learning? > sAc
observations

PN by mathworks.com L = L 30/38
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el
. ensie Algebraic wall model
. £00 exp gepraic wall mode
Overview ~0(Re'3/7) ~0(Re)
: S I
. . 3 » U =—-Iny" +
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Idea: There is no ground truth for f,,,,,, But we know uy <

ay’
- .

“Reinforcement learning” N +V7-W®u—-V-OWVu) = -Ip+ fum
t
State
e & State: flow variables: u (x, z, tn),g—; (x,z,t,)
Environment Reward Action: volumetric force term: f,,,,(x, z, t,,)
(CFD) > Agent

9
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Can Al improve CFD? - Part 2. accuracy

* Method: deep reinforcement learning
* Why not supervised learning?

9

- For implicitly filtered large eddy simulation (LES), this approach is infeasible,... As a consequence, the closure terms for

implicitly filtered LES cannot be computed from high-fidelity DNS data, since the filter that would have to be applied

Is unknown (A. Beck, Int. J. Hear Fluid Flow, 2023)

» How about reinforcement learning?

- Can avoid inconsistency by training not on a previously obtained training dataset,

but by deterministic reward function.

State

“Reinforcement learning”

Reward:

Environment

A\ 4

DNS scale

A 4

(CFD)

Agent

Action: LES scale
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Can Al improve CFD? - Part 2. accuracy

* Method: deep reinforcement learning

 A. Beck, University of Stuttgart, 2023

- DRL for dynamic Smagorinsky's model parameter (PPO) : o .
Lo — s .
"!:‘, | e N 2lzld o I o o v= ot
61} aﬁ . . Bt L v/ Bx6x6  4x4axd 2x2x2  1xlx1
- CAZ/ZSS,S (‘+ ’)
He = ( ) joij ax]
__ Content | Function
Action Smagorinsky’s model parameter within C; € [0, 0.5]
1 kmax E (k) E (k) 2 ¥/6 (log scale) . .
Reward R(S) — 2 eXp — Z < DNS Ly ) — 1 innerlla','er(“lalw thhe:vall") I _UI’Z
kmax =1 EDNS(k) ol /e
- u+=%ln(y+:|—:B i
« If a similar method is used for turbulent wall modeling, oo | S Ty
| 30
Action Wall model parameter: ut= %ln yt+B e
Reward Turbulent energy spectrum, wall shear stress, etc. 33/38



Can Al improve CFD? - Part 2. accuracy

* Method: deep reinforcement learning
 H. Jane Bae, California Institute of Technology 2022

- DRL for multiplication factor of wall shear stress

- TTVCL(XJ Z, tn+1) — an(x, Z)Tw(xr Z, tn)

- The initial wall-shear stress is set to + 20% of correct wall-shear stress o
| Content | Function [EEESSESE
Action Multiplication factor of wall shear stress a,,(x,z) € [0.9,1.1] T S = 0
u* _‘.—- S — - l— | =
State u* (x, hm, Z, tn),_ (x, hm, Z, tn), y* = (hm)* B —— TS 14
dy” = T~ X .
1':,-:*_.-‘ 3" {‘- ?_—"F ’
rn(x,2) et s
_ (lTW — T\t\/n(xl Z, tn)l - |TW - T\t\/n(xl Z, tn—l)l) l::-v = . d%‘;":-:-;": '_
TW 0 TMn}’ ?l’/{; T g

Reward
Ty — T (x,z, t
+11<| w— Tw(x,z,t,)| <0.01>

Tw




Can Al improve CFD? - Part 2. accuracy "]

* Method: deep reinforcement learning
« Limitations of recent studies by A. Beck and H. Jane Bae
(1) Dependence on empirical formula
(2) Non-physical meaning of action variable: multiplication, parameter sensitivity

e Qur idea: DRL for volumetric momentum source

___Content | Funcon

: d(u)
Action (example) e +V-(®u)—V-Wru) =-Vp+ fum
ou”
State (example) u*(x,h™, z, tn),a—y*(x, h™, z,t,),y" = (K"™)*

(1)R=R (ZH (uZES(x'z'tn)_u:ef(x'zftn))2)
= h=1

u;l'-ef (‘xlzltn)

Reward (example)

|ThFS (x,2,t0) —TBNS (x,2,tn) |>

(2) R - R ( T\[A)INS(x'Z'tTL)
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* Now developing DRL framework Re150 without wal model

12

@ by instantaneous velocity
—— by modified Sod2d module

10

6m

dudy (1/s)
[=2]

2 N 3

>
0.18 m 0 | | | |
; ‘ average mesh size 0.00 0.02 r:;::lll I ({Jr.]:)}lﬁ 0.08 0.10
3m

: DRL-WMLES project

Geometry 2x3%x6

Friction Reynolds number (Re;) 100 (diverged at 950)

Average mesh size 18 18 x 18 om (L)) : Reference DRL code

Wall model Reichardt's wall model

Number of mesh 6,656 (( . CFD source COde

Initial timestep ~1e-4 (adaptive with Coruant)

LES model Vreman SGS model 36/38
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Accident analysis
(Kang, 2022)

Summary and conclusion

Pressurizer

Reactor coolant pump

Steam generator
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vative system  CFD fieldt + 1)
o
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O00-00

“Reinforcement learning”
State

CED fieldet Tier system
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Thank you for listening!

jgjeond1@jbnu.ac.kr
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Appendix — why we need to accelerate the CFD

 Overview

To develop a novel concept of network model by understanding CFD and ML principles.
To evaluate the performance of the developed network model

To suggest a computational framework of the Al aided CFD simulation.

9]
Q . .
g Reliable physics
4 N
. _C -
Advances in CFD o “Accelerat’ng OFD code
T calculation speed” ((Rax
c a CFD code CFD code
% RANS-1step) (RANS-deta)led)
&
= Machine learning aided CFD
= g
,,,,,,, o -
L
% CFD H  Multi-timestep
= Realistic
CPU t’me Updating parameter R acke)
“Al solution to aid e L T . oFD
. x 9 ificia : oo ‘
CFD Slm ula tlon Intelligence :;nli:e i LP code \ J
. (MELCOR, MAAP, etc. ) RANS: Reynolds averaged naiver stokes
Advances in Al Fast: fast chemistry o
1 step: 1 step chemistry (simplified)
Detailed: Detailed chemistry

CPU time (logarithmic scale) 40/38



Appendix — hydrogen combustion dataset

» Unsteady CFD simulation datasets

- In this study, we produced datasets by the stabilized flame simulation.
* 5% H,-air flame simulation to investigate the flammability of the hydrogen flames.

- The need for DNN to deal with the non-linearity was highlighted by the governing equations.

- Right figure shows the entire timeline of the stabilized flame generation process.
*tiotar = 1000 ms, At = 1 ms
* The flame continues to expand until 0.5 s when the ignition energy is in effect.
* After 0.5 s, the flame begins to stabilize through the balance of heat loss mechanisms and combustion heat.

- This flame stabilizing period was selected as the subject of this study (0.600-0.611 s)

This

0 0.05 0.1 0.5 study o7 1.0s
m 100 : : : i— :
\CE/ i
o~ 80 1200
[~ Wall (isothermal) a0
Axisymmetric -} 0 > - > = -
% 5. V) + V- (pvv) = =Vp + V- (7) + pg (1) & ‘
é a 5 — “ 300
2 5. PY) + V- (pvY) = =V Ji + R (2) “ @ C
— Ji = =pDimVY; (3)
/‘ %\\ 20
Eq
S Tl KA X )
0 12.5 12.5 12.5 12.5 12.5 12.5[mm] 4 1 /38
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Appendix — hyperparameters

» Optimization of hyperparameters

Case

0 =m0 TN

The number of training examples is n=M XN
(100,926).

The network models were trained with 80% of
0.600-0.601s data (loss function: MSE for 20%
validation dataset).

After training, the trained networks predicted all
0.601 time series data by 0.600 data.

Right figure shows the error distribution between
the ground truth data (CFD) and the predicted value.

Overfitted networks caused soar of errors in the

stiff region
Test matrix for optimization of FVMN

. Number of Activation Learning Loss

Hidden layers . .
parameters function rate function

64 2,049 ReLU 0.001 MSE
64, 64 6,209 ReLU 0.001 MSE
64, 64, 64 10,369 ReLU 0.001 MSE
64, 64, 64, 64 14,529 ReLU 0.001 MSE
64, 64, 64 10,369 Sigmoid 0.001 MSE
128, 128, 128 37,121 ReLU 0.001 MSE
256, 256, 256 139,777 ReLU 0.001 MSE
64,32, 16 4,609 ReLU 0.001 MSE

0.05%

0.04

0.03

0.02

0.01

training prediction

— <

11
0 At 2At 3At

Case (a) (b) (©

front
region
\ concave
region

€ ° ) (9]

outlet

«.., Tegion

(d)

(h)
Based on 0.601 s predicted temperature field

[mm]

100

80

60

40

20

f\s‘(ﬁmlﬂ——\j %
3 e

12.5 Temperature contour
(ground truth)
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Appendix — tier/derivative systems

» Performance evaluation of the FVMN: (1) training/validation dataset

- Below figure shows the effect of the tier and derivative system application on the error reduction.
- The only difference in case (1-4) is the form of input and output variables during training/prediction process.
- The efficacy of the derivative system is much more noticeable- scale separation effect:

- Although the maximum relative error is similar between cases (1) and (4), the local error at the wall boundary region
is more pronounced in case (4).

[mm]

0.05% 100

[=6 (T, Uy, vr;XHZOJXHZJXOZ)

i T
0.04 : t _[,t .t t t t vyt ot t t t t (5xI)
concave Xe = | %1, X1y jp ¥ o X100 X xli,j'xli—1,j'x1i+1,j'x1i,j—1'x1i,j+1] Xt €R (D)
region
t 5X1 t+1 t+1
0.03 Z; = ( where Z;"~ €R (2)
50
0.02 [ T
Xt =[xt xf | X0 € RO 3)
0.01 7t = f+1] where Zt € R &)
0 0
(1) FYMN (2) general (3) Tier system (4) Derivative system 43/38



Appendix — FVMN performance

* Performance evaluation of the FVMN: (2) test dataset
- We evaluated the performance of the FVMN in multi-step prediction (0.601 - 0.611 s).

0.604 s

Training dataset

i CNN: >10,000 snapshots
| FVMN: only 2 snapshots
e —
In CFD, each grid has a
unified relationship with the
neighboring grid (governing

equations).

Test dataset

0.605 s 0.606 s . . .
5 . . m
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Appendix — PINNs dataset

* Physics-informed ML strategy

1. Development of physics-informed neural networks

2. ML-CFD cross-coupling computation strategy (transfer learning)

2 m E— | .
Outlet T———
Wall Wall| (1M ﬂ
— Inlet 1 (2 m/s) Inlet 2 (1 m/s) 1 m =
Dljzl‘-lll-;ll ‘‘‘‘‘‘‘ 0‘2 m E =
Outlet (Jeon, 2022)

Pressure x-velocity y-velocity

(@) (b)

Summary of CFD dataset: counterflow simulation: time 4 s, timestep 0.01 s
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Appendix — OpenFOAM-TensorFlow

* (2) Cross-coupling strategy

« Computational framework: OpenFOAM (CFD) — TensorFlow (ML)
* OpenFOAM solver: icoFOAM (¢-calculation algorithm) Mr. J. Lee (HYU)

CED time series Solve the momentum predictor
d@w)
d

Timestep 1 by CFD (training dataset) [ == 4 V- (u®u) - V- (vWu) = -Vp
U, p. T, rho, k, epsilon, etc. B

u
Timestep 2 by CFD \ \

Timestep 3 by ML ML predicted time series ; . Calculate the flux
p 3oy (for CFD acceleration) Algebraic equation alcula errors

\—:I Case directory /
— [ ¢

U, p, T, rho, k, epsilon, etc.

H 1 N
M[u] = -Vp P=u-S5= (;)f'SI* ) S vrp
s

yoew

Timestep 4 by ML
- r. System @ \
E Timestep 5 by ML

fvSchemes, fvSolution, etc.
Decomposition C int of the inui i [ Momenn’;m corrector

Mul = Au —H V=0
CED time series e

— '. Constant (updating parameters)

polyMesh, transportProperties,
thermophysica\Pr(_)perties, g, '. Timestep 8 by CFD Next timestep
turbulenceProperties ) d) — InteTpOlate (u) . mesh' Sf()

i ML predicted time series
(a) IB Timestep 9by ML (4, "CFD acceleration)

= S—(H)S D) s v
(o) o=y r=\a)y Afffp
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Appendix — Performance comparison

* (2) Cross-coupling strategy

(Jeon, 2022)

100 5 :
* Required time: tyy, topp,ter tup | Sty = i
| @® GPU
« About 1.8 times acceleration performance s 101
Q
@ ctwork update: -!a-'J
CFD thworktrainﬁ ML?CFD ) \k a . é
wcen: ol # - [l O%HHH H HHHH% .
o 8 o} y— \
- IJIJ L h “ \g 4 g X 15
|_ — CFD , . One bundle |: 0.1 - /
CFD: ollobs o] — ol = | . —
%%%% W ] ) X 3 acceleration /
- o 0.01 0.01297 : | ' |
Computational timeline 20,000 Numsz;ogfgrids 500,000
Acceleration performance: l/) — crptcrp = 1.8

Nerpterp + tup + Myrtmi
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