8th OKUCC
CFD + Neural Network

-Physics informed PDE modelling using Machine learning

2019.09.26
Mol
NEXTFoam Co., Ltd.



ML

0| ¢t Physics informed PDE modelling

v Physics informed PDE modelling
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v ML(Deep learning)2 AI (Artificial Intelligenc) 20f°| ¢ &
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v Learning(&t&) &

>

Learning 2|0|: FH[X 2l task?} FO|ME W O 20t FFH = HFL = U1 1 54 40| X|£H

O2 ghetE dR e KUt FO

Supervised learning (X =3t&)
- Data?l input OFCH FHE Ol 8§ E5t= output(label) O HsH™ AL FH|El datall inpute EAS I HH T

output ZIE FE5Y &= UALE 547 |= Y (FEA 1))

Un-supervised learning(H|X| = st
- Data2 label 0] 3. CHAl &
- 0f) 2t B R& AT (HAlY

Reinforcement learning(& =t &)

* Labeled data
. . . . A * Direct feedback
* 2'2% S3._"25’-1—'4' |nteract|on% %OH %Fﬁ% 7(|_|°C>H « Predict outcome/future
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Learning
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* No feedback * Reward system
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v Artificial Neural Network (2 3Z4%)

> MELZY o5 =AM
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. Training data &0 A input data ¥ 2 output data y & FH|
. Neural Network 7+'d & £7|3}

NNO| S0{7}A &l Input feature 278

N

Inputlayer, Hidden layer, output layer 7 273

NN weight % bias Z=7|2} (random normal)

3. Input data £ 0| &59}0| feature ==

4, Feature £ NN O input2 2 7510 NN output AlAt

5. NN output 1t Training data AtO|2| Error 4= (Mean-Square Error, Cross
Entropy error S

6. Back propagation 2 0| &5}0 Weight CHH| Error gradient A| 4t

7. Optimizer & O|&3}0] weight update

8. #l2 18 g=
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v TensorFlow

Aggregate popula
#1:

rity

172.29

10+issues + 5+forks)e+le-3
tensorflow/tensorflow

38+contrib +

#2: 89.78 R BVLC/caffe
o . — #3: o7 fchollet/ker:
> 71 5% E01Us Deep learning ZH AT Gl 300 " it
#5: 38.23 R Theano/Theano
» Python script #6: 29.86 deeplearning4j/deeplearning4j
#7: 27.9 R Microsoft/INTK
> A2 X} InterfaceE 438 Keras &4 #8: 17.36 8 torch/torch?
#9: 14.4 baidu/paddle
i M #10: 13.10 fnet/chainer
> GPU version 24]..... #11: 12.37 = SVIDIA/DIGITS
#12: 10.42 3 tflearn/tflearn
#13: 9.20 § pytorch/pytorch
- FiLitt 2E2[E TSt - TS SR T :
- Python - Lua script language AHE O PyTorCh
- QEAA - QE AA
- Convolution Neural Network % Auto-Encoder Of %X 3} - C/C++ library AHE (04M = HE)
Theano - API7} ZotEl “°| H “Eﬂo' =27 Ot =X Torch - Hoj25 2SX|s Agta 8 = EHOIE0A
- 0l logZt & AEED JUZ
V= Z EH'OH HAb &2 7F =2l - - Lua script language 2| B Java script@t H|=
- AMA 8 oI-A oo x| Exy h (&3 R pHR)
- :r”‘7f E’” ea no - Lua script language 4/ L E| £F
- A2|ZL|of B Ze| Chst - 72 By ==HE EHolM qY ™
- C/C++/python interface - ELL EOIMA HE Tens!:r
- REAA Caffe - C/C++ 7|8k AZl python interface
- AHOM YR ARSI A UZ - Neural Network % reinforcement learning X| &
Caffe - Computer vision 0 £2} TensorFlow | - GPU 80| %=z}
- Community 50| 28 - Parallel computing X[ & (712 cloud A{H|20f A2
- Update 7} =&l - Tensor-board (A|Z2t =7 H|3)
- EAM B GPU zEHY &M XS0 =E - AMEsts REO| ROl NS EX| F
- HE AL AP RS - GPU version &X| ...
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v Physics informed PDE Modelling (1D case, €37 = £H|)
> 22|17} B2&= C21F 22 Governing equation O] ZA§stCtn I+
Governing equation 2 ZEX|0F Ay 52 CHE HEH o= S| MXN 49| 2k Fi data”t =X
0| dataZ Training data 2 MH 8T
+0.01V°T =0

> Governing equation O|A] 2&&2 unknown term 22 7} 2 Neural Network 7} 2t5 E|0f
unknown term= ®9%l SIEE 714 oT

—+NN(t,x,T,..)=0
ot
> olo| Azt , SIK| x; Off CH3Y feature &
Second order gradient (Laplacian Otgl) 77tX| At

Backpropagation, AdamOptimizer £ 0|&3%}0] weight update
E% Ce”, EE time O'HA-I ﬂ% Al‘% T(ti,Xj),VTX( i J),V(VT (ti’)_(’j))xx."
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v Physics informed PDE Modelling (1D case, €% & £H|)
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v Physics informed PDE Modelling (2D case, VOF compression term)
> Rudman test (2Xt® VOF bench mark test €3&)
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- VOF Y-A0H 8N — HCHZ =l VoF transport equation = AFEE 2L 7|& OX|SHHZ «
(VOF) 2 £7} BH0| S sofet

« Numerical Diffusion 3 R4 24| (wiggle, interface 7t W 12{&) 7t 9l A7t S8

- Interface capturing method (CICSAM, HRIC, MHRIC), Interface compression method 12|11 Flux
Correction Transport (FCT, OpenFOAM 0|41 MULES) of| CHsH H|

upwind Linear Vanleer CICSAM HRIC mHRIC

1
Interface Capturing
Interface Capturing n ]

o
MULES

Interface Capturing

Interface Compression

x| 2=

Interface Capturing
+
MULES
%

Interface Compression

CFL=0.25
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v Physics informed PDE Modelling (2D case, VOF compression term)
> Rudman test (2Xt@ VOF bench mark test €3&)
« TH| PDE &&3517] O] 0| OpenFOAM O A AFE3l= interfaceCompression term 252 SEZ &

+ Interface-compression 2 &-&%t case 2 X[ Y2 Z22| PDE Y’d 49| X0O| (source term2 =
stE Ald)

-IOP

« a,Va,,Vay, i AHE (2 interface compression ¢ 112|F &0|M va 2t % 7t 0|F= 20| 58)

- Ci2H 32 AT cell SHOA 2| 2t Zot] TA

Training data

_______________________________________________________________________________________________

Ideal a distribution

o

Calculate without E&Eﬁﬁ?&;&]&ﬁ _____________________________________________________________________
[l t} I_: t4 !
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Physics informed PDE Modelling (2D case, VOF compression term)
> Rudman test (2Xt® VOF bench mark test €3&)

=o B}

« ZZ El source term 2 &&=l source term=1t H| 1l
« Input & Z&SH hyper plane A0|A EA|
M AH: Trained interface-compression term

S M. Weller’s interface-compression term)

. O|LHE B3 HBO0| LEERLES A2 2Ol

= -

—

<No compression> <With interface-compression>

<NN Trained results, Only owner cell> o i <NN Trained results>
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v Physics informed PDE Modelling (2D case, VOF compression term)
> Rudman test (2Xt® VOF bench mark test €&
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v Physics informed PDE Modelling (2D c
> O[¢HQl VOF 2% & 0| &3t0] VOF =& &84 = R2E o=
- 1D 3k st5i S0t WA R oy T
» Informed data
+  OpenFOAM &0 A interpolation t0{ &t
» Training input data

« O X} gradient 4k

rlo
-
>
oo
u

o
=
+ Linear gradient Bt AtES B2 SAH0| EX| 8ot

wiggle O| L}EFER

a(@a da 0’a O’a 8205] (80{ oa 0’a O 8205)
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OX ' Oy OXOx Oxdy  oydy OX Oy OXOx Oxdy oydy
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> o) Mt A

v Physics informed PDE Modelling (2D case, VOF transport equation)

> 74

Jetot Zutot LIELLEX| BS7F?

T 2Xol Z2 Of time step OtCH EO| x&sko = M

T HAM H5H7| I20f Training datadlA &
A7t Ho| UMK AS

Ht™MH Rudman test?] 42 29| data?t 2|0|7t 81 (backgroundE a 40| 0)

2tz EX|= data’t HEE

= O
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7 N
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(\a (tf’ xf ) T ramed| _________
da da “
~ B e e o | MSE(a,,,.d):
z'+17'xj)
= 2 _‘ ¢ / (e \vav d \x
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o (1109 xj) previous NN 7 ' e
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v Physics informed PDE Modelling (2D case, VOF transport equation)

_

0=

» Training data”t Ot O|™ step (epoch) NN Z1E 0|23}0] CFD sf{A3st 7+ 0|23}
O|%
Training = A
- — Extract Feature 7N \‘*/f

i N 2G o 0@ oa 0@

¥ Solve PDE using | = a[i—ag%rrj
6}:’(Z¢0=*xj) previous NN \a(tz"xj) Hm - am aa e
& 2

— a(tyx) & alty,x) (n<m) 222 N
H

N
- OIX|Z 2Iet &2 HAR F YOM FZT Feature 7t SEHCZ ISt D StEE

« Training 0|2t Z= Neural Network 42| weight % biasE2 update ot= 1t

o
o AMXIZ} X|HSt errorE x| A3Sl= 2HE &2 (gradient descent &4l ALR)

=

=1

— Backpropagation2 O|&35}0] gradient £ A 4t5t1l optimizerE 0|&3t0 gradient descent &HAIS

. [M2tM StE £7|0f= Neural network 2| weight % bias?t E{2L| gle= 22 22

A

IMSE(a

= I

ek

train? ) |

- O] g2 O|83t0 CFD 84S Aot T

« 7| weight & bias 7} O|=8 & QJ0f RlE #hS ZREEtE At Bel2| g4E 0|8310] st5st= AoM =X 7t
HFAH
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v Physics informed PDE Modelling (2D case, VOF transport equation)

» Multi At block training

- M 2 L2 SHLEC| At AFO[OAf inputdlt output S O|83t]] stgE +d

 Multi At block training 0| Al= O{ 2] time step S2t2| S 0|85t st5= =
«  StLEC| cell EHRIOA St&5S F=AlSH= A0| OotL|2t siH Y MK E StLtS| data set = 2HF
- O|FH0= Z cell EH|= 20| ST 7S SHLEO| training set 22 T4
_——— - 1 Niime Neen VKo
," ~< Errorz—Z:Z(a(t,,xJ) (ti,xj))
VA YA S S Nime = 520
(t X)Qa(twl!x)/ ___________________ —-_—_———’;
. e S— Y =i \
Ox . __ <
( \
Extract Feature = —‘a( P41 )<->a \
\
Y
. e

Extract Feature

Extract Feature

Identical NN from
previous epoch
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v Physics informed PDE Modelling (2D case, VOF transport equation)

» Multi At block training

+ At block =7t 25 H E2 202 &=

v. v- v-
¢ & o X -

<1Block results> <5Block results> <10Block results>

v. v. V.
v X . @ X

<20Block results> <40Block results> <80Block results>
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£ % Physics informed PDE modelling

v Physics informed PDE Modelling (2D case, VOF transport equation)
» Multi At block training

oFL
SH
o

LS T

X
X O
X X 5 XXX
XX X
Under-fitting Appropriate-fitting Over-fitting
(too simple to
explain the

(forcefitting - too
good to be true)
variance)
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v

st& A1} talk

» Activation function 23 issue

+ Sigmoid function ¥ tangent hyperbolic: Vanishing gradient $140| 4|7} &

- Hidden layer 7H==7} SO{LX| QCEtE 2X| 7t L/

— Input signal® 37|7F 3 A XtO|7} L= output signal 2 2 X0|7t 2l SHX| @40t data

A d
THO[ 2

- X SN Ao A ElstE K7t weight update & [Iff 2 FeS & = 7t

10

ojo

« RelLU family activation function & At23stH s{Z 7ts

« RelU: dead RelLU &14+0| grAist

— Classification It Z2 &H|0| A= ReLUL2} 20| output value 7t 022 7H= Z0| non-linearity 0 =20| &|X|

O |54 OOl value 20l SEX 2 00] Bl FS Ato| AN Yo7t &

+  Leaky-ReLU: +=E&ZE 740 20tH ¢

— Input signal0| 09! @[X[0 M O] 2{0] =

- ELU: 8% 70| 20t
- Signal 4/0] -12 1 &|&= 8%
N7t E = A2

. 2 30| A= Activation function

= Hol7| M0 sta Al

=

MESES THoH| = 38

rr

10 10

not saturated

o HF
e =

10
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o
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—_
= AHESHA| & -10

A

- Input feature=2| non-linearity 22
7

|

4o

— Non-linearityE 2231 42 &

r

(o]
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i
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10

ojo
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sk Zat talk

> Implicit vs Explicit
« Input feature £ high order gradient 7tX| 223t ZL Mztsj| =2 ofofst
« Training2 Implicit 3t PDEE 7Pyt Z@ElS &t
- PDEE NNE 742 2 0|E A& s I Implicit 5tA matrix solve & &= 812 MFEtA explicit

SHH 252 =¥

» Computing power
- YN 2= cell 2 ot Sh50| 25 AL
*  Neeu X Nregture = HE2| inputO| Easgt
- Delta T block 7f==7} S0 4 Z& time step 0A2| input featureZt 2 R%E Neeyy X Nrearure X Nprock
- 2 memory 7t 2%
- X 7§Ql PC (GTX 970 Ti) € O|83st0 &5 szt
— Computing power?} B&z2} S29| St&52 TIMoL7| 2510 QA7 o Aoz =7

> 7&K X7|3t

A

« NN update 7| weight % bias 7t 25 00| ALl 5Lt EH 4=
7F MtH= O|RO{X|X| ¥Z

2 4% &&0| £7| weight update

— .= perceptron O] 5%t output 2 LHZ| {20 NN O| OFX| S}LtO| perceptron 1f 20| HS5I7| [ 2
«  Z&7| NN weight ¥ bias 2J‘asymetric 8{OfX| &&0| 2t o2 T &l
(o)

— Asymmetric & 4% CFD S{AA| &4t5t= ZOE e = UAS
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v Oj2A}E
» Computer vision & voice recognition ......
» Tensor-flow & OpenFOAM

» Computing power
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Data?t &0 & 8% 92 = governinc
Lo UAS
Wl Ol KRBT L2l £ <NN Trained results, Only owner cell> [ N <NN Trair
A S EHe 2 E | | - QFU VEISION ‘& A
Physics informed PDE modelling
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Solution data
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