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The most time consuming part Mattos et al. (2015,
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1. Supervised learning
" plentiful labeled data (observations)

2. Unsupervised/weakly superviset

_ learning
no labeled data or only sparse
labeled data (observations)



Deep Learning Methods for ReynoldsAveraged
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Supervised Learning Framework

L e explainit by anexample
Imaginewe would like to obtain the velocity fields around 1000 airfoils
with different geometries

Step#10Dbtain the velocity fields foPO0Odomains using a numerical solver
a lab experiment)

Step#ZTrain a neural network on the880domains (training set)

Step#3By the neural network, predict the velocity fields on the remaihiig
domains (test set)



Supervised Learning Framework

Producing plentiful labeled data is
expensive!

Sometimes, labeled data are not

accessible!

Step#10Dbtain the velocity fields foPO0Odomains using a numerical solver
a lab experiment)

Step#ZTrain a neural network on the880domains (training set)

Step#3By the neural network, predict the velocity fields on the remaihiig
domains (test set)



Unsupervised/Weakly Supervised.earning Framework

Our goal: Designing a neural network to predict the
solution on multiple domains without plentiful labeled datg

tain the velocity fields foPO0Odomains using a numerical solver
eriment)

s

lep#ZTrain a neural network on the880domains

Step#3By the neural network, predict the velocity fields on the remaiih
domains
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Physics-informed network
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0t Ro :=u(x,0) — h(x)
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Can PINN obtain the solution over more
than one different geometries
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Uncommon points |

i these two domain
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Even in common points, the solutic
might be different in each of thes
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Can PINN obtain the solution over more
than one different geometries
simultaneously (i.e., In one training set)?

Physics-informed network
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Can PINN obtain the solution over more
than one different geometries
simultaneously (i.e., In one training set)?

Physics-informed network
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Why it is bad?!
Because for each new geometry, we must
retrain the network!
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Journal of Computational Physics
Volume 428, 1 March 2021, 110079

ELSEVIER

PhyGeoNet: Physics-informed geometry-
adaptive convolutional neural networks for
solving parameterized steady-state PDEs on
irregular domain

Han Gao, Luning Sun, Jian-Xun Wangf—"k &

PhyGeoNetstrategies:
A Capturing geometric features usiagcoderdn CNNs

A Using nontrainable filterrepresenting &nite differencestencil, instead of using
automatic differentiation

A Using elliptic coordinate transformatiorfer irregular geometries



PhyGeoNefarchitecture

Hidden Conv layer

] [
Trainable Fixed finite difference
Conv filter conv filter

.|Physics informed loss
on reference domain

Input

PDE Residuals
{e'g'ﬂ :‘E! y? "”)

L2 Norm
Convolution

Convolution+Relu-----:-

Figure taken from th@®hyGeoNejournal paper (Gao et al. 2021)



PhyGeoNet limitations:

A Limitations of finite difference schemes suchoager of accuracand issues of
high order methodsear boundaries

A Elliptic coordinate transformations requinéline efforts

A Camot handle more thafive © continuousboundaries

Physics Domain Mesh Reference Domain Mesh

—— Physical BC —— BC in CNN after rasterization

| Conv filter f_
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Our proposed solution:
UsePointNetinstead of simpléully connected networks

Physics-informed network
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Our proposed solution:
UsePointNetinstead of simpléully connected networks

Physics-informed network
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PhysicsinformedPointNet(PIPN)

Methodology
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Important features of PointNet (and PIPN)
L e tintaginewe havea 2D domainrepresentingpy




Important features of PointNet (and PIPN)

Permute the input The network outpu

should not change!




Important features of PointNet (and PIPN)

The network outpu
should not change!

Permute the input

PointNet (and consequentlyPIPN) is invariantto N! permutationsusing
two features

1. SharedVLPs
2. A symmetricfunction



Important features of PointNet (and PIPN)

The network outpu
should not change!

Permute the input

PointNet (and consequentlyPIPN) is invariantto N! permutationsusing

two features @ Am’ Yo FE fiae ))
W O @) @)
1. SharedVILPs ‘ ‘

2. A symmetricfunction |
symmetric

function shared MLP



Important features of PointNet (and PIPN)

Shared MLPs aren nadenselayers (TensorFlowterminology!
Implementationof shared MLPs Is explainedin

U thePointNetsourcecode(https//github.com/charlesg4/pointne}

U and the manuscript n Net waonr Net wo r(cked 6563,
(https//arxiv.org/absi3124400

2. A symmetricfunction | |
symmetric

function shared MLP


https://github.com/charlesq34/pointnet
https://arxiv.org/abs/1312.4400

D)
il
=
@)

O
-
@)
&
&
®)
&)
c
D

\

Ye

=
®
=
O
@)
@)
E
)
7p]
&)
L
T

MLP (512,256,128) MLP (128, nppg)

MLP (64,64) MLP (64,128,1024) Max Pool

—8801 X N

global
1024

feature

¥Z0L X N

20000 090s000e0ss00e0ssse0ee. o | ° ssssessssssssse
o o 2 300" e m!.mmu 000 ® ® 0g00 ®
e esse0s sege o -o&uﬁl )0 900
o0 oL 10 g0 ® "o % o o0 o obg o0 (1]
e’ eo’en o,uuun“no“u“otuu “ee |0 oo oo-ﬁo.o.o.o"o"ouoﬂo".uoﬂ oooo.w. Lo
008 0% o.oo.ou”ooubo o.ooooo.. “e0 41 0.%%%%° %%,
0 000090 o, ¢ coee . ~00% 0 0 0 0 e _0.0%
0000009, e 008 Ce )os (00, 0.0 0.0 L C ()
eee © O...O. & % S oegpoeoe 00 99,00 0,9.0.%
® [) @ —_ [T RS x) o000 ~—
o0 oog %0 %02, 200000 e0ee 8 b %%
e 2000082, g 000 85,9,° oooo"o. g
- ~ o (11 ~
) S%e S0 s os | © o %% o o’e’e FO
+J¥ 000e000 esse S 0 0 0 0%%%°
® ogeats oo b whoooooooo %% % %
o 095%020%0 e 0 0 0 0 DO
o _e% xoooﬂqo ° ® 0% 0% % ooooooooonom.
00800000 000233098 00 oo 4 ooﬁo-ooooooooo.ooooo-oo.
44 ® [] 0.0 ‘o -t o8¢ ) 0,9.9,9,9,° 4
° T 060 0000000 o e F<t o0 0g0 L <
o0 _® ) 8000000 08 & 000 ° 44
200080000 o o8 2008 20¢ 00 H ®
[@)] je] r~ (o] T] <f [ap] for) e ~ ©0 0 < ™M
(ur) &



Even in common points, the solutic
might be different in each of thes
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PIPN framework

Training PIPN to solve a forward or inverse problem
governed by PDEs over geometries of set @

Physics-Informed

PointNet (PIPN) ~ >olution of PDEs over set &

d = {Vi}?i:l - {V1:Vz:”‘ -Vm}

Using the trained PIPN ::to obtain the solution of
PDEs over gcof;nctrics of set W

v

Y ={V}_, =,V V) Ph).zsws—lnformed Solution of PDEs over set ¥
PointNet (PIPN)

Sety {w} containsunseen geometridfrom seenandunseer)
categorieawith reference to the st  {w}




PhysicsinformedPointNet(PIPN)

Results & Discussion



Natural convection in a square enclosure with a cylinder
Cold

Inner cylinders have different
shapes and different poses!

We do not know the

temperature distribution on
the surface of inner cylinder!

Shape of W (see Eq. 4) Side length Q (variation in orientation) Number of data
Equilateral nonagon 0.365 X sin % X CSC % m 1°,2°--,39° 40° 40
Equilateral octagon 0.8(\/2 = 1) m [°,2°, ..., 44°, 45° 45
Equilateral heptagon 0.365 m 1°,2°,.--,49° 50° 50




Natural convection in a square enclosure with a cylinder

A We would like to obtainthe velocity, temperatureand pressure fields for 135
domainswith different geometriedor theinner cylinder.

A For 108domains,we havesparseobservationsn sensorfocations(setl3 )
A For 27 dominos,we haveno observationgsetw)

Training PIPN to solve a forward or inverse problem
governed by PDEs over geometries of set @

Physics-Informed :
d={VIi". =, V., :
{ 1} i=1 { 1, V2 m} PointNet (PIPN) Solution of PDEs over set ®

Using the trained PIPN ::to obtain the solution of
PDEs over geometries of set ¥

v

Wy — {Vi}§=1 =V, Vy, -, V) Physics-Informed

' Solution of PDEs over set W
PointNet (PIPN)



Loss function for the sety =
+ +
+ velocity boundary conditions
+ temperature boundary condition of the outer cylinder
+ sparse observation of velocity/temperature/pressure in sensor locatio

examples of sensor locations in thelset {w}
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y (m})

v (m)

Predictionby PIPNvs. thegroundtruth for adomainof the setl3
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¥ (m)

Predictionby PIPN vs. thegroundtruth for adomainof the setiz W
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Absolute pointwise error distribution for geometrieswith maximum and
minimum errorsfor thesetly  {w}



