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Chapter 01

Introduction
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Motivation

mask layout — aerial image

1156 - IS8

* Applications in Power-Electronics require
accurate simulation of the underlying Physics in

order to optimize Devices or Processes Ferrit-Topology magnetic flux
Optimization of Ferrit Cores inside Converter Optimization of Mask Layouts in EUV-Lithography
¢ accurate numerical Schemes and Softwares (Reduction of Losses) \ / (Accurate Imaging)
(FEM, FD, etc.) usually exist but can be: =
- computationally demanding g om0 g N
—> even more demanding at scale for ,;ﬂ/ _:L/
optimization purposes with many degrees of - “ n |II| -
freedom Tt . Illl =y
R—
ouput "
e traditional ML-Approaches: . . . . Ty —
—> quick inference times on trained Models T N -
- limited possibility to include physics “ B OB OB 8
-, black-box“ e
ﬂmﬁfﬂ i¥;
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Motivation

- Physics-Informed Neural Networks

Ferrit-Topology

magnetic flux

Optimization of Ferrit Cores inside Converter

(Reduction of Losses)
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mask layout — aerial image

1156 - IS8

Optimization of Mask Layouts in EUV-Lithography

e

aiwA(T,y)

(101 104,

1( PA(xy PA, (. -
+ n (- 5;2 ] - #‘1)) =T.(z.y)
Randbedingungen:
A, =0, Ay =0 auf T
Interfacebedingungen:
(Aez = A:l)nv =0, (A2 = As1)ne = 0 auf Tya

L0dn  10Aa), o (1840 10As)
IR Z T T R VR TR T

104, 104,
= =0 auf B,
2 Or om0z (m By m ()7;) fy = Haut Sz

on A — oy, Ay = 0 auf Ty

(23)

Point cloud + BC/IC + Parameters

Input Hidden Layers Output

Loss Function
PDE, BC, IC Losses}

n'" Derivaties

15¢ Derivaties

(Accurate Imaging)

‘ Direct writing

Contact Tithography

photolithography /\ (Laser or E-Beam

Exposure

&

_/\/
4

Development y

.
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Physics-Informed Neural Networks

= notion first introduced by Raissi et al. in 2017 [4]

= Conceptual Difference in how Neural Networks are trained: T ===y 777
classical Neural Network: H(T Ffﬂﬂ?ﬂjﬁﬂl |
,data-supervised Learning” sl iiad
e.g.: Input-Image - Output-Image
Loss-Function: e.g. MSE over all pixels | |
Physics-Informed Neural Network: Q\“\‘: el
,physics-supervised“ Learning ;;;W ?23‘2-«
e.g:: (%, y, t) > u(x,y,t) > (du/dx, du/dy, du/dt, ... el
NNy | Mifs

Loss-Function: Residuals on PDE, BCs, ICs

Point cloud + BC/IC + Parameters Input Hidden Layers Output

\
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Physics-Informed Neural Networks

= notion first introduced by Raissi et al. in 2017 [4]

= Conceptual Difference in how Neural Networks are trained: T ==y 77
classical Neural Network: gl J_Wﬁ fiEf=i ﬂ"l/ﬂjﬂﬂ l g
AV ) ; A4

,data-supervised Learning”
e.g.: Input-Image - Output-Image
Loss-Function: e.g. MSE over all pixels

Loss Function
PDE, BC, IC Losses),

Physics-Informed Neural Network:
»physics-supervised” Learning
e.g.: (x,y,t) 2 u(x,y,t) 2 (du/dx, du/dy, du/dt, ...)
Loss-Function: Residuals on PDE, BCs, ICs

nt" Derivaties

1°¢ Derivaties

Point cloud + BC/IC + Parameters Input Hidden Layers Output

= Benefits
no data required > explicit supervision by Physics

implicit meshing = adaptive strategies can be applied
generalization = additional Inputs e.g. for different Geometries

Parametrization of Heat Sink Geometries [6]

\
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Physics-Informed Neural Networks

= notion first introduced by Raissi et al. in 2017 [4]

= Conceptual Difference in how Neural Networks are trained:

classical Neural Network:
,data-supervised Learning”
e.g.: Input-Image - Output-Image
Loss-Function: e.g. MSE over all pixels

Physics-Informed Neural Network:
»physics-supervised” Learning
e.g.: (x,y,t) 2 u(x,y,t) 2 (du/dx, du/dy, du/dt, ...)
Loss-Function: Residuals on PDE, BCs, ICs

= Benefits
no data required > explicit supervision by Physics
implicit meshing = adaptive strategies can be applied

generalization = additional Inputs e.g. for different Geometries

= Increasing Amounts of Publications and (Open-Source) Software [5]
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— = % n. 1 8 % A&
E m
“oa
- = < % 1. 1 3 % &

Commercial Solver

Commercial Solver

Modulus

x
Modulus

Temperature Simulation in Fluids & Solids [7]

\\'/JM\\'%
'«’/
% N‘{\»‘M (N

it
@i n.«'
‘,.‘ \,A

u‘\a"
ﬁl'A‘A

Point cloud + BC/IC + Parameters

Output

Loss Function
PDE, BC, IC Losses),

Blood flow simulation in an Aneurysm [7]

1°¢ Derivaties
nt" Derivaties

Simulation of aircraft cabin panel stress [7]

Parametrization of Heat Sink Geometries [6]
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A Use-Case from Power-Electronics
Topology-Optimization of a Power Converter

Goals
1. Approximation of magnetic Fields by solving quasi-static Maxwell‘s Equation VM o= le _ Lgl
2. Calculation of relevant Quantities like Inductivities and Coupling k k= L
v/ L11L3s ®
12

3. Optimization of Topology with respect to those Quantities Loy = —

i

|
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Chapter 02

Modelin
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Modeling
Quasi-static Maxwell Equation

= K.Angermeier: ,Topology-Optimization of inductive Components” [8]

VxH=J @ (1)
E}Bdt
Vsz—E (2)
V-B=10 (3)
V-D=p (4)
B = H
J=0cFE (5)
D =cFE

\
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Modeling

Quasi-static Maxwell Equation

= K.Angermeier: ,Topology-Optimization of inductive Components” [8]

VXH=J+6__—D
E}Bdt
Vsz—E
V-B=10
V-D=p
B = H
J=cFE
D =c:E.

2 Spule

Seite 12 29.08.2022

no free electric charges/currents
Existence of magnetic Vector Potential A,
s.t.

B =V x Al
Coulomb Gauging for Uniqueness of A
V-A=10

rotational symmetry, current J only in z-
direction

dA N
J—
ol

Vxl‘?xA:J

-
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Modeling

Quasi-static Maxwell Equation

= K.Angermeier: ,Topology-Optimization of inductive Components” [8]

VXH=J+6__—D
ot
oB
E————
V x 5
V-B=I
V-D=p
B = H
J=cF
D =cF.

2 Spule
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(1) c no.free electric charges/currents | ‘ J(?A LV X lv CA_J
2) = Existence of magnetic Vector Potential A, at It
) s.t.
(3) = time-dependence onJand A
(4) B=VxA
= Coulomb Gauging for Uniqueness of A .fz(:r-._ i f:] = ﬁwiz(;iﬂ* y]
(5) o
v i A f— [) AZ(T y ]\L:] — Eiwi:qz(x* y)
= rotational symmetry, current J only in z-
direction
- PA,(z,y)

giwA.(z,y) + —

dr?

1 PA,(x,y)
i

chy”

) = J:(z.y)
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Modeling
Boundary Conditions

- A, =0 = anti-symmetric Mirroring of source currents by enforcing
' ' zero magnetic flux across Boundary, cf. Harlander, 2002 [9]:

n-B=0

‘ = Biro, Preis, 1989 [10]: equivalence to homogeneous
dirichlet conditions on magnetic Vector Potential A

Ay =0, Aoy =10

\
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Modeling

Interface Conditions

= For L2-Regularity, we require continuity across interfaces [11]:

normal component of magnetic flux = B;-n =B,'n

Seite 15 29.08.2022 © Fraunhofer I1ISB

E; D3, Hy, By, J»

E,, Dy, Hy, By, J,
M1, 01, £1

B =V x Al

H(div;Q) == {v € X(Q)°: V-v € L(Q)}
H(rot; Q) = {v € L*(Q)*: V x v € L*(0)*}

H(-,t) € H(rot;Q2), E(-,t) € H(rot; )
B(-,t) € H(div; ), J(-,t) € H(div;Q)

{!’l;g - ..’1:1}]‘1_,; =), [31:2 - f'lzljﬂ-r =)
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Modeling

Interface Conditions

= For L2-Regularity, we require continuity across interfaces [11]:

normal component of magnetic flux = B;-n =B,'n

normal component of current = J;:-n =J,-n
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E; D3, Hy, By, J»

E,, Dy, Hy, By, J,
M1, 01, £1

B=VxA

!

B
VxE——d—

H(div;Q) == {v € X(Q)°: V-v € L(Q)}
H(rot; Q) = {v € L*(Q)*: V x v € L*(0)*}

H(-,t) € H(rot;Q2), E(-,t) € H(rot; )
B(-,t) € H(div; ), J(-,t) € H(div;Q)

;'"l;;r - ..’1:1 1, = (. [31:2 - f'lzlzlﬂr =)
( y

gy, A,y — oan, Ay =0
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Q2
. P H(div;Q) == {v € X(Q)°: V-v € L(Q)}
MOdellng n H(rot; Q) ={?JEL2 ()% VX?JEL(Q)}
Interface Conditions
— H(-,t) € H(rot;Q2), E(-,t) € H(rot; )
”; B(-,t) € H(div:Q), J(-.t) € H(div: Q)
= For L2-Regularity, we require continuity across interfaces [11]:
B=VxA
normal component of magnetic flux = B;-n =B,'n ‘ {:"l.::' - 4’1:1}3’1;,- =0, (A2 — A )n, =10
0B
VXE=——
ot
normal component of current = J;:-n =J,-n ‘ oAz = ogn. Ay, =0
J=0cF
1 [!3_.’1:1 1 Efj:'lzg -0 1 fl_?z"l:l 1 t':j_.fl:g -0
w0 moxr ) v \moy moy )T
tangential component of magnetic field intensity > H;-t = H,-t ‘ 18An 1044 18Ap 1040 0
s dr o Or P+ e By o Oy Ty =
B = H
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Modeling

Summary

Quasi-static Maxwell-Equation

. = 1{ PA(x,y) FAx.y) —
WAL (z,y) + — St AL N XY
o)+ (-2 =7 l) =T

Randbedingungen:
Ang, =0, Any =0 auf T
Interfacebedingungen:
(A2 — Au)ny, =0, (Asz — Asy)ne = 0 auf &y

1 Ej."l:l 1 f'}."lﬂ i 1 f'.-iz'lzl 1 f'}."l:g )
—— —— n, =0, | —— —— n, =1,
i Or [y O [y dy s Oy

( 1 f'j'."lzg 1 ﬂ'l_]) { ( 1 f}z"l;z 1 flj.’l:l
— - n i

Ia O w Or

— 1y, =0 anf X
oy oy ) ! 2

oA,y — oan, A, = 0 anf ..
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Modeling
Main Challenges

General Scaling and Stability of PDE

Nonlinear Material Properties at Interfaces between Air & Ferrit

Parametrization of Topology

Generalizable PINN-Training including geometry-specific Parameters

\
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Modeling

Non-Dimensionalization

|
[ P t Ferrit Ai
* Main Issues (presumably): roperty erri ir
numerically small material parameters Permeability p [H/m] 2.704e-3  1.255e-6
permeability jumps by a factor of 2000 across Conductivity o [U(@*m)]  5.8¢.7 00
interfaces

= Beltran-Pulido et. al, 2022 [12]

»-.. help to alleviate the effects of sharp changes of 05
material properties across interfaces between 0
materials” ek

0.8
0.6
0.4
0.2
0.0
—0.2
—-0.4
—0.6

—OOGm
o

N
owow

-1 0 1 2 3 4 5 &
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Modeling

Non-Dimensionalization

= introducing rescaled, non-dimensionalized variables and parameters:

p= =
T=— '3”;*}2"*
— ]:‘; o= o A*
A= o -
viwA + V(=(—VA)) = J ‘ < ‘ gA+V ﬁ( VA)=1J
Iz J=5

al =

[ [l
e sl
o+ q H-* =
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Modeling

Non-Dimensionalization

= introducing rescaled, non-dimensionalized variables and parameters:

| 5

=
I

k3
*

|
I

|~ =

) 1 B
oiwA + V(- (-VA) = J ‘

|
[l
L,
o

I
—
[

A o=
TR

S1a sl
* q H-*

A*

(=)

J*
o A”

= choice of constants, cf. [12], s.t.:

L ¢ 10.05, 100] T
T

. 4 H
pt = 135210 " —

11
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A
J* =1.352. 10" —

a*t = 0.2759 - 10*

m?
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Modeling

Non-Dimensionalization

= (so far only) empirical evidence that even really simple
use-cases behave a lot more stable in the non-
dimensionalized setting

0.008
1 1 0.6
i
0.4
| 0.006
|
0.2
0.8 r|||
Wy 0.0 J.FJ 0 0.004
0.4 0.008 1
0.006 |
02 Em -0.2 0.004 ‘ 2
o0 | ] | RS 0.002 s 0002
A i 93 T e -
=04 1 "‘{1'.5 —o4
—06 |‘ ‘ J 1 — T r%g
30 06 0.000
10 1 2 3 4 5 6
-
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Chapter 03

Implementation
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Implementation
PINN-Frameworks

= technical simplicity of the approach:
many open-source implementations available:
stand-alone Code for highly specific Problems
more general Frameworks with active development and maintenance

= Nvidia Modulus [6]:
formerly known as SimNet™ [13]
more advanced, professionally maintained
more demanding/difficult to setup, especially in HPC-Environments

= DeepXDE [14]:
Python-based Framework
support for all common Machine-Learning Libraries (TensorFlow, PyTorch, ...)
active online-community with many Publications connected to it

- currently Framework of Choice for our work:
- introduction of several Use-Cases to reflect different Complexity-Aspects

Seite 25 29.08.2022 © Fraunhofer I1ISB

L.

Geometry {

A,

equations

Differential Boundary/initial
7 Meural net
conditions

T~

N

-

.,

-

Training data

A

/

Model.predict(...) [+

| data.PDE or -

"| data.TimePDE g Model
Model.train(..., |_ _
callbacks=...) | Model.compile(...)

DeepXDE-Flowchart[14]
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Implementation

Use-Cases & Reference Solutions

|
le—-5

175

0.004
150
0.003 1.25
= al: = a2: Lo
single coil 000z single coil % os
surrounded by ferrit . surronded by 050
air/ferrit 02s
0.000 0.00

le-5

0.0020
16
14

0.0015
= bl: = b2: o
1.0
two coils 00010 two coils o

BT L
surrounded by ferrit surrounded by 5 %ﬁ%\ : W
0.0005 A

air/ferrit : o1 2 3 4 5 6 7 ¢ 04

0.0000
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Implementation
Reference Solutions

magnetic Vector magnetic Field

Potential A Intensity B
FEMM-Simulation otentia y

» 10!
2.560e-002 : >2.694e-002 1
2.425¢-002 : 2.560e-002 FO rl I I at
2.290e-002 : 2.425e-002
2.155¢-002 : 2.290e-002 6
2.021e-002 : 2.155e-002 10-2
1.886e-002 : 2.021e-002
1.751e-002 : 1.886e-002
1.617e-002 : 1.751e-002 51
1.482¢-002 : 1.617e-002 L U A
1.347e-002 : 1.482e-002
1.212e-002 : 1.3472-002 4 1073
1.078e-002 : 1.212e-002
9.430e-003 : 1.078e-002
8.0832-003 : 9.430e-003
6.736e-003 : 8.083e-003 31
5.389¢-003 : 6.736e-003 10-4
4.042e-003 : 5.389e-003
2.694e-003 : 4.042¢-003 - 2
1.347e-003 : 2.604e-003
<0.000e+000 : 1.347e-003
Density Plot: [B|, Tesla 14
1075
0
/5 T

= open-source Software FEMM: Finite-Element-Method Magnetics [15]

[ ]
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Implementation
Reference Solutions

Need for Reference Solutions in Practice

Losses:
= numerically depend on weights

= might be misbalanced and misleading
= evaluation via relative L2-Error more helpful, e.g. to
determine good Hyperparameters

Seite 28
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Train-Loss

0.003

0.002

0.001

0.000

—0.001

—0.002

mean rel. L2-Error

0.004

0.002

0.000

-0.002

—0.004

0.004

0.003

(=l =]
(=l =]
P

0002

0.001

0.000

0.00

—0.001
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Chapter 04

PINNs in Practice
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PINNs in Practice
(Adaptive) Loss-Weighting

|
lo? i
= Different Types and Numbers of Loss-Terms depending on Problem Formulation
l 104 i
PDE-LOSS(ES) aiwA + V(;(—VA}} =
Loss for PDE-Residual — 10!
Loss for B = rot(A) B-Vxde, - (ajl) _ (ﬁj)
0 0 10-2 -
Boundary Condition Losses .
Dirichlet-Type Conditions can be enforced directly via Network-Structure 105 -{— Total Train loss o o =+
. —— Total Test loss i - *
all other Types lead to additional Loss-Terms e Train loss PDE '% * & ":** * W
-8 4 Testloss PDE e ** *
107" 7« Trainloss B x :'r w
= Interface Condition Losses * TanlossBy tﬁ v
o #  Testloss B x ‘ *
additional Terms for any Interfaces 10711 4 & TestlossBy *'ﬂ:*
. . . . BC Train loss
amount increasing with complexity of topology + BCTest loss L5
o . 0 20000 40000 60000 80000 100000
= Mathematically Advanced Strategies exist based on: # Steps
Neural Tangent Kernel [16] = Spectral Bias of Neural Networks
augmented Lagrangian Method [17] = adaptive Imitation of Lagrange-Multipliers
—
Seite 30 29.08.2022 © Fraunhofer IISB % Fraunhofer

lisB



PINNs in Practice
(Adaptive) Loss-Weighting

Example: Weighting of Interface Condition Loss

(Aze — An)ny, =0, (Asa — Ay )ne = 0 anf Xy

Interface Condition-Loss non-zero at very few training points

- very small averaged loss per default

- noincentive to reduce the IC-Loss ahead of other loss-terms

= |oss weights: [ 1,

LA LA
- LA

(L]

Train loss
[1.85e-05,
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IC-Residual

0.0035

0.0030

0.0025

0.0020

0.0015

0.0010

0.0005

0.0000

0.00200

0.00175

0.00150

0.00125

0.00100

0.00075

0.00050

0.00025

0.00000

Output

0.0025

0.0000

—0.0025

—0.0050

—0.0075

—0.0100

—0.0125

—0.0150

—0.0175

0.0012

0.0010

0.0008

0.0006

0.0004

0.0002

0.0000

—0.0002

—0.0004
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PINNs in Practice
Adaptive Sampling

= uniform sampling does not resolve the most dynamic areas sufficiently:
interfaces where material properties change
conductive parts of the material

= Residual-based adaptive Refinement (RAR)
based on the highest Residuals (PDE, BC, IC,..) new points in the domain
are selected for Training
leads to new Hyperparameters
how many points to add?
at which point during training should this be done?
how often and how long (# epochs) should a Refinement-Step be
done?

Seite 32 29.08.2022 © Fraunhofer I1ISB
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Chapter 05

Results & Outlook
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Intermediate Results
Use-Case al

= early Trials without Interface Conditions:

PINN-Predgiction

Ground Truth

ao0s

003

ao02

= Residual-based Adaptive Refinement

= To be continued...
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6

5

10°

107!

10-°

Total Train loss
Total Test loss
Train loss PDE
Test loss PDE
Interface 1 Train loss
Interface 2 (h) Train loss
Interface 2 () Train loss
Interface 1 Test loss
Interface 2 (h) Test loss
Interface 2 (v) Test loss

T
20000

: T
40000 60000
# Steps

T
80000
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100000
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000
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0.000
2 3 4

Ground Truth

[

. 0.004
0,003
0.002
0.001

1

0.000
2 3 4

Ground Truth

40
s
30
25
20
15
10
0s

00

0001

0.000

Fraunhofer

lisB



Intermediate Results
Use-Case b1l

= early Trials without Interface Conditions:

PNN-Preciction Ground Trutn

= Residual-based Adaptive Refinement

= To be continued...
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107 4

105

103 4

10!

10-1 4

10771

10-5 4

£
-
-

—— Total Train loss
~—— Total Test loss

ol ] 2
s Train loss PDE 0058 Lmsty® >
# Testloss PDE o = Vo, e ‘*-"mn:_
o Interface 1 Train loss . | Plare el 8
® Interface 2 (h) Train loss + ot - Y
# gh, otede By, 000 et TTga ",
* Interface 2 (v) Train loss ettty L b sy ot = v 'y
o interface 1Testloss o, TOHOTT o it - e Tk . ":w"
Interface 2 (h) Testloss ereeele % e, TR, L
o Interface 2 (v) Testloss , geal” ° « " % .
.

»  BCTrain loss
4  BCTestloss

0 10000 20000 30000 40000 50000 60000 70000
# Steps

-

-

PINN-Prediction

Ground Truth

Relative error

o

1 0o01s
L ° 1 2 3 .

' A
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00000
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Intermediate Results
Effect of Interface Conditions
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= Use-Case & Reference
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Outlook

eeeeeeeeeeeee

= |Implementation & Evaluation of more advanced PINN-Specific Methods
Augmented Lagrangian Method for Loss-Balancing
Good Strategies for adaptive Sampling

= Tuning of Hyperparameters:
choice of optimizer (ADAM, L-BFGS,
activation functions, learning rate(-decay)
neural network size and structure
Parameter related to training schemes - Residual-based Refinement, Lagrange-Method
...there are many!

= Parametrization of Topologies = Generalization of PINN for arbitrary Topologies

= Further Read = Recent Survey on PINNs for Scientific Machine Learning [18]

\
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