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cKi'As

“ Violin. Viola. Cello MZMIAMEE] A5, #a7x]
KAIST 318 &0l clas$ o] Y= 2fdE I -

* Rock3t Classico] Phoh= GE%Q1 5o *

"Einstein’s Violin”




https://www.youtube.com/watch?v=6rBrmQ002214

https://youtu.be/1GdCKdYk5ak



https://www.youtube.com/watch?v=6rBrm0o22l4
https://youtu.be/1GdCKdYk5ak
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Topology Optimization

Contowr Fiat
Elerrient DeratesDasatty)
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Frame 1
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30 M0
Ma = | DO0E2
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ZI™ 24| (Structural Optimization)

Design region Q

T 1',.}"

Io

=M 2| : s O SH2= X3t g ZeIv)?
- i

2ol A7 Cial, Domain, dAH =71
- 25 2[H §PEI* (&4, 2o, 1Rilss, 2&)
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(C7 A KoreaAtomicEnergy

Bi-directional Evolutionary Structural Optimization on Advanced Structures and 10
Materials: A Comprehensive Review



https://www.researchgate.net/publication/309650579_Bi-directional_Evolutionary_Structural_Optimization_on_Advanced_Structures_and_Materials_A_Comprehensive_Review

TopOpt Game - be the optimizer

=] [a) TopOptGame

0.002261 44224  30%

e
(> .
(/ Korea Atomic Energy
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Optimization of Musical Instruments: Examples

o]
Musical bell [1]
(eigenvalue, radiation efficiency)
Violin plate [2] Violin bridge [3]
(Shape of nodal line) (Filtering characteristics)
EIR :
=

[1] Yu and Kwak, Design Sensitivity Analysis of Acoustic Damping and its Application to Design of Musical Bells Design, Structural

Multidisciplinary Optimization, 2011

[2] Yu, Jang, Kim and Kwak, Nodal Line Optimization and its Application to Violin Top Plate Design, Journal of Sound and Vibration, 2010 13/36
[3] Yu and Kwak, Topology Optimization of Violin Bridges, Journal of Sound and Vibration, under review



Optimization of Musical Bells

m—
Poton [0 Sensm I senend [0 (Eak]fiom ok | '
e P 0
X 1 AJ - e
o | | W, -1'.‘ “’ B _,"
e Characteristics of bell sounds © AL Sy wpeart
¥ . AL T )
— Frequencies of | ) h -
overtones(eigenvalue) 0
— Acoustic damping (radiation eff.) y"w.\-
4 A 0 jA‘ ¢ f: 1 ‘
L | [ seconds

Eigenmodes

14/36




Optimization of violin plate (Nodal Line Optimization)

* Radiation efficiency
e Position of Nodes & antinodes

Nodal lines of violin plate (tuned)

(a) (b)
ce r‘ “'f {.) C; ?
= A0 G $
mnb--o'@- B B o e =T
ny My
Minimize o Y " (Wa(x))> +(1-2) >~ (Ws(x))?
= t ] O Target node

170(Hz) < /5 <230(Hz)
370(HZ) < ;.5 < 430(HZ) ...... Nodal line
1.5(mm) <t <50(mm), m=1,2,....n,

Thickness distribution of violin plate
15/36




Optimization of violin plate (Nodal Line Optimization)

ny My

Minimize & Y~ wa(x)* +(1-2) 3 (Ws(x;))?

i=1 i=1
170(Hz) < /, <230(Hz)
370(Hz) < /5 <430(Hz)

1.5(mm) < t; < 5.0(mm),

e
-
-
.
-«
é‘
»
.
.
.
:

cow.onl

.
prsaveessensd

Snsewa,

ST PO e

SRR VAREAKASK

m=1,2,..

S ED

(a)
7 + \/
*\ A
756 126 214 220 333
Initial nodal line
(d)
120 192 280 331 404
1" mode 2™ mode 3" mode 4" mode 5" mode

Optimized nodal line 16 /36



Topology Optimization of Violin Bridge

» Transfer
*transverse force from string
into normal force to violin body

» Hold & Keep
estrings from violin body

» Important part for tuning violin
*balance spectral envelope
*Replaceable part




Generation of Violin Sound

T f‘: (@) Input waveform
= N\ =
\ -.‘ R
.\I_, — i | .‘;"m NG lllllll*“‘m“,
ot i (b) Bridge
1 ! response

i : H

(c) Body response

ol AN '.N W R
= ymm— - R U TR

U \!\ WM‘ 1111“1@@

loF:\/’l (d) Output waveform Frequency(kHz)
“|.j\/,| The relationship between the input waveform of
the violin and the output waveform

Idealized bowed string motion

18/36




Dunnwald Frequency Band for Violin Timbre

Timbre parameter Definition Comment
Bass A-B High values for.go.od and bass-rich
violins
High value for I” violins; |
Nasality ACD — B igh value for ‘non nasal’ violins; lo

w values for ‘nasal’ violin
High values for ‘clear’ violins;

. DE - F
Clarity Violins with low values sound ‘harsh’

300 500 1000 2000 4000 7000 “Bridge Hill”

— Ay ded Gesu

— Ay Strads

Old Italian violins

Modern “master violin” 720

factory violin .
65.0
190-650 650-1 3k 1.3.1 64k 1858k.2 68k | 2 50k-4 .2k 4 3k-Tk

B8 C D E F

‘ UL Calculated levels of each Dunnwald frequency band for the
N i gy e 0 average LTAS produced by 15 violins by A. Stradivari and 15
Response curves of three groups of violins. violins by G. Guarneri del Gesu. (Buen, 2007)

19/36



Motivation

/_\

/

 Mechanical filter, transmitter or resonator
* What is the optimal structure?

Topology optimization technique is applied.

20/36




imize

Max

st
15t In-plane resonance

Results

Bridge Hill

T Y
"""""'
"f‘f“""”
f“"""”"
"f"'fﬂ'f""'ﬂ
L g
g
CIRTTY

viofins

4

Baroque Bridge

Modern bridge

21/36



Tuning Violin Sound with Optimized Violin Bridge

wavread Fourier transform(fft())

Band -
Averaged
Strength

Input Partial

Wav File Strength

Parameter Tuning

;J) ing wavwrite Inverse Fourier transform(ifft()

)) Tuned Band-
=25 ) ) . Partial Averaged
— 2

> ;-\ WWEMRIE Strength Strength

Initial band strength Target band strength’

22/36
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Martin Schleske
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Autodesk Generative Design

O\ AUTODESK

gy
>
D/
X

— Korea Atomic Energy
I Research Institute

29



Autodesk Generative Design
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Topology optimization methods

ESO

**solid isotropic microstructure with penalization *evolutionary structural optimization

2
7 Korea Atomic Energy
32 ('KAERI Research Institute



A

SIMP (solid isotropic microstructure with penalization)

T

minimize  F = F(u(p),p) = fQ f(u(p), p)AV

subject to Golp) = / pdV — V5 <0
N
Gj(u(p),p) <0withj=1,...,m

Augmented . T/
D objective function: ® = ® + X' (KU —~ F)
aE—
]

Differentiate: P = ggU’ 4+ AT (K'U + KU’)
element i

o Collect U’ terms: (X"K + (‘7’8) U'=0= 'K+ gg =0

]
an\T
Adjoint problem: KT\ = — (gU) =
Final sensitivity: &' = ANTK'U

/,

7
7
7
7
7
Z
7
7

a
https://mavt.ethz.ch/content/da m/ethz/speciaI-i@'e-St/maVMde@aﬁtmgnt—

dam/news/documents/sigmund-presentation-dls-Ha T pafpearch Institute

33



https://mavt.ethz.ch/content/dam/ethz/special-interest/mavt/department-dam/news/documents/sigmund-presentation-dls-hs-15.pdf

nature

International journal of science

Letter Published: 04 October 2017

O17) Giga-voxel computational morphogenesis
~ for structural design

Niels Aage , Erik Andreassen, Boyan S. Lazarov & Ole Sigmund

The TopOpt group at DTU Mechanical Engneering Is world lsading within development and appiicatons of density based jopology opimizaton methods
TopOpt s an acronym for Topology Optimization and $he group 5 8 joined research ofiort between e depariments of DTU Mechanical Engneering and DTU
Compute with the aim of promoting theorstcal axtensions and practical appications of e lopoiogy optimization method. The group s invoived n a number of
mudbdiscpinary research projects sponsored from national and inlernational sources




N

ESO (evolutionary structural optimization)

!
|

-

b

S0 X2 20% =& = M52

https://www.digitalengineering247.com/article/topology-optimization-

methods/ A
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https://www.digitalengineering247.com/article/topology-optimization-methods/

ESO
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SIMP vs. ESO
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On the validity of ESO type methods in topology optimization
M. Zhou and G.LN. Rozvany

Abstract It is shown on a simple test example that It is shown in this note on a simple example that

ESO's rejection criteria may result in a highly nonoptimal (a) ESO's rejection criteria may result in an extremely

design. Reasons for this fallure are also discussed nonoptimal design and (b) BESO is unable to reverse this
failure.

38



Structural and Multidisciplinary Optimization
May 2010, Volume 41, [ssue S, pp 671-683 | Cite as

A further review of ESO type methods for topology
optimization

Authors Authors and affiliations

Xiaodong Huang 5, Yi-Min Xie

Forum Discussion

5k
First Online: 06 March 2010 — -

Downloads Citations

Abstract

Evolutionary Structural Optimization (ESO) and its later version bi-directional ESO (BESO)
have gained widespread popularity among researchers in structural optimization and
practitioners in engineering and architecture. However, there have also been many critical
comments on various aspects of ESO/BESO. To address those criticisms, we have carried out
extensive work to improve the original ESO/BESO algorithms in recent years. This paper
summarizes latest developments in BESO for stiffness optimization problems and compares
BESO with other well-established optimization methods. Through a series of numerical
examples, this paper provides answers to those critical comments and shows the validity and
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7| H|&k&(Machine Learning)
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Variational Autoencoder

low dimensional
representation

1 V4
|
‘ Encoder ‘ ‘ Decoder

g A

g ~4 Korea Atomic Energy
44 KAERI Research Institute

I

2

Add
Smiling

Remove
Smiling

Add
Eyeglass

Remove
Eyeglass




Unsupervised Learning of
Topology Optimization Results

s He ol MaR PRE BEHY 4
OI57|-;>
AN - .

sampled
mean vector |atent vector

<>

- Decoder —»
Network

standard deviation
vector
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Deep Learning for Topology Optimization Design

latent vector

b
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Image-to-lmage Translation with
Conditional Adversarial Networks

Encoder-decoder U<Net
r—> W ’L— — 1 T =p «U—a{_}ﬂp Y
—J - - --:.l
Labels 10 Street Scene Labels % Facade 8W 10 Color
-“
roun outpwr
. * l nput OUtIut Nt ot
5 . Day 1o Night Edges 1o Photo
(& W A

2
- Korea Atomic Ener
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tion Des

retization of boundary conditions

ISC

Deep Learning for Topology Opti
D

Y-directional force

X-directional force

$8 [EEE
..m..w o
L
M.l )
°
=)
\\

g IR c  GHEHIHIIIIIHIIIEEE
eiiiiinin v 2 HEEEHESLHELS
., PP
: gRRiREidNg 333 3333533583252
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S e 8 332ssasisiiaaiie:
| . g 11 :

33 355 33 : 3 SEe: Sateet
2 3332 3333333333 2 333333
33338 3553553355 @ 3333 333885
R m i
AT EER - 333353533333333553
i 3 .
m«
>
- -
o -

- Korea Atomic Energy
Research Institute

A

https://arxiv.org/abs/1801.05463
KAERI
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Deep Learning for Topology Optimization Design

: 1st Stage

Design

\

«

Force and geometric
boundary conditions

p.

Optimized structure

Domain »

w

2X2)
]

1

2

64

64

128

16X16

128

128

128

8X8
4X4

128 256 256 256

Latent
variables

128

512

L 256 256 512
256

==P Convolution operation(3x3) + ReLU activation + Stride 1

Convolution operation(3x3) + Sigmoid activation + Stride 1

== Max pooling (2x2)
==P Up-sampling (2x2)

50

4X4

513

Mass
Fraction

W x Hy

(Size of input & output)
Wi x H;

W, x Ho

D;

»

(size of filter)

D

(Depth of input & output)

https://arxiv.org/abs/1801.05463

P
by ; Korea Atomic Energy
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Deep Learning for Topology Optimization Design

Da AL

\ " :
' Low resolution High resolution /,"\\ Low resolution High resolution

Predicted structure Optimized structure
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Creaduni

Deep learning for determining a near-optimal topological design
without any iteration

Yonggyun Yu' « Taeil Hur* « Jaeho Jung '« In Gwun Jang' 0

Recetved: 3 December 2007 / Revtsedt 17 Acgunt 2008 / Acoepied: 17 Segtember 2008
© Soreger Vertag GrbH Germany. part of Spreger Nature 2004

Abstract

In thes study, we propose & sovel decp leammng-based method 10 prodict an optimuzed stractese for a grven boundery condition
and cptimization sctting without wsing amy oratnve schome. For thes purpose, fird, ssing oposrsowrce lopology optimezation
code, datasets of e optimized stracoures pared with the comresponding informunon oa bowadary condmons and optimezation
sottings e gonerasod ot Jlow (32 = 32) and high (128 = |125) resolutions. To comstruct the amtifical acuml network for the
proposad method, a comolutonal nouml nctwork (CNN)-basad encoder and docoder network s tramad wing the tramng datanct
pencnted o low resolation. Then, as a two-stage refinement, the conditional genemtive adversanal netwodk (¢CGAN) & tained
with the optimized trectares pawcd at both low and high resclutions and s connectad 10 the tramed ONN-basad encoder and
docoder network. The performance evaluabon resulls of the ntegmted natwork demonstrate that the proposed method can
dotormune 3 near-optimal strecture = icrms of pacel values and compliance with neghpble competational time,

Keywords Docp karming - Machine keaming - Topology optimeration - Gescrative model - Geaemative advenanad network -
Convolunonal neural sctwork
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ZELHEDN S T A= YH2 212N
J6llT! Domain T & S0 & &|l= 87 81202

22|2| Domain 2|2 IS + AX| LSNN?
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SIMP + ML ?

Optimization
Scheduler

A

CAL Korea Atomic Energy
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£ XA (Topology Optimization)

T

minimize  F = F(u(p), p) = /Q f(u(p), p)dV

subject to Golp) = / pdV —V, <0
1)
Gji(u(p),p) <0withj=1,...,m

58



Learning to Generate Long-term Future via Hierarchical Prediction

Groundtruth Ours GT-pose Ours

https://arxiv.org/pdf/1704.05831.pdf

59


https://arxiv.org/pdf/1704.05831.pdf

Neural networks for topology optimization

B Corw + RelU Dropout [ Pociing BB Upsampieg Conv » Sgmoid

Irput Image Input Gragernt Prediction Ground Tryth

https://arxiv.org/abs/1709.09578
A
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Reinforcement Learning to Topology Optimization

OfCl0 ¥ = S 1 M= A2

comp: 4797546068.03
vol: 0.0461726155559

0
2
4
6
§ 4
0 2 4 6 8

New design

000208  aa2a 0% m “

Reward

a
(7 L Korea Atomic Energy
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Accelerating topology optimization algorithm
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Ahpha Go? Fast simulator??
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Aesthetics Engineering Performance
(Image Data Sets) GAN (Topology Optimization Data Sets)
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Rule based ML

Math
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MLE L 2R3 WHo| opL7te?

Machine learning (1 &8 =X|ol & 7|8H?)
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JEYUEHEN TS T A= YH2 2SN
J8iT! Domain T & F0 & &|l= X7 81202
212|2| Domain &H| 2 &S T+ UX| FSN?
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%AI‘

N

—1J-‘kF*} lJ&
'S o S -|—°“ o2 /=

SRCNN SR-GAN Pixel Recursive SR
[Dong, 2016] [Ledig, 2017] [Ryan, 2017]

==

0=

conditioning
network (CNN)

« CNN REZXE 0|83l
Szt =&

20| M-8k x| =
Discriminator loss& O|&5}0
HOFAEAE O ERI0|

—

.
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Load here
(body weight)
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HIEH2A 7|8e] = 0|4 += S4

HAA = B sl52 71 28 e 2 X X|g += A= = E BHMS= X HEA
H, = A de228)0 M| 7|2 & 22 Wolff's law2t 7H @ X S 2 [ AR
HHAE Sol| MollMdE ol QMo SLUr REE S O|M X2 +Y 7Is*

o o—

T Ho

- do
0
J

*Jang, I.G., Kim, |. Y., & Kwak, B. B. (2009)
** Kim, J.J., Nam, J. & Jang, I.G. (2018)

L
1
Minimize — f(p)= ZC,(EUZT Ku,)
=1

Pl — pLR)H <& (m=12,---M)

1
Subject to =
)y ,(p) N\

10 10 10 7‘1
P, ji k) ~ 10° 2P jk)@Bs,0) 2
s=1 r=1 o
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204x204 (data size) _ 204x204

Low-res. 102x102 High-res.
51x51

204x204 204x204
128 128
Kernel size 64 64 128 64 64 1
17x17 TEHe EE ] &okp.32)

Disp. (x6)
—» Concatenate
_ Conv (3x3) + ReLU + Batch Normalization
_ _ Conv (2x2) + ReLU + Batch Normalization

18x18

64 ACSMO 2018, Best Student Paper
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predicted high-res. predicted high-res.



JEYUEHEN TS T A= YH2 2SN
J6llT! Domain T & S0 & &|l= 87 81202
212|2| Domain &H| 2 SEE T+ UX| FSN?
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Geometric deep learming: going beyond Euclidean Data

Dichotomy of Geometric deep learning methods

Method

Spectral CNN [52]
GOCNN/ChebNet (45)
GCN [77]

GNN [78])

Geodesic CNN [47)
Anisotropic CNN (48]
MoNet [54]

LSCNN [89]

Domain
spectral
spec. free
spec. free
spec. free
charting
charting
charting
combined

Data
graph
graph
graph
graph
mesh
mesh/point cloud

graph/mesh/point clou
mesh/point cloud

81

Undirected graph Triangular mesh

~%- Korea Atomic Energy
KAERI Research Institute
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https://doi.org/10.1016/j.buildenv.2018.05.026

MeshNet: Mesh Neural Network for 3D Shape Representation

Yutong Feng,' Yifan Feng,” Haoxuan You,' Xibin Zhao'*, Yue Gao'*
'BNRist, KLISS, School of Software, Tsinghua University, China.
2School of Information Science and Engineering, Xiamen University
{feng-yt15, zxb, gaoyue} @tsinghua.edu.cn, {evanfeng97, haoxuanyou} @ gmail.com

=

Output Soores

Figure 2: The architecture of MeshNet. The input is a list of faces with initial values, which are fed into the spatial and
structural descriptors to generate initial spatial and structural features, The features are then aggregated with neighboring in-
formation in the mesh convolution blocks labeled as “Mesh Conv™, and fed into a pooling function to output the global feature
used for further tasks. Multi-layer-perceptron is labeled as “mip™ with the numbers in the parentheses indicating the dimension
of the hidden layers and output layer.
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NSSS Integrity Monitoring system
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Loose part monitoring system (LPMS)

Mass Estimation 2

1. Measured signal 2. Eliminating reflected wave & noise

-

3. Finding center frequency
:—
.
.
==

A= X| 2 (NuPIC 2013)
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The crisis at the Fukushima nuciear Fukushima fault: ‘Man.made disaster’ could have been prevented
plant was "a profoundly man-made
disaster”, a Japanese pariiamentary
panel has sald in a report.

The disaster “could and should have
been foreseen and prevented” and
its effects "mitigated by a more
effective human response”, it said.
BEC News (5 My 2012)
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The desaster at the Fukushima power plant may have been tnggered by a tsunami, but it was human error that
made it into one of the worst-ever nuclear accidents in human history, a Japanese Parliameantary panel says.
(RT news, 5 July 2012)
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http://www.corys.com/en/steps/article/digital-twin-challenge-nuclear-power-plants
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Digital Twin with machine learning

Simulation

(Surrogate,

Digital Twin)
model

Real
Environment

Control &
Monitoring
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Dimensionality reducibility
for multi-physics reduced order modeling

The final goal of this study is to construct a surrogate model for the coupled

Rattlesnake-BISON models
The computational cost needed for the construction of surrogate models for a

multi-physics model can be significantly reduced if one employs dimensionality

reduction to identify the effective DOF.
Another important conclusion of this study is that while fine mesh simulation is

highly needed to accurately describe the multi-physics nature of system
behavior, it comes at a great cost.

I' lTemperature Distnibution
2: Macroscopic Cross-Sections

Cross-Sectior ‘Radiation :
‘ B: Bumup Distribution
F: Fission Rate Distnibution
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