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Deep learning for topology optimization design
- XY CF AR 1 1EK[(2018.3~2020.2)
-KISTI AT X| & AFH (2018.1.1~6.30)
Deep learning based bone microstructure reconstruction
-RIXE AR 7|20 S AFH(2018.3.21~9.20)
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(Acoustical Damping &
Natural Frequency, 2011)
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(Natural Frequency & Nodal Line,2010)
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Applications of Deep Learning

Chopin Music Generationwith RNNIBssusBal Neural Networks) and Dee o~

< Youlube [

LipNet

(https://www.youtube.com/watch?v=fa5QGremQf8)

Google DeepMind's Deepilearning playing Atar Breakout
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Stack-GAN

| Conditioning |
| Augmentation (CA) |
Text descriptiont  Embedding ¢,

64 x 64
results

—

)

[ U S —

64 x64 Compression and
€~ N(0, 1) | | real images !_ Spatial Replication ]
Embedding @, Embedding o,
S S e P s Sy e et e s o e 1 POR—— | T s e GO e e e e S i 1
| I ] 256 x 256 | Compression and
[ Conditioning —> 1l real Imq§s | Spatial Replication
| Augmentation | I |
|
|

64 x 64
Stage-| results

5

Stage-ll Generator G for refinement

256 x 256
results

This bird is
This bird is This bird has A white bird white, black,
Text  blue with white  wings thatare  with a black and brown in
description and has a very  brownand has  crown and color, with a
short beak a yellow belly yellow beak brown beak

Stage-I1
images

PEAREATH R8T

The bird has This is a small,
small beak, black bird with
with reddish a white breast
brown crown and white on
and gray belly the wingbars.

This bird is
white black and
yellow in color,
with a short
black beak

7
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Image-to-Image Translation with
Conditional Adversarial Networks
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Image-to-Image Translation with
Conditional Adversarial Networks
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Image-to-lmage Translation with

Conditional Adversarial Networks

U-Net

Encoder-decoder

BW to Color

Labels to Street Scene

input . output
P Aenal to Map P
: output output
Day to Night __ Edges to Photo
/ ;:/' '.'\
()
[Fle—— =T
f' l," JIHB k\
R S 1\
( ’1 \/
~ Y \'I' | |',(
3 I S
input output input output input output
A
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Deep Learning the Physics of Transport Phenomena

D gaxeax1 (input) d
32x32%64 16x16x128 8x8x256 4x4x512 2x2x512 Encode

Convolution
L
7y)
x
—
x -
L
Decode
32x32x128 16%16%256 8x8x512 4x4x1024 2%x2x1024
64x64x1 (output) Deconvolution
C Batch Norm
64x64x2 32x32x64 16x16x128 8x8x256 TxTx512 6x6x1
64x64x1 g
input
Concat encode encode encode encode encode guess
unknown
64x64x1 Output Input
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Navier-Stokes Equation

[a—V+(V V)V]——VP+pg+,uV V

! i I -\ ~—
/ { f \ ~—
| f \ e
/ b : P
|

viscosity controlled

. ¢ I Body force term: A
change of Convective term f external forces that velocity diffusion
velocity with time :j act on the fluid (such term
;l as gravity,
f electromagnetic,
' etc.)
Pressure term: Fluid
flows in the direction
of largest change in
pressure
)
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A New kind of science, Stephen Wolfram

) wwwwolframscience.com
@ey @eov [)e

AN ATH R8T

% C [Jnaver 55 Sci-Hub SR NAS Fnf

9218

Preface»

The Foundations for a New Kind of Science
The Crucial Experiment »

The World of Simple Programs »

Systems Based on Numbers »

Two Dimensions and Beyond »

Starting from Randomness»

Mechanisms in Programs and Nature»
Implications for Everyday Systems»
Fundamental Physics»

Processes of Perception and Analysis»

The Notion of Computation»

2 | The Principle of Computational Equivalence»

Notes»

)
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248 0|88 B2IHY B

n

forward modeling
generation
simulation

PREDICTION
e

parameters of interest p(x,z|6,v)

X
z observed data
g latent variables simulated data

nuisance parameters
INFERENCE

inverse problem
measurement
parameter estimation

http://helper.ipam.ucla.edu/publications/dIt2018/dIt2018 14649.pdf -
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fMRI to Image

“‘m M m teatur&c

i S
m !l !@nﬂ"l Qg2 =
ne!wom (DGN) ™ 2ofoF &t

u.uum g e

lteratively
oplimize image

Reconstructed image

https://www.biorxiv. org/content/blorxw/earIy/2017/12/3q,Q§«0‘317 full.pdf
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Solving the Quantum Many-Body Problem
with Artificial Neural Networks

Heisenberg 2D

K al|w |
Wiy W Wl Wi
K4 . a
Wi Wis 27} * W
E A
- -
LT o] |_woo] | woo
4 » -
‘ Pl i) i Wi
x we = | -

0.3 0.0 0.3

+ 2o FXYHEI(AEH S)7F B & =X| AlZ8|0| 4ot A2 =2
30| FH 42 0|51 =.

« 7|2MO 2 =A2 Many-body System QI |

-

LHEHS S 20| MEIZ A|220| M3l A A7t ZEE I 7t
2Ho|L Bo| Lt

|
* Deep learnings 0| &0t0 =22 TASELY| et Al=2f0[ds TA.
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Physics & Machine Learning

< physics | machine learning >

LILTEN Toras Pagars

Papers
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Convolutional Neural Networks for Steady Flow Approximation
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https://www.biorxiv. org/content/blorxw/earIy/2017/12/30[240‘317 full.pdf
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Duraisamy, A comprehensive physics-informed machine learning
framework for predictive turbulence modeling

y=t(x)+'(x)

efficiency . .
t Low-fidelity mode Turbulent Kinetic Energy

|
|
Tﬂwm ted | D S
1 N 7 ML
High-fidelity data 1.0 j : ll“'g,’/
< 08 d >
+/5=29.0

0.2 - { : - | !
experiment i % | 1) NN Y
2 ﬁl.o 28.5 29.0 29.5 30.0 30.5 31,0

> accuracy 2
accuracy 2/4; 0.2k/u, +x/8

)
.
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Feature Space View

feature space view of prediction:

training flows

ted fi S training data complex
separate °W|5. .S_)* realistic flows
attached bounda

layers (BL)

free shear flows

-
&

Addressing Dr. Menter’s concerns on ML:

’

¢ Data-driven models are constructed as “add-on’
(patch) for traditional models, by developers.

# The database and the machine learning are built into
the model; not constructed by the users.

Heng Xiao and Jinlong Wu , Towards A Physics-Informed Machine Learning Framework for Predictive Turbulence Modeling

N
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Accelerating Eulerian Fluid Simulation
with Convolutional Networks

y=g(f'(x))

3x3x3 Conv 3x3x3 Conv 3x3x3 Conv 1xIx1 Conv 1x1x1 Conv
velocity divergence RelU f = ReLU RelLlUU ReLU ReLU

]

2x128 Rx128"
2x2x2

Pooling
— i

or
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E
r
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]

Bx128? Rx 128’ %128

peaens Upecaling

-
= |
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Machine Learning + Computational Mechanics

Archives of Computational Methods in Engineering (I.F > 5.0!!!)
Special Issue : Machine Learning in Computational Mechanics

11 Result(s) for '*S.1.: Machine Learning in Computational Q $
Mechanics*'
ety (R — e MESCHORS8 24, TRt =B DI 2P S 2PY

QUK Til DSPOE R 7 I S Wl S 44t ol
Gei
Big Data in Experimental Mechanics and Model Order
Reduction: Today’s Challenges and Tomorrow’s 3= = LHQEOEx
Opportunities
o0 the turn of tho ce - mag (MB AR p2) BRE 2121 » HBOINE 0|04 IMUGBUN)S 93 F0| RED) FHPUPD AN A B2
mlaaie oo

Jae Neggens, Otiviar Abix, Frangos MO n Achvies of Computationsl Aemocds i
Engvr... ROTW

Nonlinear Shape-Manifold Learning Approach

Concepts, Tc and Applications

b papor, wu cresant the conceat of o s
errurar of Cine WI0EN " GO
) opt

Liang Mang, Piotr Smtkop!... in Anhives of Compadationa’ Modhods in Enghe... 2018

A Manifold Learning Approach to Data-Driven
Computational Elasticity and Inelasticity

Canics is Baned On 1T use of Pwo vary diferernt

Autée loadez, Evrnarunis Arssed-Chavanne | 1 Amhives of Computstang Memocs
in Engen... POTR)

ME &2 VIgM 292 =REIIZZUE MY TAY 71U N BR(Eackgreund formanon of Deep Leaming for |

Structural Engineeningy 7 Xl 3W MA2IW S0 XY Acchives of Computational Methods in Engneenngl ™ Bapiog I

apn . 'y . s f age o 1 T
Background Information of Deep Learning for -

Structural Engineering

YU NOOWOra B2y Y MER AUICKS MY XA R kdlA IR ESROET 00 HFEl XA mpact Factor’ JIE BUMUM
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Lee, et. al, Background Information of
Deep Learning for Structural Engineering
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V<4 om) Vid4em )

W, L LU !
X)
X . ) 4 3
X
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« v, Y

P 100 Kips (444 8kN) P < 100 kips (444 5KN)

https://link.springer.com/search?query=%22S.1.%3A+Machine+Lea
rning+in+Computational+Mechanics%22
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Where Is Al Headed in 20187?
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Autodesk Generative Design
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Unsupervised Learning of
Topology Optimization Results
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| A E
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)
Deep Learning for Topology Optimization Design

Deep Learning Neural Network
? T x}
LNy
I | ’

predicted

-~
¥

Inference
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Deep Learning for 3D Topology Optimization Design

https://www.math.uni-trier.de/~schmidt/gputop.html#./gputop_files/cantilever.jpg
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Hybrid Approach?

y=g(x) <= y=g’(x)

Conventional Modeling Data-driven modeling

Differential equation Functions trained with data
Numerical simulation Training time required
Slow, large memory Faster, small memory
Difficult non-linear modeling Non-linear modeling
Difficult to optimize Easy Optimization

8t 2 ¢, Simulation Environment, Big Data and Ai in Nuclear Engine:
-
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Hybrid Approach?

Optimization
Scheduler
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Neural networks for topology optimization

B Conv + RelU Dropout B Pooling B Upsampling Conv + Sigmoid

Input Image Input Gradient Prediction Ground Truth
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&

é&%’lﬁg?—ﬂ%—g’ﬂ 35 ('-~ 3 " Kaorea Atomic Energy

KAERI Research Institute

https://arxiv.org/abs/1709.09578

-



Deep Learning
based

Bone
Microstructure
Reconstruction



a
o ¥ ic En
YRR L 987 . S Korea momic Energy

/KAERI Research Institute



78um resolution
RNV

78um resolution

HLHRIZNLE RED



Bl gar 2 }E I"*’éﬁlgf AlZ2f014, RAEF 0k HEAte (EHos Eel'd TmHEHL) ‘

7|1 @4 1ojld=t 7l
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8 x 8 input 32 x 32 samples ground truth

arXiv:1702.00783
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Deep Learning for Nuclear & Industry Engineering

« Anomaly Detection
e Non destructive Test

e Health monitoring
— Pump LPMS, Acoustic alarm
« Uncertainty Evaluation
 Digital Twin
« Automation
— Normal condition, Emergency condition
 Structural Optimization
« Materials Science
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System automatically detects cracks
In nuclear power plants

| (a) Tiny cracks with low contrast and different bnghtness
scratches

How Al Spots Problems in Nuclear Plants That Other

Systems Miss

(b) Scratches, grind marks, and welds in background.

hiipsiwwpurdue eduhensroomieieases2017/Q1system-automalicaly-deteds-cracks-nnudear-power-plants himl
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NSSS Integrity Monitoring system
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Digital Twin

http://www.corys.com/en/steps/article/digital-twin-challenge-nuclear-power-plants
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Surrogate (meta) modeling with machine learning

Simulation

(Surrogate,

Digital Twin)
model

Real
Environment

FHA2NE T 7B

N

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' Temperature Distribution
I Macroscopic Cross-Sections
| P Power Distribution
o B: Bumup Distnibution
l F: Fission Rate Distribution

e
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Combustion modeling using principal component analysis

e Direct numerical simulation of combustion systems is impossible
* Resolution requirement
* Number of equations to be solved
* Ex) 53 species and 325 reactions
e 57 strongly coupled PDE

* PCA offers the potential to automate the selection of an optimal basis for
representing the manifolds

D
X ~ nA' p% C V(o) + (s8)  pe(m) ==V (i) + (sy).
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Rise of Data science

image @m:nl actiity
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Reconstructed image
https://www.biorxiv.org/content/biorxiv/early/2017/12/30/240317.full.pdf

Conventional Modeling Data-driven modeling

Deep generator

network (DGN) £

Differential equation Functions trained with data
Numerical simulation Training time required
Slow, large memory Faster, small memory
Difficult non-linear modeling Non-linear modeling
Difficult to optimize Easy Optimization
8F2 11, Simulation Environment, Big Data and Ai in N/u\clear Engineering
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Hidden Figures (2017)
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Delia Science Technology
SPECT UM

Real-world systems often combine several techniques

Assimilative

Reinforcement
Learning

Unsupervised

Exploratory
Parameterization

Physics-Based
Naive Stats

Machine Learning Model-Based Understanding
Data-Driven = Model-Driven

Expert Knowledge in Data + Labels Expert Knowledge in Model Details

Model (mostly) determined by D + L Data refines model parameters

* Lukas Mandrake, Machine Learning & Autonomy
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Data Science & {|oj A&7

Substantive
Expertise

From Drew Conway
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