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Deep Learning for Topology Optimization Design
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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 Non-linear modeling
modeling
Difficult to optimize Easy Optimization

82 1, Simulation Environment, Big Data and Ai i/nﬁNucIear Engineering
(.
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Hybrid Approach?

Optimization
Scheduler
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From The Quest for Artificial Intelligence, Nils John Nilsson

Artificial Intelligence is that activity devoted to machines intelligent, and
intelligence it that quality that enables an entity to function
appropriately and with foresight in its environment

For these reasons, I take a rather generous view of what constitutes Al
That means that my history of the subject will, at times, include some
control engineering, some electrical engineering, some statistics, some
linguistics, some logic, and some computer science.

Ct 91 2 X| %5 0| Tt
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https://brunch.co.kr/@flatdesign/23
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HAl2]'d (machine learning)

From Arthur Samuel
Field of study that gives computers the ability to learn
without being explicitly programmed

From Tome Mitchell
T : Task (578 2t Of CHSH)
E : Experience (@2 9|
P : Performance (=2 &

)
2 )

How?
- 00| OfO|d, At= EfM, GO|HH|O|A ¥GOo|E, == 22

Feedback methods
- Supervised Learning, Unsupervised Learning, Reinforcement Learning

https://brunch.co.kr/@flatdesign/23
A
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Machine Learning

Traditional Programming

Data
Program Output
Machine Learning
Data
Output Program
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Machine Learning
Traditional Programming

Data

Program Output
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Edge Detection SUM HIE2E
https://www.slideshare.net/yonghakim900/ss-60252533
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ARt OFF ZHA| O K02 93 OIZX|S 7|4t 7|2 ‘

Machine Learning
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Data
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Machine Learning

Regression model

Y =W-X

0 = XTX)"1XTY

http%&@@%‘%‘}\g_@Linea r_regression

m

MIN /() = %Z(h" (x©)— y“))z

(=0

https://towardsdatascience.com/simpIe—Iinear—regressiorlzz_él’m76a5892
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Machine Learning

Classification model

’ |
/ o Op Input Space /
/ PSR Feature Space
’ X
1
HAS O HO[HE dHE /7t 7tsct DA S22 O E

Support vector machine(SVM)

https://ratsgo.github.io/machine%20learning/2017/05/30/SVM3/
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Y = W(X)

W

Deep Learning Neural Network

hackernoon.com/log—analytics—with—deep—learning—and—machine—-learning—20a1891ff70e

http://blog.daum.net/ygyung/15996778 httos:

@
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https://hackernoon.com/log-analytics-with-deep-learning-and-machine-learning-20a1891ff70e
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Neural Networks

Francgois Chollet & L

@fchollet N
FHEe FY

"Neural networks” are a sad misnomer. They're neither neural
nor even networks. They're chains of differentiable,
parameterized geometric functions, trained with gradient
descent (with gradients obtained via the chain rule). A small set
of highschool-level ideas put together

4:58 AM - Jan 13, 2018

) 3.412 () 1,421 people are talking about this 1)

Francois Chollet- one of the pioneers of Deep Learning, author of the Keras framework

) ,
o Korea Atomic Energy
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Neural Networks

From The Elements of Statistical Learning

The term neural network has evolved to encompass a large class of models and
learning methods. Here we describe the most widely used “vanilla” neural net,

sometimes called the single hidden layer back-propagation network, or single
layer perceptron. There has been a great deal of hype surrounding neural
networks, making them seem magical and mysterious. As we make clear in the
section, they are just nonlinear statistical models, much like the projection
pursuit regression model discussed above.
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Simple Neural Network Deep Learning Neural Network
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Universal Approximation Theorem

Universal approximation theorem

From Wikipeda, the free ancyclopedia

In the mathematical theory of artificial neural networks, the universal approximation theorem states'” that a feed-forward netwark
with a single hidden layer contaiming a finite number of neurons (i e.. 3 multiiayer perceptron). c2n approximate continuous functions on
comgpact subsets of R®, under mild assumptions on the activation function. The theorem thus states that simple newrzl networks can
represont a wide varioty of interesting functions when given appropriate parametess. however, it does nat touch upon the algorithmic
learnability of those parameters

One of the first versions of the thearem was proved by George Cybenko in 1989 for sigmald activation functions, '
Kurt Homik showed in 19917 that it is not the specific choice of the activation function, but rathes the multilayer feedlocward
architecture itself which gves newral natwarks the potential of being universal approxwemataors The putput units are always assumed to

be inear. For notational convenience, only the single autput case will be shown The general case can easily be deduced from the single
output case

Contents [hide]
1 Format statement
1 Seealso
3 References
4 Externa finks

Formal statement | edit |

The theoram2 2314251 i mathematical terms

Let @(-) be a nonconstant, bounded, and monotonically-increasing continuous function. Let I, denote the m-dimensional
unit hypercube [0, 1]™ . The space of continuous functions on I, Is denoted by C'(I,, ). Then, gven any & > () and any
function f & C(,y, ). there ewst an integer N, real constants v;, b; & I and real vectors w; & R™, where
i = 1,++«, N, such that we may define
N
Flx) =Y v (wfz+b)

=1
as an approximate realization of the function f where f is independent of i; that is,

|F(x) - flz)| <«

for all x € I, in other woeds, functions of the form F(z) are dense in C(1,,, )

This still holds when replacing 1,,, with any compact subset of R™

e
*ﬁi‘ﬂlt’ﬁﬁ?ﬂ %.E. 25 - “ Karea Atomic Energy
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Why does deep and cheap learning work so well?*

Henry W. Lin, Max Tegmark, and David Rolnick
Dept. of Physics, Harvard University, Cambridge, MA 02138
Dept. of Physics, Massachusetts Institute of Technology, Cambridge, MA 02139 and
Dept. of Mathematics, Massachusetts Institute of Technology, Cambridge, MA 02139

(Dated: July 21 2017)

We show how the success of deep learning could depend not only on mathematics but also on
physics: although well-known mathematical theorems guarantee that neural networks can approxi-
mate arbitrary functions well, the class of functions of practical interest can frequently be approxi-
mated through “cheap learning” with exponentially fewer parameters than generic ones. We explore
how properties frequently encountered in physics such as symmetry, locality, compositionality, and
polynomial log-probability translate into exceptionally simple neural networks. We further argue
that when the statistical process generating the data is of a certain hierarchical form prevalent
in physics and machine-learning, a deep neural network can be more efficient than a shallow one.
We formalize these claims using information theory and discuss the relation to the renormalization
group. We prove various “no-flattening theorems” showing when efficient linear deep networks can-
not be accurately approximated by shallow ones without efficiency loss; for example, we show that
n variables cannot be multiplied using fewer than 2™ neurons in a single hidden layer.

A
-
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VGG Network

0
: s
Revolution of Depth 22 w
253 . '
152 layers n
A s
N »
.. 154 =
1.7 100
22 byers 1% layers s
87 73 1%0
.57 . B layen & laywers hallow s
i N L B -
HSVRC'LS  MSVRC'1E  LSVRC'I4  WSVRCI3  ILSVRCIZ  ILSVRCT1  ILSVRC10 by ® T
MesNet  GoogleNet VGG AlexNet
[RRRTT 1,1 ) TRR T8 |4 JRe—
ImageNet Classification top-5 error (%) wunnewennfils (O ) RULICH, == | !
—m———
A —————————————————

# 22/xd vecie 28
def VGG_16():
model = Sequential()
model.add(Lambda(vgg_preprocess, input_shape=(3,224,224)))

ConvBlock(2, model, 64) def ConvBlock(layers, model, filters):
ConvBlock(2, model, 128) for i in range(layers):

ConvBlock(3, model, 256) model.add(ZeroPadding2D((1,1)))
ConvBlock(3, model, 512) model.add(Convolution2D(filters, 3, 3,
ConvBlock(3, model, 512) activation='relu'))

model.add(MaxPooling2D((2,2), strides=(2,2)))
model.add(Flatten())

FCBlock (model) def FCBlock(model):
FCBlock (model) model.add(Dense(4096, activation='relu'))
model.add(Dense (1000, activation='softmax')) model.add(Dropout(0.5))

return model

model = VGG_16()
model.compile(optimizer=Adam(lr=0.001),
loss='categorical_crossentropy', metrics=['accuracy'])

Karea Atomic Energy
I Research Institute
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Gj|0|E{ O}0|%! (Data mining)

From Data mining : Concepts and Techniques, Jiawei Han

Searching for knowledge — interesting patterns in data
Extraction of interesting patterns or knowledge from huge amount of data

Classification, Regression, Outliner analysis, Clustering,
Associate rule discovery, Pattern discovery

Machine leaming Pattern recognition

Statistios

Database systems 1—/ Visualization

Data Mining

-
/ T '

Data warchouse

ngh performance
computing

Infoemation

Applications
retneval

https://brunch.co.kr/@flatdesign/23

Kaorea Atomic Energy
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Neural Network 2| &%
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SR-Net
I training
exomplo | Y
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Priors
training
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Convolution Neural Network

output layer
input layer
: T Y9

hidden layer h
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Recurrent Neural Network
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http://www.mtechprojects.org/deep-convolutional-neural-networks-projects.html

e

l’ / )

Ve *- Karea Atomic Energy
K-AEII Research Institute

RURRAN TS 28 F 31



AR 2 Al A MO & fle AEKS 718 7]

outget
e 86

VGG-19 34-layer plzin 34-layer residual
image mage mage
[_33omw.6e |
[ dames |
poal, /2
[ 3swmizs | [ awnceia |
v v
poct. 12 poal. 12
¥ L
| aSeaniss | | dadceemes |
Y Y
| Sdenniss | | 3udcowss |
Y ¥
[ Sem e | | 3dccemss |
¥ v
[ #demisn | |
L 4
I
Y
| domes |
i
ped, 12 | saww iz |
Y
| st | | 3CSecmizs |
Y Y
| 3dcome sty | | Sxdcome 128 | A3 corw, 128
¥ ¥ i ]
[ ®3cewsiz | [ ®acwaci | 343 corw, 128
h 4 h 4
| 33cawsi2 | | 3cav 122 | 33 corw, 128
Y Y
| ®caq s | 363 corw, 128
Y
| 3dcom12s |
¥
| sdcom s |
Y
m%f! 3n3 conw, 256.
33 e, S12 %3 com, 356
[ ®awawsz | [aaemss |
Y
| sSemsu | | wSeaiss |
Y ¥
[idEmz | [cm 258
L
| 3deo2%6 |
F ' 1

VGG Net & Resnet

PR ATHE f8

I
s g
L : =l== 8+
]
113 ll 'l 'l‘l.l'..l'.lll'l'l’
A T
‘._F il'll'."ll B
thkgptenr g b B
| S
GoogleNet
<)
~ - Karea Atomic Energy
32 = /MAERI Research Institute



AXZ OFF ZA % HO|2 93t AIBR|S 7|H 7| % ‘

Generative Adversarial Networks

Samplng from Cumulative number of named GAN papers by manth
Real Examples 60

330
5

25
' 7

20
25
210
195
180
165
150
135
120

Total number of papers

Generote Fake o
image 2014 2015 216 2017

Yo

Latent Varlables
sampled from
Noise Distribution

http://solarisailab.com/archives/2482
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PG-GAN https://arxiv.org/pdf/1710.10196.pdf
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Playing LEGO!

’ |

Input Space
PE=R Feature Space

Machine Learning

Deep Learning
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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-Image Translation with
Conditional Adversarial Networks
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BW to Color
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Deep Learning the Physics of Transport Phenomena
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Navier-Stokes Equation
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change of
velocity with time
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Convective term f

Pressure term: Fluid

flows in the direction

of largest change in
pressure
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Body force term:
external forces that
act on the fluid (such
as gravity,
electromagnetic,

etc.)
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A New kind of science, Stephen Wolfram

2> C O O wwwwolframscience.com/n d ™M & e (m]

4 gee o=t @y Poov [Joas g c [Irover S Sci-vup SRNAS B0l BT sz Eows 8¢ oy SI08 B8 Bew BEes w B2

Preface »
1 The Foundations for a New Kind of Science »
2 The Crucial Experiment »

3 The World of Simple Programs»

4 | Systems Based on Numbers»

5 | Two Dimensions and Beyond »

6 | Starting from Randomness»

Mechanisms in Programs and Nature»

8 | Implications for Everyday Systems»

9 | Fundamental Physics»

10 | Processes of Perception and Analysis»

11 | The Notion of Computation»

12 | The Principle of Computational Equivalence»

Notes»
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A New kind of science, Stephen Wolfram
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fMRI to Image
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https://www.biorxiv. org/content/blorxw/earIy/2017/12/3q,Q§0317 full.pdf
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Solving the Quantum Many-Body Problem
with Artificial Neural Networks

Heisenberg 2D
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Duraisamy, A comprehensive physics-informed machine learning
framework for predictive turbulence modeling

y=f(x)+f"(x)
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| A

Turbulent Kinetic Energy
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J. Tompson, Accelerating Eulerian Fluid Simulation
with Convolutional Networks

y=g(f'(x))
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Deep Learning for Nuclear & Industry Engineering

« Anomaly Detection
« Non destructive Test

 Health monitoring
— Pump LPMS, Acoustic alarm

« Uncertainty Evaluation
» Digital Twin
« Automation
— Normal condition, Emergency condition

« Structural Optimization
o Materials Science
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SHHAIL CHS 25

a Selection b Expansion c Evaluation d Backup
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* Acoustic monitoring system

* Digital Twin

* Multi-physics calculations
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Aleatoric & Epistemic Uncertainty

(a) Input Image (b) Ground Truth (¢) Semantic (d) Alealoric (¢) Epistemic
Scepmentation Uncentainty Uncertainty

https://arxiv.org/abs/1703.04977
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Anomaly Detection

a*nomeacly somethingthat deviates from what is standard, normal, or expected

*Romit’s blog: romitsblog.wordpress.com
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(b) Novel Environment.

T

(a) Familiar Environment.

T T

e T 210N G
Testing — Familiar Environment

Testing — Novel Environment

2 |
& — — — Threshold
QO
a
0 0.01 0.02 0.03 0.04
Autoencoder Loss (Reconstruction Error)
*C. Ritcher and N. Roy, Safe Visual Navigation via Deep Learning and Novelty Detection
e
C A
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Imaining the GAN | Identifying anomalics --‘
# ) Model B Model = -..
T Ilullhy data Unscen data ... Anomalics
Preprocessing

*Arxiv: 1703.05921
!
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Surrogate (meta) modeling with machine learning

r

Simulation

(Surrogate,

Digital Twin)
model

Control &
Monitoring

Real
Environment

(“'/n
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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.

T Temperature Distribution

3 Macroscopic Cross-Sections
| P Power Distribution

B: Bumup Distribution

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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X MF, Bl XA ST, https://tykimos.github.io/2018/01/04/ISS_Recent_Trends_in_Deep_Learning/
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Domain Adversarial Neural Network
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https://arxiv.org/abs/1505.07818
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ise of Data Scienfists

Aota Scevists,
Nobody cared fof O People fow croFrrseeks
UrT\O‘W\ %ee\(' " ?aﬁ'\es. RK
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

gt 27t Simulation Environment, Big Data and.Ai in Nuclear Engineerin
7
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Defita Science Technology
SPECHYImM)

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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Drew Conway, the Data Science Venn Diagram

Substantive
Expertise
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* Uncertainty evaluation, Explainable Al
* Domain adaptation
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