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Uncertainty - BERT
Non-Euclidian (Geometric) - World model
DL - Alpha Fold

- Meta Learning =

- Attention

- Model based RL
Domain Adaptation
Domain Transfer Network
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Dropout as a Bayesian Approximation

Yarin Gal, Uncertainty in Deep Learning (2016)

(a) Standard Neural Net (b) After applying dropout.

https://www.slideshare.net/sangwoomo7/dropout-as-a-bayesian-approximation
https://arxiv.org/abs/1703.04977
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Simple and Scalable Predictive Uncertainty
Estimation using Deep Ensembles, NIPS 2017

i (x) 79(X)

Neural network Mixture model

fa(x) x

plylx)

Density network

D. A. Nix and A. S. Weigend. Estimating the mean and variance of the target
probability distribution. In IEEE International Conference on Neural Networks,

1994
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Simple and Scalable Predictive Uncertainty
Estimation using Deep Ensembles, NIPS 2017
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Simple and Scalable Predictive Uncertainty

Estimation using Deep Ensembles

T

“panda”
57.7% confidence

Si3iRziolel 98

sign(V,J(0,2,y))

“nematode”™
8.2% confidence

Adversarial Training

&+
esign(VaJ(0, z,y))
“gibbon”

99.3 % confidence

https://arxiv.org/abs/1703.04977
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Simple and Scalable Predictive Uncertainty
Estimation using Deep Ensembles

N 2000 30
1OC 1008 20
190
( 0 ) g
10¢ 100} =10
-2 N
—och / — () 300t ¥
6 4 2 0 2 4 ¢ € 4 20 2 1 6 5 4 2 0 2 4 %
Empirical variance Density Network Adversarial training Deep ensemble
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Simple and Scalable Predictive Uncertainty
Estimation using Deep Ensembles

OO0 /AR234+45§5bb1 8899
OO/ | AA3 34455638599
FONLN133%:+8 5L P
cOXAZ288VD4#H>5C671785UY

F/¥F3/,023 JIIILJIDIEA
JI13/ /97317 ATFT3TATTL
FASEHABSABE FHAFJAVFFFFH
AHZURAMABRG FEFFBFFBFH
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Aleatoric & Epistemic Uncertainty

(a) Input Image

siEenfeioin 9ad

(b) Ground Truth

(¢) Semantic
Segmentalion

(d) Alealoric
Uncertainty

(¢) Epistemic
Uncertainty

https://arxiv.org/abs/1703.04977
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Visual Attention

- spatial transformer networks (2016)

(a)

. m U V ° '-"‘._—. V &

SRR RER 10



Visual Attention

- spatial transformer networks (2016)

MNIST Diswortion

Model R |IRTS|P | E
FCN 2.115.2 [3.1]|3.2
CN\N 12/|0R |1.5|14
Aff |1.2] 0.8 [1.3] 2.7
STFCN Proj (13|09 |1.4]2.6
TPS |1.1| 0.8 (14|24

Aff (07105 (0812
ST-CNN Proj (0.8 0.6 |08 1.2
TPS |0.7| 0.5 [0O.8[ 1.1

‘T'ahlc 1: 1&ft: The percentape errors for different models on different distorted MNTST datasets. The different
distorted MNIST dutasets we lest are TC: trunslated and clutlered. R: rotated. RTS: rolated, ranslated. and
scaled, 1" projecuve distortion, E: ¢lastic distortion. All the models used for each experiment have the same
number of purarnelers, and same base structure for all experunents. Righi: Some example (est mages where
a spatial transformer network correctly classifies the digit hut 2 CNN fails. (a) The inputs to the networks. (h)
The transformations predicted by the spatial transformers. visualised by the grid Ta{&). (c) The outputs of the
spatial transtormers. E and RIS examples use thin plate spline spatial wansformers (ST-CNN I'PS), while R
examples use affine spatial transformers (ST CNN Aff) with the angles of the affine transfarmations given. For

videos showing animations of these experiments und more see httos://geco.gl/qdZnUu.

siEenfeioin 9ad
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Visual Attention

. FOFENEH &

. Eeigo] Z2urA DOl 0| S HT

MO
12
|0
YU
Il
Oif¥
rlo
0x
ofr
o
=°,£
X

Woodpecker
Species 1
=
@
=
o
=
z
:
S
Woodpecker g 4
Species 2 &

5
4

2
o

Look Closer to See Better: Recurrent Attention Convolutional Neural Network

for Fine-grained Image Recognition
P"A
~fSes . Korea Atomnic Enersy
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Visual Attention A
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Generative Image Inpainting with Contextual A
Attention

BRERiEe 982 14 ST o rmiconsor



Generative Image Inpainting with Contextual A
Atftention
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Generative Image Inpainting with Contextual
Attention







N

Simple random search provides a competitive
approach to reinforcement learning

Maximum average reward after # timesteps

Task # timesteps | ARS SAC DDPG SQL TRPO
Iopper-vl 2.00 - 10° 3306  =3000 &1100 = 1500 ~ 1250
HalfCheetah-vl1 1.00 - 107 5024 ~11500 =63500 ~~8000 ~ 1800
Walker2d-v1 5.00 - 108 205 =~3500 =~1600 ~2100 ~ 800
Ant-vl 1.00 - 107 2072  =~2500 =~200 22000 ~()

S
™~
BRER7Rl R8T 18 QT Keres Moo Enengy

N Hesearch insblute



Imagination-Augmented Agents
for Deep Reinforcement Learning (12A)

I2A@87 ~ 1400
12A MC scarch @95 ~. 4000
MCTIS@8T e 25000

MCTS@O5 ~= 1TU0000)
Kandom search  ~ millhions

B Table 1: Imagination efficiency of various
B architccrures.
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World Model A

-

[ environmens. |< otion |
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----------------- S action
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1. Calculate the fitness score of each candidate solution in generation (g).

2. Isolates the best 25% of the population in generation (g), in purple.

3. Using only the best solutions, along with the mean p(g) of the current generation (the green dot),
calculate the covariance matrix C'(91) of the next generation.

4. Sample a new set of candidate solutions using the updated mean p(9+1) and covariance matrix

Cl9+1)

http://blog.otoro.net/201//10/49/visual-evolution-

o oo strategies/ A
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World Model : Variational Autoencoder

Original Observed “reme

Si3iRziolel 98

Encoder

22

Decoder

v

Reconstructec Frame




World Model : Variational Autoencoder A
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World Model: MDN — RNN (Sketch RNN)

clear drawing mosqgLito g4 random predict

Si3iRziolel 98 24



World Model

Al eack tire stes, our zgent
recaives an observat on from
the enarcnment

Worla Modazl

Tre Visicn Modzl (V) encodes the
h gh-dirensizna oaseration into
a low-dimensional lazent wecto

Tre Memery RNN (M) integrasss
the Fistorical coces to create a
representaticn That can pradict
furure states.

A smzll Controller (C) Lses the
representaticns tror bath
Vand M < seleul gosd sclivns.

Ihe =gent pertormis 2etions thed

g back and zlfect ths gnvironmel,
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Domain
Transfer
Network




Image-to-lmage Translation with
Conditional Adversarial Networks

siEenfeioinl 98T




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

Labels to Street Scene BW to Color

culpul

input cutput nput autput
Day to Nignt . Edgesto Photo

cutput input A output input output

staeifiolrel o8 30 Qo Kares Atoanic Emengy
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Image-to-Ilmage Translation of A
Unpaired Dataset!

Domain $ . Domain T

Si3iRziolel 98 31
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Unsupervised Cross-Domain Image Generation A

Zox
oz on
o= Ex

G e XM
X (x) . QM =

_ AMAFEXE

1O/ Hd

https://arxiv.org/abs/1611.02200
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Unsupervised Cross-Domain Image Generation A
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Unsupervised Cross-Domain Image Generation

siEenfeioin 9ad
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Unsupervised Cross-Domain Image Generation A
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Unsupervised Cross-Domain Image Generation A
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Unsupervised Cross-Domain Image Generation A
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Cycle GAN (Disco GAN) A

Leowsr,
...............................................
i i
1]
| X :
- AR —
A Cay ==w | Cea A
ﬁ .
. \ -
—— —
Gaa Gas
Ayan
) 4 -y ” 7
H Tra H
' '
'
H '
P — J— Pp—
Lr.nxﬂ',

Figure 2. Three investigated models. (a) standard GAN (Goodfellow et al., 2014), (b) GAN with a reconstruction loss, (¢) our proposed
model (DiscoGAN) designed to discover relations between two unpaired, unlabeled datasets. Details are described in Section 3.
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Generating a Fusion Image: One’s Identity and Another’s Shape

' \
/:M - *n
3
.v

G(x.y)

ake Pair

Generator Discriminator
‘ .:(x ! '.
F ' - G, 1' Min-Patch

’ Crx,y)

@)F -

Read Paie
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Generating a Fusion Image: One’s Identity and Another’s Shape

I\ly,gy’l \\\‘-. 3 Lszg
X (’_(.5_;) \\ \ —
\\ (.I.us.x) AN /_. G — (IJ;;Sy)
|G 05 —| G| | tS) |G
/ ( / k "Ly
L (1,,5,) \ .
// ~ -L)‘ a= ey \ .
Y G2 e —| G |— [ty
I—
4y, 5,0 |
(a) Shape Loss Lg for I, = I, (b) Shape Loss Lg, and Ls,, for I, =1,

Figuee 3. Illustration of Shape Loss. (a) Shape loss Ls, is defined when 1. = I, (b) Shape loss Ls,, and Lz, are defined when [ £ 1.
To achieve our gonl, These shape losses should he minimized. In the figure, generaror (7 is nnly ane model (samea weights), and blue imnpes

are the generated vulpul images [rom the generalor

N\
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N

Generating a Fusion Image: One’s Identity and Another’s Shape

FusionGAN CyclaGAN DiscoGAN
[nput x [nput y (from one model)  (from three models)  (from three models)

EE%RE?_%%E 41 P s Keres Atomn i Enerdy
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Everybody Dance!

Source Subject

s
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Everybody Dance!

Training . ,
e L D J

. ) -
: P A G }{ — fake D

_[H]_. —HJH_. 1l = Hﬂ”~ rea

Transler y' ¥’

Fig 3. (Top) Training: Our nwdel uses a pose detector P to create pose stk figures from video frames of the target subject. Dunng tramning we kearn the
mapping G alongside an adversanal disraminator N which atermpts (o distingaish between the “real” correspandence paie (x, 77) and the “fake”™ pair (Gr), y)
(Bottom) Transfer: We use a pose detector P: Y/ — X’ 1o obtain pose joints for the source person that are transformed by our normalization process Norm
intn joints for the target person for which pose stick figuees are created. Then we apply the trained mapping (7

N
L
=11y olo st Kores Atom i Enerdy
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Multi modal Transfer A

[nput Blond hatr Gender ! Angry Happy Fcartul
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StarGAN

(a) Cross-domain models (b) StarGAN

SRR RER 45



image-to-image translation using A
paired and unpaired training samples

Our Model  pix2pix pix2pix
Input Cycle GAN  (30/2975) (30/30) (2975/2975) _ Ground Truth
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https://arxiv.org/pdf/1805.03189.p¢
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TimbreTron: A WaveNet(CycleGAN(CQT(Audio))) A
Pipeline for Musical Timbre Transfer

cart CycleGAN Cv‘;’;‘:;ﬁ‘;;"

Raw Violin Violn COT Generated Generated Flute
Waveform e Flute CQT Waveform

Figure 1: The TimbreTron pipeline that performs timbre transfer from Violin to Flute.
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Domain for engineering?

« Signal / Noise ?

« Experiment / Simulation ?
« Small / Large ?
 ProblemA /B
 DeviceA/ B

siEenfeioin 9ad
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Turbulence

When | meet God, | am going to ask
him two questions: Why relativity ?
And why turbulence ? | really believe

he will have an answer for the first.

AZQUOTES

https://ko.wikipedia.org/wiki/
%EB%82%9CHEB%A5%98_(%$ECKI7%ADRED%95%99)

e |
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Navier-Stokes Equation

oV

pl[—+ WV VW] ==VP+ pg+ uVV

ot

/

change of
velocity with time

Si3iRziolel 98

Convective term

Pressure term: Fluid

flows in the direction

of largest change in
pressure

54

N

viscosity controlled
velocity diffusion
term

Body force term:
external forces that
act on the fluid (such
as gravity,
electromagnetic,
etc.)

A
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Accuracy vs. Cost

LAMINAr FloOw s———

Turbulent Flow —_—

d(‘ol
Resolved=Cemputed by code oxaclly, Modeled=approx mation o ﬁ"n‘
e, IRTNRON
N N anergy — Dassipaiion 2
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Lavge adily £iamlor! - o,
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ILES > (FAREY, Q DNS ‘e, Oé &O,)
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(SA 208, keonmmega 331,., €l¢, el ) LES c"..
RANS ™

UBurs (2004] complexity
Intro to CFD and Multiphysics Simulations, https://www.slideshare.net/AltairHTC/s02-altair-cosgrove
)
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A New kind of science, Stephen Wolfram

» C O WV AOTTAMSCIANOA COm i T ™M T ESEL | Q

t 2 >t [@oaw Pov H3% gic Cloeve S Si-ad EaNaS B0 B BisE Moed BIaY Bauw ol B8 ay Y NEN

Preface
1 | The Foundations for a New Kind of Sclence»
2 | The Crurial Experiment
3| The World of Simgle Prograns
Systems Based on Numbers »
Two Dimension: and Beyend »
6 | Starting from Randomness »
7 Mechan/sms ‘n Programs and Nature»
£ | Implications for Everyday Systems »
9| Fundamental Physics»
10| Precesses of Perception and Analysis »
11 The Naotion of Compataticn
12 | The Principle of Computational Equivalence »
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A New kind of science, Stephen Wolfram
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Why does deep and cheap learning work so well?*

Menry W. Lin, Max Tegmark, and David Rolnick
Dept. of Physics, Harvard University, Cembridge, MA (2138
Dept. of Physics, Massachusetts nstitute of Technology, Cambridge, MA 02189 and
Dept. of Mathematics, Massachusetts Institute of Lechnology, 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 pguarantee that neural networks can approxi-
mate arbitrary functions well, the class of functions of practical interest can frequently be approxi-
mated through *cheap lesrning” 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 he 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
11 variables cannot be multiplied using fewer than 2™ neuwrons in s single hidden layer.
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Deep Learning in Computer Graphics

M. Chu, “Data-Driven Synthesis of Smoke Flows with CNN-based Feature Descriptors”,
SIGGRAPH 2017

R Volumetric Synthesis |
" Fluic repository Descriptor learning

/|

Sieieioinel o8 59 ST Kares Atomc Emnency

S RAEM Resesrch institute



Image-to-lmage Translation with A
Conditional Adversarial Networks

Labels to Street Scene BW to Color

culpul

input cutput nput autput
Day to Nignt . Edgesto Photo

cutput input A output input output
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Deep Learning the Physics of Transport Phenomena
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Convolutional Neural Networks for Steady Flow Approximation

s Toverr Twear Town
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https://www.biorxiv. org/content/blorx1v/early/2017/;1.2/30/240317 full. pdf
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A

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

Turbulent Kinetic Energy

= |
I
1 &8 DNS
1 IRANS a
SN/ ML
l‘!‘_ //
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e
x/6=29,0
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Feature Space View

feature space view of prediction:
training data complex,
realistic flows

training flows
separated flows (S)'
P———

attached bounda
layers (BL)

free shear flow |
(FS) ﬂ

ather 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
I“_'ﬁ
(—r o Keres Ato i Enerdy
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Solving the Quantum Many-Body Problem
with Artificial Neural Networks, science 2017
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Physics Equations...
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Quantum Mechanics to real worlds

Engineering
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A
FB Group: Physics Informed Machine learning

Physics-informed Physics-informed

(PDEs and Des Machine Learning
Learning) .'
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(Acoustical Damping &
Natural Frequency, 2011)
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Autodesk Generative Design
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Autodesk Generative Design
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minirrnize F = F(u(p),p) = /ﬂj(u(p),p)dV

subject to Golp) — / pdV — Vp <0
Ja
Gi(ulp),p) <0withj=1,...,m
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Unsupervised Learning of
Topology Optimization Results
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Deep Learning for Topology Optimization Design

Deep Learning Neural Network
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Deep Learning for Topology Optimization Design
: Discretization of boundary conditions
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Deep Learning for Topology Optimization Design
1st Stage
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Deep Learning for Topology Optimization Design
: 2nd Stage
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Deep Learning for Topology Optimization Design
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Hybrid Approach?

=g(X)

™ =g'(x)

Conventional Modeling Data-driven modeling

Si3iRziolel 98

Differential equation
Numerical simulation
Slow, large memory
Difficult non-linear modeling
Difficult to optimize

Functions trained with data
Training time required
Faster, small memory

Non-linear modeling
Easy Optimization

g2, Simulation Environment, Big Data and Ai in Nuclear Engineering
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Hybrid Approach?

Optimization
Scheduler
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Neural networks for topology optimization

B Corv = RelU orepout B Pooling [l Unsampling Conv + Sigmoid

Inpat Imege Inp.t Gradiant Precicticn Crounc Truth
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Exploring Generative 3D Shapes
Using Autoencoder Networks

Nobuyuki Umetani
{\ AUTODESK
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Learning Three-Dimensional Flow
for Interactive Aerodynamic Design

Nobuyuki Umetani Bernd Bicksl?
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Aesthetics
(Image Data Sets)

Engineering Performance
GAN (Topology Optimization Data Sets)
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Deep Learning
based

Bone
Microstructure
Reconstruction
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https://arxiv.org/abs/1702.00783
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System automatically detects cracks
in nuclear power plants

[a) Tiny cracks with low contrast and different hnb}unc\\
scratches

How Al Spets Preblems in Nuclear Plants That Other
Systems Miss
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Loose part monitoring system (LPMS)

Mass Estimation [2

1. Measured signal 2. Eliminating reflected wave & nolse
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The crisis at the Fukushima nuclzsar
clant was "a profoundly man-mace
disaster”, a Japanese parliamentary
panel has said in a report.

The disaster "could and should have
besn foreseen and praventec” and
its effects "mitigated by a more

effective human response’, it said.

| 5 (F “"l

N

Fukushima fault: ‘Man-made disaster' could have been prevented

Eded tma 5 Ju. 2012172 Gat short URL

Membera of the Medo £nd Tokyd Ciczie Powe” Gs (Tepec) emdoyes 1Dok €1 1o No. £ roacke buikdng [recr) awngst
tsunarmes dzmrage, & the compamy's Fues~ama Ca-Iobi nudear power plart in Ckama Town, Fuc.shera Pref=cture. (4FP
Fr0t0 ) Tomowo UFsang | AFF

The disasier at tha Fukushima power plant may have been tricgerad by a tsunami, but it was human error that
made it into one of the worst-ever nuclear accidents in human history, a Japanecsc Parliamentary pancl says.

(RT news, 5 July 2012)
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Surrogate (meta) modeling with machine learning

Simulation
(Surrogate,
Digital Twin) \
model
Control &
/ Monitoring

Real

Environment
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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 Tempernature Distribution

L Macroscopie Cross-Sections
F* Power Distribution

B: Bumup Distribution

F: Fission Rate Distribution
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Rise of Data science > He “"ﬁ
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https://www.biorxiv.org/content/biorxiv/early/2017/12/30/240317.f

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

gt27, Simulation Environment, Big Data and Ai in Nuclear Engineering
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Hidden Figures (2017)
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Data Science 2 {lsiM=?

Substantive
Expertise

From Drew Conway
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* Multi-scale & Multi-physics 2MIE
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