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> W+
v' Linear equations
v" Vector and Matrix
v' Linear transformation

v" Eigenvector and eigenvalue
v’ System of linear equations

O Ay 4o~ Ber =13 A:l4 _5]7 x:[aﬁ], b:l

—2x1 +3x2 =9 -2 3 To
import numpy as np A = np.asmatrix(A)
b = np.asmatrix(b)
A = np.array([{fé —g}]) % = A.T*b
b = np.array([[-13], [P

[911) [[ 3.]

X = np.linalg.inv(A).dot(b)
print(x)

[(r 3.1
[ 5.1]

> XX 3}

v Convex optimization
v’ Least-square method
v' Gradient descent algorithm

min (21 — 3)% + (x5 — 3)*

2 0 2

OAD i L, wz]lz O} ["’"1]—[6 6][w1}+18

Lo

H = np.matrix([[2, ©],[@, 2]])

Repeat: = < =z — aVf(z)

g = -np.matrix([[6],[6]])
X = np.zeros((2,1)) X A Initial
alpha = 0.2 f( ) nitia

weight

for i in range(25):
df = H*x + g
X = X - alpha*df

print(x)

Y Vv S
XXy Xy Xg oy

[[ 2.99999147]

[ 2.99999147]]
Global cost minimum J,i, (w)
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| Hsts
(Machine Learnig)

| |
X =sts H| X|E8tS d3lsts

=% H2 (Supervised Learning) (Unsupervised Learning) (Reinforcement Learning)
- Yo|== HolE2 & - o0|= Blo| g= « HM AMAHOR SIS
. 0|2} glo|g o= - HO|ES sHT 2=/83 YN « OJALEEE 9|t X = o] WA el
«  y=fix) « x ™~ px), x=fix)
B= =] =c{AHE
(classification) (regression) (clustering)
W
5 linearly and strictly sepa'rabli classes L> Regression ol
2 &
o I of
x o 1
1 ‘. .
3 @ 2|
- 1 3 3 );':1 5 3 7 1 2 . 3 2 > 0 2 5 0 5
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Supervised Learning

~
1. Feed Forward Neural Networks
Input: Network:
npu etworl output:
L] Dense » Representation Prediction |«
numbers Encoder
J
N
2. Convolutional Neural Networks
Input: o
p Network: Sut
An image y| Convolutional » Representation » Prediction «-
Encoder
J
N
3. Recurrent Neural Networks
Input: Network:
Output:
Sequence Recurrent » Representation Prediction |«
Encoder
N
4. Encoder-Decoder Architectures
Input: Network: Network: Output:
Image, Image,
Text, —» Ry — Representation —» (A —» Text, |«
Encoder Decoder
etc. etc.
J

Hold ol 2] X CO|E{H|o| A S

deeplearning.mit.edu

Ground Truth

Ground Truth

Ground Truth.

Ground Truth:

Unsupervised Learning

P
5. Autoencoder

. Throw away after training

= Digit

(10)

mnist.load_data()

Input: Network: Network: GroEanrL{Eh : flattened
Image : { D
Text, —» Ay —» Representation N oy ——%; Exac.t capy ‘ ‘
e Encoder ! Decoder i ofinput | 3
- OO y
6. Generative Adversarial Networks Input image Input layer hidden layer output layer
! Throw away after training ‘ (28 X 28) (784) (100)
Input: Network: Output: Network:
. Fake L Prediction: | |
Noise —» Generator — e = Discriminator —» Real or Fake i mnist = tf.keras.datasets.mnist
: T ‘ (train_x, train_y), (test_x, test_y) =
L E— : i
i1 Real ! . .
; | ! train_x, test_x = train_x/255.0, test_x/255.0
: i Image H

test_loss, test_acc =

o~
ot

2l
= O

https://github.com/lexfridman/mit-deep-learning/blob/master/tutorial_deep_learning_basics/deep_learning_basics.ipynb
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model.evaluate(test_x, test_y)

test_img = test_x[np.random.choice(test_x.shape[0], 1)]

predict =
mypred = np.argmax(predict, axis =

Prediction

Input Image:

-

Neural |/
Network %

© 00 ~N o Ul B2 w N Pk O

model.predict_on_batch(test_img)
1)

1% confidence

1% confidence

% confidence

% confidence

% confidence

91% confidence

1% confidence

1% confidence

% confidence

1% confidence
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New Materials Discovery

Structural pipeline

BB

— Stability
Candidates Graph Energy models

\
\
/

)

Compositional pipeline databaseJ

| Interatomic potentials

='*C> DFT E GNOME | 2.2 million stable structures]

|

% GNN
L, | Li,S,0;, — g —> Stability —

Candidates Graph AIRSS
- :
)f o, :J"*‘f rd
2,)( T ;,gu , )
b_ »
Li,MgGe,S, Mo GeB, Rb,HfSi;O,

A. Merchant et al., Nature, 624 (2023) 80-85.

Materials Property Prediction

Tensile test Microstructural images XRD charts
£ = 1 st -
g 150 ; 20| = {‘"l | -
; ; E S .EIW
g’ 0 g 1% s '°'§ f:lzuw
é s0 2 100 ‘1':" "‘g ?m
E 02 50 g mz —gm
5 ki 5
2 o -g sg o,
2 3 i P
Z 9 20 40 80

60,
0 005 01 015 02 Difiraction angle / deg.

True strain, & (=In((AL+ Ly VL)) [-]

Dimensional density,
Composition information

Microstructural image KMecharilcal

Properties
‘TE -EB
‘YM -YS

Prediction

Deep learning
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ArE4: M2t 25121%, O €: yunseokkim@skku.edu

Z .| O| X|: https://spm.skku.edu

AEA: H23stat 251335, 0|0 Y: k.jeong@skku.edu

ZH|O|X|: https://sites.google.com/view/kj-midlab
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