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2016 2018 2022 2024 2026
Master degree : [ SMR-DT dependency: SciMLvs CFD_|

» Severe accident analysis [1,2].

SciML

LFL (Experiment) (vol%)

(DReal-time simulator *

Low fidelity High fidelity Optimal fidelity CFD

Al-driven SMR-DT

@ CFD acceleration (® Optimal control |

“We need CFD acceleration using Al I”

: ¢« Hydrogen flame extinction mechanism with CFD [3, 4]. . : . . ; :
= .. Weneedhydrogen . Hydrogen flammability limit model [5, 6]. . g; ;eve; ; : gle;ég-tlmeISIM;{latOL (»21 %um;gate) 1[; 1,1 ;2, 14-17] —
:% = flammability model!” . Hydrogen combustion risk prediction code (HYCOR) - DT Ievel % oot aclce e’f ';’"t( i‘V rid so. \;er) [10, t]I _ ’ ,
it = = W (flammability, flame acceleration, DDT evaluation). evel 5. optimal control strategy (reinfor cement lear ning) s _emionmnd
A e el = ; . ST, . .
= 9 H . "I I“ | Observe state
[

Ph.D. degree

L& I
ﬁ

<J
7947 KoRED,

—— Entrance Al-Prediction
§8 5 e _pmm

¥

I - REL R e, POStdOC M I
e T = o * Finite volume method network (FVMN) mode [7].

* Physics-informed transfer jearning (RePIT) s
+ Inductiveibiased DRL for flow control [9]

* Developmient of in-house codle for severe accid

e “SMR innovation and licensing”

“We can apply Al to SMR-Digital Twin!”

trategy [8].

. SI\%{IART DT/ RePIT o,é.)en-source softwaée/ DRL for flow control

ent phenomena

- . . . : :
+ Coupling éf MELCOR code with in-house code Al-driven advanced severe accident code
9 * Development framework for severe accident in-house code : :
- o : :
= §if  + SMR regulatory technology
/ g  Hydrogen risk assessment for i-SMR [18] 2

* i-SMR MELCOR modeling




Al is super powerful!
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But not always...

Optimal Overfit

Predictor variable Predictor variable
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That's the reason why we need to lean Al fundamentals.

ALL MODERN DIGITAL
INFRP\SEBUCTURE
( lag 1
ki
L ) E
A PROJECT SOME
RANDOM PERSON
IN NEBRASKA HAS
= BEEN THANKLESSLY
MAINTAINING
SINCE 2003
j—) A
( ]




Source of lecture materials

« Chet7|Alet2] 7| A s s das= Atm

- MZhistn ddE nH 2024 2532 494tz

« Bt o7 F WH 2024 Z52| oA

« OIStChet e N5 Eh WaH 2025 52 ZolAt=

- SAMHE W O|=F w=H 2025 52| BoAtz

« St 7| A2 HEfR BT ArE 2025 Z52| 42oAt=

« Andew Ng et al., CS229 Lecture Notes (Stanford University)

* lllustrations from various columns (noted separately)




Tips for Beginners

CHot7 | A =k 2|-7| A 2l 5 K| & H 2] ‘Al Bootcamp’

Stanford Online ‘CS229’ Andrew Ng https://sites.google.com/view/aiksme/home?authuser=0

Stanford CS229: Machine Learning F... X

Stanford Online - 1/20 Topics Colab Slides Youtube
= =R ;
Stanford C$229: Machine e
- B Pyon rogaming oo
, s Introduction to Artificial Intelligence (Al) pdf#01 iYoutube#01
Stanford Online
(] Locally Weighted & Logistic End-to-End Machine Learning iColab#02 pdf#02 iYoutube#02
3 o Regression | Stanford C$229:...
gm Stanford Online . . . .
p— > Regression, Classification iColab#03 pdf#03, pdf#04 iYoutube#03
(N Lecture 4 - Perceptron &
4 m Generalized Linear Model |... :
Stanforg Oniine Dimension Reduction iColab#05 pdf#05 iYoutube#04
oo o Lecture 5 - GDA & Naive Bayes
R Clustering iColab#06 pdf#06 iYoutube#05
E Lecture 6 - Support Vector
6 @ Machines | Stanford C§229:.. Artificial Neural Networks (ANN) iColab#07 pdf#07 iYoutube#06, iYoutube#07
Stanford Oniine L0lab#ls pAi#0/
Leouie7;" Kamels| Stanfor Autoencoder iColab#08 pdf#08 iYoutube#08
7 :_‘% €S229: Machine Learning... H
1 P Stanford Online
e b e Convolutional Neural Networks (CNN) iColab#09 pdf#09 iYoutube#09
8 Eﬁ &Cross-Validation | Stanford... &
Stanford Oniine Long Short-Term Memory (LSTM) iColab#10 pdf#10 iYoutube#10
|4 » Pl 4) 1405/1:1519 - Homework and a note about the Stanford honor code > : Lecture 9 - Approx/Estimation
: RECSME R e Reinforcement Learning (RL) pdf#11 iYoutube#11
Stanford CS229: Machine Learning Course, Lecture 1 - Andrew Ng (Autumn 2018)
) SwnfordOnline M & mRAIE i
@) somiomes 4t @ Has L emiamg  []AB Value-based RL pdf#12 iYoutube#12
TETHES X swnford C5229: Machine
o Policy-based RL iColab#13 pdf#13 iYoutube#13
J1ASSM LLMEE pdf ChatGPT4 pdf#14 iYoutube#14
Language-based Robotics pdf#15 Youtube#15
ChatGPT Z& 34 EArd Hof pdf#16 iYoutube#16
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Linear regression

Living area (feet?) | Price (1000$s)

2104
1600
2400
1416
3000

400
330
369
232
540

housing prices
T T

1000

price (in $1000)

1000 1500

2500 3000 3500 4000 4500 5000
square feet

Training
set
Learning
algorithm
X —» h predicted y
(living area of ~ (predicted price)
house.) of house)

10

Andew Ng et al., CS229 Lecture Notes (Stanford University)



Linear regression
* How can we PREDICT the target?

x: input(feature)
hg (x): output(target)  9,: parameters (also called weights)

h@(.ﬁlj’) =60y + 0121 + Ooxo
\ \

area # bedrooms

« How can we EVALUATE the error of our function?

—> Cost function (loss function):
I ¢ i iy2
J(0) =5 (ho(a') — o)

1=1 mean squared error (MSE)

11



Linear regression

« How can we FIND the optimal values for the parameters?
- Gradient descent (GD) algorithm Initial

a Weight

,'/ Gradient
"
’

Incremental

Step \
'

a: learning rate (hyperparameter) Dmvat/w e / Minimum Cost
* In MSE loss function (least mean square) Weight 5
% 9 1 )
%J(H) = %5(%(33) —y) n_ o
j J 0; :=0;+a Z(yz—hg(xz))xz-, (forevery j)
1 5 , J
=2-5(hg(@) —y) - 55-(he(z) — ¥) =) i=1
P J i for number of training samples
- (h9<x) - y) : aTOj(HOxO . -ijj : ) j for number of parameters

12

linkedin.com/pulse/understanding-gradient-descent-python-rany-elhousieny-phdABb/



Partial differential equations

» general PDE form:

?(u(x, t), Vu(x, t), V2u(x, t)) =0, (x,t) € OX[0,T]

du

P (u-V)u+ Vp —vV?u

-« example 1) Navier-Stokes equation: F(u, Vu,V?u) =

oT
« example 2) Fourier's Law: F(T,V?T) = Frie aV2T

0B
« example 3) Faraday's Law. F(B,VXE) = 3 + VXE

https://www.youtube.com/watch?v=65yw9kIPklk

13/53



Kernel method

Cannot separate red
and blue points with
linear classifier

f(x, y) = (r(x, y), 8(x, y))
>

o ®
.
.
® o
) o
=
° o
® .
°
PR
o
o o®
.
After applying feature

transform, points can

be separated by linear
classifier

14




Kernel method

Cannot separate red
and blue points with
linear classifier

(X1, Xo) = (X412, X2?)

After applying feature
transform, points can be
separated by linear classifier

15




Polynomial regression

- For a given target function f(x), we aim to approximate it as a polynomial centered at x, and parametrized by
the coefficients ag, a4, ,a, .

f(x) = a0+ a;(x —xg) +a,(x —x0)* + az(x —x)> + -+ + a, (x — xx)"
- How to determine the parameters (coefficients) which best approximate the target function?

_ f*0x0)

ay Il 2o Taylpr Series Approxima.tion

— N=2

- Is this a reliable approximation?

1
1
1
I
1

\ ——= N=10
1

1

1

\

\

1

\

\

\

cos(x)

Convergence of the Talyor Series

16/53




Trigonometric regression

- For a given target function f(x), we aim to approximate it as a trigonometric function parametrized by the
coefficients a4, -+ ,a, and by, , by,

ag < kmx - knx
> + (ak COS—— + by, sin T)

k=1

fx) =

- How to determine the parameters (coefficients) which best approximate the target function?

1 (L kmx 1  knx
akzzj f(x)cosT dx,bkzzf f(x)smT dx
—L —L

- Is this a reliable approximation?

Convergence of the Fourier Series

/ frequency

17/53




Things to study

« Assumption of linear regression

 Probabilistic interpretation of linear regression

* Generalized linear model
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Machine learning (neural networks)

- For a given target function f(x), we aim to approximate it as a an L-layer feed-forward neural network
parametrized by 0 (weight and bias).

fl(x) =wlx + bt
Fx) = Wi (f*’-l(x)) +htfor2< <L = f(x)~ fL

- How to determine the parameters (coefficients) which best approximate the target function?

Set a loss function and minimize it (learning’ as well as ‘approximation’)

Hidden Layers

- Is this a reliable approximation?

Universal approximation theorem

20/53




Neural networks: universal nonlinear function approximator

Universal Approximation Theorem

For a continuous function f, there exists a sequence of growing neural networks {f,} such that

lim max|f,(x) — f(x)| = 0.

® Arbitrary width case for two-layer neural networks (L = 2, n; — o0).

@ G. Cybenko, — Deep learning architectures —

Approximation by superpositions of a sigmoidal function,

Math. Control Signals Systems, 2(4):303-314, 1989. ’ ‘liﬁ;'"ﬁ’*] = T
N kY J/ 19 <
W K. Hornik, LAt e
Approximation capabilities of multilayer feedforward networks, R
Neural Networks, 4(2):251-257, 1991. = |
® Bounded width and arbitrary depth case (n; < oo, L — 00). ll%

B P. Kidger and T. Lyons,
Universal Approximation with Deep Narrow Network,

21




MLP
Before: Linear classifier f(x)=Wx+0b

Now: 2-layer Neural Network f(x) = Wy, max(0, Wix + by) + by

ement L)) of W e Element (i, j) of W
gives the effect on N (i, j) 2

gives the effect on
h; from x; Input: X m S s; from h;

3072

Output: 10

Hidden layer:
100

Fully-connected neural network

a.k.a. Multi-Layer Perceptron (MLP) 9




Activation Functions

Sigmoid

1
l14+e—*=

o(x) =

-10

tanh(:v) J

RelLU
max(0, )

-10

10

10

Leaky RelLU
max(0.1x, x)

Maxout
max(wi x + by, wiz +b
1 1, Wy T + ba)

10

T x>0
ae®—1) <0 - 10

23
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Nonlinearly distributed data

* x space

* Nonlinear classifier in original space
* Piecewise linear classification boundaries

25




Nonlinearly distributed data

* 7 space

* Kernel
* Linearly separable

26




Summary of neural networks

* Universal function approximator

* Nonlinear mapping can be represented by another neurons




Things to study

« Feed-forward propagation

« Backpropagation and chain rule

* Generalized linear model
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* Invariance and Equivariance




Invariance vs Equivariance

Invariance Equivariance
= w
Y s Y e
r f f f
‘cat’ ‘cat’

P

30

Imperial's Deep learning course: Equivariance and Invariance




Invariance vs Equivariance

®: X - Y (neural network layer)

@ Equivariance: @ o pX(g) = p¥(g) o @

Invariance: ® o p*(g) =
l pY(g)

31

E. Bekkers, Group Equivariant Deep Learning




Invariance vs Equivariance

(D Fully connected layer (or MLP) is invariant or equivariant?

2 Convolutional layer is invariant or equivariant?




Invariance vs Equivariance

(D Fully connected layer (or MLP) is invariant or equivariant?
. Neither

2 Convolutional layer is invariant or equivariant?

. Equivariant P
o) s, &
- e
-~ Y e
—
I

‘cat’ ‘cat’

33



Invariance vs Equivariance

O MLP: no equivariant
2 CNN: spatial equivariant
3 RNN: temporal equivariant

@ Transformer: permutation equivariant




Limitation of FCN (classification)

ol | AW NP

It's all mixed up. It can learn invariant properties, but it is inefficient for large size image.

T. Son et al. (2023), Sensors

Model Types Number of Parameters
MLP 64.08 M
CNN 23M

35

medium.com, T. Son et al. (2023), Sensors
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Relational inductive bias

— 050 &
3 - & . X
o o =
& c o
= o
2 £ —
= © ‘ \
- H— N
(a) Fully connected (b) Convolutional (c) Recurrent

* Inductive bias is the set of assumptions that learning model uses to predict output
for generalization.

* Relational inductive bias is the assumptions on relationships in input data.

* Relational inductive biases are one of the keys to modeling architectures such as FCN,
ConvNet, RNN, GNN, or etc..

37

arxiv.org/pdf/1806.01261



Relational inductive bias

) hidden layer 1  hidden layer 2  hidden layer 3
input layer

;::E;:;:';'M output layer

e

o~

= Equivariant

Component Entities Relations Rel. inductive bias Invariance
Fully connected Units All-to-all Weak -
Convolutional Grid elements Local Locality Spatial translation
Recurrent Timesteps Sequential Sequentiality Time translation
Graph network Nodes Edges Arbitrary Node, edge permutations

Table 1: Various relational inductive biases in standard deep learning components. See also Section 2.

38
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Relational inductive bias

\'- Feature Map

Input Image

e

Component Entities Relations Rel. inductive bias Invariance

Fully connected Units All-to-all Weak -
Convolutional Grid elements Local Localit Spatial translation
Recurrent Timesteps Sequential Sequentiality Time translation
Graph network Nodes Edges Arbitrary Node, edge permutations

Table 1: Various relational inductive biases in standard deep learning components. See also Section 2.

39

arxiv.org/pdf/1806.01261




Relational inductive bias

w X Y Z <EOS>
A A A A A
s s s — — > >
I T I A A A & A
A B | <EOS> w X Y Z
Component Entities Relations Rel. inductive bias Invariance
Fully connected Units All-to-all Weak -
Convolutional Grid elements Local Localit Spatial translation

Recurrent Timesteps Sequential Sequentiality Time translation

raph networ Nodes dges Arbitrary Node, edge permutations

Table 1: Various relational inductive biases in standard deep learning components. See also Section 2.

40

arxiv.org/pdf/1806.01261



Convolutional layer

« Convolutional layer is spatial equivariant!

I(z) (1]
-
/ f
f(@) . f(r[@]) =y[f(@)]
) L
: ® (0 : s
O oq ' O oe

41

towardsdatascience.com



Principle of convolutional neural network (classification)

equivariant

7 o (trained) invariant
equivariant
— CAR
@ E E — TRUCK
— VAN
"<y : D [:| — BICYCLE
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN coLUtjslzrzo SOFTMAX
i i Y
FEATURE LEARNING CLASSIFICATION

By preserving equivariance longer, the network retains more detailed information,
enhancing its overall performance

42

T. Cohen (2021), Equivariant convolutional networks, Doctoral dissertation.




Principle of convolutional neural network (classification)

equivariant equivariant
. basic
mage shape filters:
filters:

eye nose others

face leg others

more complex

(trained) invariant

fully-connected

face detected

eye detected
nose detected

eye nose others

face leg others

layer

—

o . 8
8- g+

human body
8 ’ 8detected

I
B 1

;

féc\e detected

eye detected
nose detected

If we reduce the image size while maintaining equivariant, MLP can learn invariant.

|
[

|

00

o
. human body
detected

-

pPOOOOO0O

43

Why do convolutional neural networks have translation invariance? _Al future blog — CSDN blog



Recurrent Neural Network (RNN)

L RNN _] = RNN —> RNN —» RNN » RNN

44




Recurrent Neural Network (RNN)

Lo o

Nt

new state

fw

(

ne-1

/ old state

some function
with parameters W

We can process a sequence of vectors x by
applying a recurrence formula at every time step:

)

Input vector at

some time step

Notice: the same function and the same set of parameters are used at every time step.

45




Recurrent Neural Network (RNN)

The state consists of a single “hidden” vector h:

hy = fW(ht-L Xt)

L.

ml |

hy = tanh(Wynheq + Winxe + bp)

YVt = Whyht by

Sometimes called a “Vanilla RNN”

46




Recurrent Neural Network (RNN)

RNN

RNN

47




RNN is temporal equivariant!

Case A
Pattern starts att = 2

Input x | 0 ] [ A ’ [ B I [ ¢ ’ { ’ } { ’ } [ X \
A A A A
& ~._ Same RNN (same W, U, b) /
Output ;{ 0 } [ p ’ [\\\Q ’ [ R J { 0 } { 0 } { ’ \

Case B Ss
Same pattern, shifted by At = 3 A

(o) (o) (o] [o3:00) () (<)

o ) [0 ] (o] [0 (] (&) [n]

Same pattern, just shifted by 3 steps — output PQR also shifts by 3 steps

48



Recurrent Neural Network (RNN)

 Variable length of sequence can be input in RNN, because of shared weights at each
time step. RNN has various structure according to task types

one to one one to many many to one many to many many to many

Vanilla Neural Networks e.g. Image Captioning e.g. Sentiment Classification e.g. Machine Translation e.g. Video classification on frame level
image -> sequence of words sequence of words -> sentiment seq of words -> seq of words

49




Sequence to Sequence (seqg2seq): Many to One + One to Many

« Seq2seq is a model for training to convert sequences from one domain (e.g. sentences in English)

to sequences in another domain (e.g. the same sentences translated to French).

| am Iron Man

Y

Encoder Decoder

|

' OFO| HTH RJL|C}.

[ Wt

}1X9luo)

httns://ctkim tistorv.com/entrv/RNN-sea?sea @t -2 Q191 7}
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Sequence to Sequence (seqg2seq): Many to One + One to Many

« Seq2seq is a model for training to convert sequences from one domain (e.g. sentences in English)

to sequences in another domain (e.g. the same sentences translated to French).

Encoder

ISTM —» ISTM ——» ISTM —+———» Context
1

i

o OtO|ARH YLct

>

| am Iron man <eos>

T T T | |

Context ————» LSTM —> LSTM —> LSTM —> LSTM —> LSTM
I

T I I I I

<eos> | am Iron man
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Sequence to Sequence (seqg2seq): Many to One + One to Many

« Seq2seq is a model for training to convert sequences from one domain (e.g. sentences in English)

to sequences in another domain (e.g. the same sentences translated to French).

Decoder

I

]

:

| [ am Iron man <eos>

Encoder !

e - T 1 T [ ]
] ] I
] ] I
: LISTM —»  LSTM ISSM —+———» Context ————+» ISTM —» ISTM —» ISTM —» ISTM —» LST™
] I
| 1 ! ! I I
] I
] I
] I
i E <eos> | am Iron man
} ]
] I

Problem 1) fixed size of context vector

Problem 2) gradient vanishing
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Things to study

» Feed-forward/backpropagation of CNN
» Feed-forward/backpropagation of RNN
» Feed-forward/backpropagation of LSTM

 Gradient vanishing problem
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Limitation of RNN

1) Limited long-range dependency modeling

2 A
yesterday ‘ the J [ cat J [ was J { hungry ] o}
W W W W W
| |
I P> ESR

25 B (22 I{E0| §I2 shift)

yesterday morning L the J[ cat J[ was }[ hungry J

W W W W W

OE P > Z+2 3 R (RIXI2t shift)

[ f(shift(x)) = shift(f(x)) J

I{Ei0| ofC| Y= SUSH hidden state A|RAT} MM E
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Limitation of RNN

1) Limited long-range dependency modeling

ucatu S uwasu ol

RNN: sequential hidden state
— ZE7t CHAoIC}H S|ofsizIct

"The cat ... was hungry"

s|o|gt

%!-'GF
HE. D= 0 HEIt 5t haZ ¢S
Z0|7} 45 £7| EZ0| AI2FEICE (vanishing gradient)

56



Limitation of RNN

2) Weak contextualization

“l swam across the river to get to the other bank.”

“l walked across the road to get cash from the bank.”




Attention Mechanism: Attention is All You Need

* The fundamental concept that underpins a transformer is attention.
— Originally developed as an enhancement to RNNs for machine translation.
— Later showed significantly improved performance by eliminating the recurrence structure and focusing

exclusively on the attention mechanism.

Attention Is All You Need

Qutput
Probabilities
Ashish Vaswani* Noam Shazeer* Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research

J

((Add & Norm |<-\

avaswani@google.com noam@google.com nikip@google.com usz@google.com

Add & Norm Llion Jones* Aidan N. Gomez* Lukasz Kaiser*
B Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *

Add & Norm —— illia.polosukhin@gmail.com
Forward 7 Nx
Abstract
Add & Norm . .

Nx Add & Norm Vaored The dom_mant sequence lransducuop models are based on complex recurrent or
- X convolutional neural networks that include an encoder and a decoder. The best
Mu\t\—HQad Muiti-Head performing models also connect the encoder and decoder through an attention
fatiehiion Attention mechanism. We propose a new simple network architecture, the Transformer,
At At based solely on attention mechanisms, dispensing with recurrence and convolutions
Q Y, \_ — ) entirely. Experiments on two machine translation tasks show these models to
- . be superior in quality while being more parallelizable and requiring significantly
Positional > @ Positional less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
Encoding Encoding to-German translation task, improving over the existing best results, including
Input Output ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
| Embedding | l Embedding l our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
t best models from the literature. We show that the Transformer generalizes well to
Inputs Outputs other tasks by applying it successfully to English constituency parsing both with

(shifted right)

large and limited training data.

Vaswani et al. (2017)
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Recurrent Neural Network (RNN)
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Transformer Overview

Encoder
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One-hot Vector
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RNN architecture
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Transformer Overview

Decoding time step:@z 3456 OUTPUT

?

( Linear + Softmax

)

1

[ ENCODER ] ( DECODER J
J

L R
[ ENCODER J ( DECODER
\
EMBEDDING
wiTHTIME  CLIT] [T [T
SIGNAL
EMBEDDINGS CLIT] LILIT] LLI1]
INPUT Je suis  étudiant
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Transformer Overview

Decoding time step: 1@3 4 56 OUTPUT
( R
o o om ((__tinear+Softmax )
ENCODERS DECODERS ]
\- J
EMBEDDING t t t 4
WITH TIME CLTT] CLTT] CITT] EEEE
SIGNAL
EMBEDDINGS [ITTT1] (LI 1] [ITITT] LIl
e suis  étudiant PREVIOUS
INPUT J OUTPUTS
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Key Concepts in Attention

[ I )(swam) (across) [ the ] [river) [ to ] ( get ][ to ] [ the J [other) (éank)

( I )(swam] (across] { the ] [riverJ [ to J ( get J( to J [ the ] [other) (bank)
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Two Different Sentences

 Particular locations that should receive more attention depend on the input sequence itself

“llswam|across the|riverlto get to the other bank.”

“l walked across the road to get|cash|from the bank.”

— Once the network is trained, the weights for their associated inputs are generally fixed.
— By contrast, attention uses weighting factors whose values depend on the specific input data.
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Institution Behind Self-Attention

e Let's attend to the most important parts of an input




Institution Behind Self-Attention

* Our brain behaves like
1. Identify which parts to attend to
2. Extract the features with high attention




Understanding Self-Attention with Search

* Compute attention masks
— How similar is each key to the desired query?

Google optimusprime | Quiery (Q) X & & Q

g R
\ Y,
Key (K)

67




Understanding Self-Attention with Search

 Extract values based on attention

— Return the values highest attention

— C.f.) Hard attention vs. Soft attention

Google

optimus prime

Query (Q)

All  Images Shopping Videos News Books Maps ¢ More

Tools

Drawing a Original ' Lego Megatron Transformers 4
L] [

ew Transformers One Movie 2024 ...

Youmb Vlue(

&

Key (K)

Al Saved
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Learning Self-Attention with Neural Networks

He opened the door and smiled
IRDXl
He .. door ..smiled

He ... door ... smiled ¢ R
opened opened
the Soft_r)nax the
door X door
and and
smiled [RD N smiled

IRNXD IRNXN




Learning Self-Attention with Neural Networks

He opened the door and smiled
IRD X1
He ... door ...smiled
He He []
opened opened
the the
X =

door door
and and
smiled smiled

RN*N RNXD RNXD




Learning Self-Attention with Neural Networks

He opened He’
0.9x + 0.1x =
09 0.1
] He .. door ...smiled
He He He’
opened opened
the the
X =
door door
and and
smiled smiled
RN*N RNXD RNXD
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Learning Self-Attention with Neural Networks

He opened the door and smiled
RDXl
~ ™
He _ He He’
opened He ... door ... smiled opened
the the
Softmax door X X door =
and and
smiled smiled
]RDXN
RNXD RN XD RN*D
. _/ Val
Query Key alue
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Learning Self-Attention with Neural Networks

HONEREHM




Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

* X
Extract query (Q), key (K), value (V) /
- X
v
NXxD

H x | W

DXxXD NXD
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Learning Self-Attention with Neural Networks

Softmax

/‘

-

He
opened
the
door
and

smiled

He opened the door and smiled
]RD X1

\

He
He ... door ... smiled
opened
the
X X door
and
smiled
]RD XN
[RN xD RN XD
/
Query Key Value

He'

]RNXD
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Learning Self-Attention with Neural Networks

« Example of Self-attention layer (timeseries prediction)

« Self-attention weights reveal which past timesteps are more important

Multi-Variable Simultaneous Prediction

1.01
1.0
0.8 1 =
> 0.8
[
3
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e z
= = 0.4
g g
= 04 £
S @
- H H
021 0.0~ . : . = ﬂ
0.00h 1.25h 2.50h 3.75h 5.00h 6.25h
Absolute Simulation Time (Hours)
0.0
- T T T T T T T
0 10 20 30 40 50 60 70

Time (h)




Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

Encode position information

Extract query (Q), key (K), value (V)

Compute attention weighting

Extract features with high
attention
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Learning Self-Attention with Neural Networks

* Goalis to identify and attend to most important features in input data.

Encode position information
X 2

He opened the door and smiled

Embedding

Po P1 P2 P3 Pa Ps
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Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

.

* X
Extract query (Q), key (K), value (V) /
> x
v
NxD

H x | W -

N: context length
D: d _model (token size) DXxD
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Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

. - — Softmax<

NXxD DXN NXN

¢
: Attention score by computing similarity between Q and K

Q4 N
¢ e
K opened
\/ the
door
and
smiled

80




Learning Self-Attention with Neural Networks

* Goal is to identify and attend to most important features in input data.

Attention weighting Value Output

NXN NXD NXD

-

: B | B QK"
Extract features with high Y = Attention(Q, K, V) = Softmax [ /D \%
attention
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RNN: sequential hidden state "cat" > "was" 2|Z4: St 5CHAE AR ofs)
"The cat ... was hungry" — A&7} CHA|OtCt s|o|siZICH

Last-token method

‘ The ‘ ‘ cat ’ that .~ "‘ . 1 — —Ic;n_g ago_ _ 1 i “h " finally. _ \J
— —_
PAg-1) s|ol&t
YW R E A JEIt 5tLel h2 &5
0|7t 245 x7| EZ0| AI2HEIC} (vanishing gradient)

Transformer: self-attention
DEEZ0| ZE EES Y 20t — AH2l= 0(1)

‘ The ‘ ‘ cat ’ ‘ that ... ‘ ‘ long ago ’ tfinallv

‘ The ‘ ( cat ’ ‘ that ‘ (Iongago ’ ‘ finally ‘ was

M9o| 27| = attention weight. "was"7} "cat"2 ZF A5HA &=

{20 22t ofH E3 WO|E 1-step
WY Al Tbs, B2 EY 24 9l 82




Last-token method

* Residual connections that bypass the multi-head structure
* Layer normalization to improve training efficiency

~

X
Qutput

Probabilties Add & norm

y N

y N
Add & Norm

, ~ X=WZ+b

MLP

(CAdd & Norm Ii Z Z’Z E ]:Rd
Multi-Head
Attention

Add & Norm

Feed
Forward

W Vxd
| D) | s [ Add & norm I‘- € R
tntion atenton
——— ——— v V
Q —)
Positional & A Positional X E ]:R
Encoding Encoding
Input Output
l Embedding | I Embedding l d- model Size
T enedrgy V: number of vocabularies




Softmax and Output Probabilities

e ing © Top- . D
TRANSFORMER EXPLAINER Examples v Data visualization empowers users to create Generate Temperaturee . 2=mplinge:Top kk ;°p P S o

Try the examples while GPT-2 model is being
downloaded (600MB)

Transformer Block 1 > 11 more identical
. ) S 1E Abbmemdl " Transformer o o . ~
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Data Key Data ) visualize
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RNN /LSTM — &&} 2|

Why transformer?
AlIF to] A2 t-10] ZLIOF AIZHE
W =

J

RNN
Temporally equivariant — invariant via last hidden state
t=1 t=2
The cat
e ()]0 —{aw - EEEER-G)
hidden state?} & 2t HME — LIS Xl2Ci=2
last
GPU 30f 172t L5t= & - LIMX|= Ch7|
swted (o )(Co Lo JCa) (o] —{ e | (s (=)= =)~ 1) |
hidden states slide along time (s, stays idle, then s; s,) — equivariant
but the final state s, has absorbed the same content — same y — invariant Transformer — H2 %2
RE EZ0| SAlof| MZE E=Z (self-attention)
Transformer ‘ pos 1 ‘ pos 2 pos 3 pos 4 pos 5
' o : The cat sat on mat
Permutation equivariant — treats input as a set, no order assumed
& HHo| Z{Cis W Z(QK)2Z ZE ZAIE SAl0
et ()]0 — [ awenen ] — (7 )(a)(x](5]
GPU Z0{ =3 717} SAl0| Lst= &
msm () (1) () (3) —(memion ) — (5[0 )a)
ZE
~
WSt &2 gradient 22 SAIK 5t A|ZH
GPU Z&8& ™ 77| %ot &t oFY 100B+ 22k 7ts
J

outputs permute exactly the same way as inputs — permutation equivariant
a much stronger symmetry than shift — order must be added back via positional encoding

for invariance: pool over tokens, or read out a special [CLS] token

context length > 10K
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Things to study

 Tokenization

» Word embedding

* Positional encoding
* Cross-attention

 Masked-attention

* Multi-head attention




Overview

MLP

Neither equivariant nor invariant

e () o) )o) — me |]—[ ¢ )
= CIE)EE) — (O J— e

Each input slot has its own weights — moving the pattern breaks everything

f(shift(x)) # f(x) and f(shift(x)) # shift(f(x))

CNN

Spatially equivariant — invariant via global pooling

v (D) — (e~ EEERE-E

pool

Sl [ ey e R R D 0 B O

conv output PQ slides with the input — equivariant: f(shift(x)) = shift(f(x))

global pooling collapses all positions — same M either way — invariant

RNN

Temporally equivariant — invariant via last hidden state

e )] = ) -EEEEE-E

last

s () (o)) — (e )RR

hidden states slide along time (s, stays idle, then s; s,) — equivariant

but the final state s, has absorbed the same content — same y — invariant

Transformer

Permutation equivariant — treats input as a set, no order assumed

v o) )0 ) —( mtemion | — (o )(a]( (%)
remited ("o )("a )("c |8 | ——>[ attention |—['s ¢ =[]

outputs permute exactly the same way as inputs — permutation equivariant

a much stronger symmetry than shift — order must be added back via positional encoding

— for invariance: pool over tokens, or read out a special [CLS] token
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Three kinds of scientist — three philosophies of learning

The diligent
scientist

MLP

Approach

No assumptions.
Memorizes everything
case by case.

Slow, needs lots of

examples to generalize.

Approach

Has good intuitions:
"nearby pixels relate,”
"recent past matters."

Learns fast from small

L data — if priors are right.

e rich, op
scientist

Transformer

Approach

No fixed beliefs, but
vast data and compute.
Discovers structure itself.

Slow at first — but at
scale, surpasses the rest.

Thank You.
Any Questions?

jgjeon41@postech.ac.kr




