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My Background

2018 2020 2022

[01] J. Jeon et al., Ann. Nucl. Energy, 2018.
[02] J. Jeon et al., Nucl. Eng. Technol., 2019.
[03] J. Jeon et al., Energies, 2020.
[04] J. Jeon et al., Int. J. Heat Mass. Transf., 2021.
[05] J. Jeon et al., Nucl. Eng. Technol., 2019.
[06] J. Jeon et al., Nucl. Eng. Technol., 2021.

[07] J. Jeon et al., Int. J. Energy Res., 2022.
[08] J. Jeon et al., Int. J. Heat Mass. Transf., 2024
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[12] J. Shin et al., Prog. Nucl. Energy, 2026.

20242016 2026

• Severe accident analysis [1,2].

• Hydrogen flame extinction mechanism with CFD [3, 4].
• Hydrogen flammability limit model [5, 6].
• Hydrogen combustion risk prediction code (HYCOR)
   (flammability, flame acceleration, DDT evaluation).

Master degree

Ph.D. degree

• SMR regulatory technology
• Hydrogen risk assessment for i-SMR [18]
• i-SMR MELCOR modeling

“We need CFD acceleration using AI !”

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

“SMR innovation and licensing”

[13] S. Baral et al., Comput. Fluids., 2026.
[14] B. Cho et al., Nucl. Eng. Technol., 2026.
[15] J. Shin et al., under review.
[16] W. Jeong et al., in preparation.
[17] M. Lee et al., in preparation.
[18] S. Yu et al., in preparation. LLM applications

AI Act

• DT level 1: Real-time simulator (AI surrogate) [11, 12, 14-17]
• DT level 2: CFD acceleration (Hybrid solver) [10, 13]
• DT level 3: optimal control strategy (reinforcement learning)

• Finite volume method network (FVMN) model [7].
• Physics-informed transfer learning (RePIT) strategy [8].
• Inductive-biased DRL for flow control [9]

“We need hydrogen 
flammability model!”

• Development of in-house code for severe accident phenomena
• Coupling of MELCOR code with in-house code
• Development framework for severe accident in-house code

• SMART DT/ RePIT open-source software/ DRL for flow control

Postdoc

2

Entrance CFD Reference

Entrance AI Prediction

AI-driven SMR-DT

AI-driven advanced severe accident code 

Fine-tuned large language model for MELCOR no-coding
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AI is super powerful!
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But not always…
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AI Act (since 2026)
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That’s the reason why we need to lean AI fundamentals.
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Source of lecture materials
• 대한기계학회기계인공지능연구회강습회자료

• 서강대학교김낭중교수님 2024 강습회강의자료

• 숙명여자대학교심주영교수님 2024 강습회강의자료

• 인하대학교고승찬교수님 2025 강습회강의자료

• 중앙대학교이수영교수님 2025 강습회강의자료

• 한국전기연구원김태완박사님 2025 강습회강의자료

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

• Illustrations from various columns (noted separately)

7
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Tips for Beginners

대한기계학회-기계인공지능연구회 ‘AI Bootcamp’

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

8
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Table of Contents
• Linear Regression

• Neural Networks

• Invariance and Equivariance

• Convolutional Neural Networks and Recurrent Neural Networks

• Attention Mechanism and Transformer 
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Linear regression

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

10
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Linear regression
• How can we PREDICT the target?

• How can we EVALUATE the error of our function?

à Cost function (loss function):

area # bedrooms

𝑥: input(feature)
ℎ!(𝑥): output(target) 𝜃": parameters (also called weights)

mean squared error (MSE)

11



12

Linear regression
• How can we FIND the optimal values for the parameters?

à Gradient descent (GD) algorithm

• In MSE loss function (least mean square)

𝛼: learning rate (hyperparameter)

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

𝑖 for number of training samples

𝑗 for number of parameters

12
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• general PDE form:

Partial differential equations

ℱ 𝐮 𝐱, t , ∇𝐮 𝒙, 𝑡 , ∇!𝐮 𝒙, 𝑡 = 0, 𝐱, 𝑡 ∈ Ω×[0, 𝑇]

• example 1) Navier-Stokes equation:

• example 2) Fourier’s Law:

• example 3) Faraday’s Law:

ℱ 𝐮, ∇𝐮, ∇!𝐮 =
𝜕𝐮
𝜕𝑡
+ (𝐮 * ∇)𝐮 + ∇𝑝 − 𝜈∇!𝐮

ℱ 𝑇, ∇!𝑇 =
𝜕𝑇
𝜕𝑡 − 𝛼𝛻

!𝑇

ℱ 𝐵, ∇×𝐸 =
𝜕𝐵
𝜕𝑡

+ ∇×𝐸

13/53

https://www.youtube.com/watch?v=65yw9klPklk
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Kernel method

y

r

θ

f(x, y) = (r(x, y), θ(x, y))

Cannot separate red
and blue points with
linear classifier

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

x

14

기계인공지능연구회 강습회, 심주용, 2024
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Kernel method

x2

(x1, x2) → (x1
2, x2

2 )

Cannot separate red
and blue points with
linear classifier

x1

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

x12

x22

15

기계인공지능연구회 강습회, 심주용, 2024
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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 𝑎!, 𝑎", ⋯ , 𝑎#	.

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

- Is this a reliable approximation?

Convergence of the Talyor Series

𝑓(𝑥) ≈ 𝑎0 + 𝑎!(𝑥 − 𝑥") + 𝑎# 𝑥 − 𝑥" # + 𝑎$ 𝑥 − 𝑥" $ +⋯+ 𝑎% 𝑥 − 𝑥" %

𝑎& =
𝑓&(𝑥")
𝑘!

16/53

기계인공지능연구회 강습회, 고승찬, 2025
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Trigonometric regression
- For a given target function 𝑓(𝑥), we aim to approximate it as a trigonometric function parametrized by the 

coefficients 𝑎", ⋯ , 𝑎# and 𝑏", ⋯ , 𝑏#.

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

- Is this a reliable approximation?

Convergence of the Fourier Series

𝑓(𝑥) ≈
𝑎"
2 +0

&'!

%

(𝑎& cos
𝑘𝜋𝑥
𝐿 + 𝑏& sin

𝑘𝜋𝑥
𝐿 )

𝑎& =
1
𝐿 :()

)
𝑓 𝑥 cos

𝑘𝜋𝑥
𝐿 	𝑑𝑥 , 𝑏& =

1
𝐿 :()

)
𝑓 𝑥 sin

𝑘𝜋𝑥
𝐿 	𝑑𝑥

17/53

기계인공지능연구회 강습회, 고승찬, 2025
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Things to study

18

• Assumption of linear regression

• Probabilistic interpretation of linear regression

• Generalized linear model
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Table of Contents
• Linear Regression

• Neural Networks

• Invariance and Equivariance

• Convolutional Neural Networks and Recurrent Neural Networks

• Attention Mechanism and Transformer 
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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 𝜃 (weight and bias).

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

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

- Is this a reliable approximation?

Universal approximation theorem

𝑓!(𝑥) = 𝑊!𝑥 + 𝑏!

𝑓ℓ 𝑥 = 𝑊ℓ𝜎 𝑓ℓ(! 𝑥 + 𝑏ℓfor	2 ≤ ℓ ≤ 𝐿 ⟹ 𝑓(𝑥) ≈ 𝑓)

20/53

기계인공지능연구회 강습회, 고승찬, 2025
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Neural networks: universal nonlinear function approximator

Deep learning architectures

21

기계인공지능연구회 강습회, 고승찬, 2025
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MLP

x hW1 sW2Input:  
3072

Hidden layer: 
100

Output: 10

Element (i, j) of W1 

gives the effect on 
hi from xj

Element (i, j) of W2 

gives the effect on 
si from hj

Fully-connected neural network 
a.k.a. Multi-Layer Perceptron (MLP)

Before: Linear classifier

Now: 2-layer Neural Network

𝑓 𝑥

𝑓 𝑥

= 𝑊𝑥 + 𝑏

= 𝑊2 max 0,𝑊1𝑥 +	𝑏1 + 𝑏2

22

기계인공지능연구회 강습회, 심주용, 2024
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Activation Functions

Sigmoid

ReLU

Leaky ReLU

Maxout

ELU

23

기계인공지능연구회 강습회, 심주용, 2024
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Nonlinearly distributed data

• Example to understand network’s behavior
– Include a hidden layer

24

기계인공지능연구회 강습회, 심주용, 2024
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Nonlinearly distributed data

• 𝑥 space

• Nonlinear classifier in original space
• Piecewise linear classification boundaries

25

기계인공지능연구회 강습회, 심주용, 2024
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Nonlinearly distributed data

• 𝑧 space

• Kernel
• Linearly separable

26

기계인공지능연구회 강습회, 심주용, 2024



27

Summary of neural networks

• Universal function approximator
• Nonlinear mapping can be represented by another neurons

27

기계인공지능연구회 강습회, 심주용, 2024
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Things to study

28

• Feed-forward propagation

• Backpropagation and chain rule

• Generalized linear model
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• Convolutional Neural Networks and Recurrent Neural Networks
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Invariance vs Equivariance

Imperial's Deep learning course: Equivariance and Invariance

30
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Invariance vs Equivariance

E. Bekkers, Group Equivariant Deep Learning

Equivariance: 𝚽 ∘ 𝜌C g = 𝜌D g ∘ 𝚽

Invariance: 𝚽 ∘ 𝜌C g = 𝚽

𝚽:𝑋 → 𝑌 (neural network layer)

31
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Invariance vs Equivariance

①  Fully connected layer (or MLP) is invariant or equivariant?

②  Convolutional layer is invariant or equivariant?

32
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Invariance vs Equivariance

①  Fully connected layer (or MLP) is invariant or equivariant?

: Neither

②  Convolutional layer is invariant or equivariant?

: Equivariant

33
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Invariance vs Equivariance

①  MLP: no equivariant

②  CNN: spatial equivariant

③  RNN: temporal equivariant

④Transformer: permutation equivariant

34
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Limitation of FCN (classification)

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

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

T. Son et al. (2023), Sensors

35
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Relational inductive bias

arxiv.org/pdf/1806.01261

37
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Relational inductive bias

arxiv.org/pdf/1806.01261

38

= Equivariant
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Relational inductive bias

arxiv.org/pdf/1806.01261

39
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Relational inductive bias

arxiv.org/pdf/1806.01261

40
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Convolutional layer
• Convolutional layer is spatial equivariant!

towardsdatascience.com

41
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Principle of convolutional neural network (classification)

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

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

equivariant

equivariant
(trained) invariant

42
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Principle of convolutional neural network (classification)

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

equivariant equivariant (trained) invariant

If we reduce the image size while maintaining equivariant, MLP can learn invariant.
43
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024

44
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024
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RNN is temporal equivariant!

48
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024
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Sequence to Sequence (seq2seq): Many to One + One to Many

기계인공지능연구회 강습회, 김남중, 2024
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기계인공지능연구회 강습회, 김남중, 2024

51

Sequence to Sequence (seq2seq): Many to One + One to Many
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Problem 1) fixed size of context vector 
Problem 2) gradient vanishing

기계인공지능연구회 강습회, 김남중, 2024

52

Sequence to Sequence (seq2seq): Many to One + One to Many
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Things to study

53

• 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 

55

1) Limited long-range dependency modeling
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Limitation of RNN 

56

1) Limited long-range dependency modeling
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Limitation of RNN 

57

2) Weak contextualization

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

“I walked across the road to get cash from the bank.”
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Attention Mechanism: Attention is All You Need

기계인공지능연구회 강습회, 이수영, 2025

• 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.

Vaswani	et	al.	(2017)
58
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Recurrent Neural Network (RNN)

RNN LSTM Transformer

59
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Transformer Overview

RNN architecture Transformer architecture

60
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Transformer Overview

https://jalammar.github.io/illustrated-transformer/

61
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Transformer Overview

https://jalammar.github.io/illustrated-transformer/

62
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Key Concepts in Attention

기계인공지능연구회 강습회, 이수영, 2025

63
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Two Different Sentences

기계인공지능연구회 강습회, 이수영, 2025

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

– 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.

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

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

64
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Institution Behind Self-Attention

기계인공지능연구회 강습회, 이수영, 2025

• Let’s	attend	to	the	most	important	parts	of	an	input

65
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Institution Behind Self-Attention

기계인공지능연구회 강습회, 이수영, 2025

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

66
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Understanding Self-Attention with Search

기계인공지능연구회 강습회, 이수영, 2025

• Compute	attention	masks
– How	similar	is	each	key	to	the	desired	query?

Query	(Q)

Key	(K)

67
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Understanding Self-Attention with Search

기계인공지능연구회 강습회, 이수영, 2025

• Extract	values	based	on	attention
– Return	the	values	highest	attention
– C.f.)	Hard	attention	vs.	Soft	attention

Query	(Q)

Key	(K)

Value	(V)

68
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Learning Self-Attention with Neural Networks

He
He	…

He opened the door and

smiled

opened
the

door
and

smiled

…	smileddoor

ℝ+×!

ℝ-×+
ℝ+×-

→	
Softmax

He

smiled

opened
the

door
and

He	… …	smileddoor

ℝ-×-

×
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Learning Self-Attention with Neural Networks

He

He opened the door and

smiled

opened
the

door
and

smiled

ℝ+×!

ℝ-×+

He

smiled

opened
the

door
and

He	… …	smileddoor

ℝ-×-

× =

ℝ-×+

70
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Learning Self-Attention with Neural Networks

He

smiled

opened
the

door
and

ℝ-×+

He

smiled

opened
the

door
and

He	… …	smileddoor

ℝ-×-

× =

ℝ-×+

0.9
0.1

He’

He
+

opened
0.9× 0.1× =

He’
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Learning Self-Attention with Neural Networks

He
He	…

He opened the door and

smiled

opened
the

door
and

smiled

…	smileddoor

ℝ+×!

ℝ-×+
ℝ+×-

Softmax × ×

He

smiled

opened
the

door
and

ℝ-×+

=

ℝ-×+

He’

Query Key Value
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

Encode	position	information

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

Compute	attention	weighting

Extract	features	with	high	
attention

𝐗

𝐱#$

𝐖(/)

𝐖(1)

𝐖(2)

𝐊

𝐐

𝐕𝑁×𝐷

𝐷×𝐷 𝑁×𝐷

×

×

×

• Goal	is	to	identify	and	attend	to	most	important	features	in	input	data.
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Learning Self-Attention with Neural Networks

He
He	…

He opened the door and

smiled

opened
the

door
and

smiled

…	smileddoor

ℝ+×!

ℝ-×+
ℝ+×-

Softmax × ×

He

smiled

opened
the

door
and

ℝ-×+

=

ℝ-×+

He’

Query Key Value
75



76
76

• Example of Self-attention layer (timeseries prediction)

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

Learning Self-Attention with Neural Networks
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

• 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

77
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

• 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

Input

He opened the door and smiled

⊕

Embedding

Positional
encoding

𝒑𝟎 𝒑𝟏 𝒑𝟐 𝒑𝟑 𝒑𝟒 𝒑𝟓
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

Encode	position	information

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

Compute	attention	weighting

Extract	features	with	high	
attention

𝐗

𝐱#$

𝐖(/)

𝐖(1)

𝐖(2)

𝐊

𝐐

𝐕𝑁×𝐷

𝐷×𝐷 𝑁×𝐷

×

×

×

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

79

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

기계인공지능연구회 강습회, 이수영, 2025

• 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

𝐊3𝐐 ⋅

𝑁×𝐷 𝐷×𝑁

𝐐
𝐊

Attention	score	by	computing	similarity	between	Q	and	K

𝐐𝐊3

𝑁×𝑁

→	Softmax

He

opened
the
door
and

smiled

H
e

op
en
ed

th
e

do
or

an
d

sm
ile
d
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

• 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

𝐕

𝑁×𝐷

× =

𝑁×𝑁 𝑁×𝐷

Y

Attention	weighting Value Output
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Last-token method
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Last-token method

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

Multi-head	
self-attention

Add	&	norm

MLP

Add	&	norm

𝒁

L𝑿

𝑍 ∈ ℝN

𝑊 ∈ ℝO×N

@𝑋 ∈ ℝO

!𝑋 = 𝑊𝑍 + 𝑏

𝑑: model size
𝑉: number of vocabularies
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Softmax and Output Probabilities

https://poloclub.github.io/transformer-explainer/
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Why transformer?

𝑑45678: > 10𝐾
𝑐𝑜𝑛𝑡𝑒𝑥𝑡	𝑙𝑒𝑛𝑔𝑡ℎ > 10K
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Transformer 이후언어모델의발전흐름

기계인공지능연구회 강습회, 김태완, 2025
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Things to study
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• Tokenization

• Word embedding

• Positional encoding

• Cross-attention

• Masked-attention

• Multi-head attention
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Overview
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Thank You.
Any Questions?

jgjeon41@postech.ac.kr


