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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

[09] J. Jeon et al., Phys. Fluids, 2025.

[10] S. Khanal et al., Nucl. Eng. Technol., 2025.

[11] S. Jo et al., under review.

[12] J. Shin et al., under review.

20242016 2025

• Numerical analysis of severe accident [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).

“We need hydrogen 

flammability model !”

Master degree

Ph.D. degree

• Finite volume method network (FVMN) model [7].
• Physics-informed transfer learning (RePIT) strategy [8].

• RePIT open-source software optimizations [10, 13]

• DT level 1: Real-time simulator (AI surrogate model) [11, 12, 14, 15]
• DT level 2: CFD acceleration (SMR applications) [13]

• DT level 3: optimal control strategy (reinforcement learning) [9]

• SMR regulatory technology
• Hydrogen risk assessment for i-SMR [16]

• i-SMR MELCOR modeling

“We need CFD acceleration using AI !”

“We need SMR hydrogen regulatory technology !”

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

“SMR innovation and licensing”

[13] S. Baral et al., under review.

[14] S. Khanal et al., in preparation.

[15] M. Lee et al., in preparation.

[16] S. Yu et al., in preparation.

(from ORNL)
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(from NINE Lab.)

LLM applications

• LoRA fine-tuning
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The world has changed!

Prof. Sooyoung Lee Mr. Kiho Kim

Scenario prompt Instruction prompt

탱크 개수, 온도, 압력 조건 → 입력문 3000개
생성
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But not always…
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AI 기본법 26년 1월 시행 예정

개발, 활용, 검토하는 인공지능
기술에 대한 이론적인 이해의

중요성
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Source of lecture materials

• 대한기계학회 기계인공지능연구회 2023, 2024, 2025 강습회 자료

• 가천대학교 김낭중 교수님 2024 강습회 강의자료

• 중앙대학교 이수영 교수님 2025 강습회 강의자료

• 한국전기연구원 김태완 박사님 2025 강습회 강의자료

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

• Illustrations from various columns (noted separately)
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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

• Recap: What is Machine Learning?

• Generative Learning Algorithms

• RNN/LSTM

• LLM/Transformer

• Applications of Nuclear Engineering
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• general PDE form:

Computational science: solve the equation!

ℱ 𝐮 𝐱, t , ∇𝐮 𝒙, 𝑡 , ∇2𝐮 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, ∇2𝐮 =
𝜕𝐮

𝜕𝑡
+ (𝐮 ∙ ∇)𝐮 + ∇𝑝 − 𝜈∇2𝐮

ℱ 𝑇, ∇2𝑇 =
𝜕𝑇

𝜕𝑡
− 𝛼𝛻2𝑇

ℱ 𝐵, ∇ × 𝐸 =
𝜕𝐵

𝜕𝑡
+ ∇ × 𝐸

10
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𝑑2𝑢(𝑥)

𝑑𝑥2 = 𝑓 𝑥 in Ω (1-D Poisson equation)

finite difference method (FDM):
𝑢 𝑥 + Δ𝑥 − 2𝑢 𝑥 + 𝑢(𝑥 − Δ𝑥)

Δ𝑥2 = 𝑓(𝑥)

finite element method (FEM): න
Ω

𝑑𝑢(𝑥)

𝑑𝑥

𝑑𝑣(𝑥)

𝑑𝑥
𝑑𝑥 = න

Ω

𝑓 𝑥 𝑣(𝑥) 𝑑𝑥

𝑢ℎ(𝑥) = ෍

𝑖=1

𝑁

𝑢ℎ𝑖 𝜙𝑖(𝑥), 𝑣ℎ = 𝜙𝑗(𝑥)

𝐴ℎ 𝑢ℎ = 𝐹ℎ

𝐴ℎ 𝑖𝑗 = න
Ω

𝑑𝜙𝑖(𝑥)

𝑑𝑥

𝑑𝜙𝑗(𝑥)

𝑑𝑥
𝑑𝑥

𝐹ℎ 𝑖𝑗 = න
Ω

𝑓𝜙𝑗(𝑥) 𝑑𝑥

finite volume method (FVM): න
𝑉

𝑑2𝑢(𝑥)

𝑑𝑥2 𝑑𝑉 = න
𝑉

𝑓 𝑥 𝑑𝑉 න
𝑆

𝑑𝑢

𝑑𝑥
∙ 𝐧 𝑑𝑆 = න

𝑉

𝑓 𝑥 𝑑𝑉

Computational science: solve the equation!
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Machine learning: approximate the equation!

- For a given target function 𝑓(𝑥), we aim to approximate it as a polynomial centered at 𝑥0 ​  and parametrized by 
the coefficients 𝑎0, 𝑎1, ⋯ , 𝑎𝑛 .

- 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 + 𝑎1(𝑥 − 𝑥0) + 𝑎2 𝑥 − 𝑥0
2 + 𝑎3 𝑥 − 𝑥0

3 + ⋯ + 𝑎𝑛 𝑥 − 𝑥0
𝑛

𝑎𝑘 =
𝑓𝑘(𝑥0)

𝑘!

materials from Prof. Seungchan Ko (Inha University)
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Machine learning: approximate the equation!

- For a given target function 𝑓(𝑥), we aim to approximate it as a trigonometric function parametrized by the 
coefficients 𝑎1, ⋯ , 𝑎𝑛 and 𝑏1, ⋯ , 𝑏𝑛.

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

- Is this a reliable approximation?

Convergence of the Fourier Series

𝑓(𝑥) ≈
𝑎0

2
+ ෍

𝑘=1

𝑛

(𝑎𝑘 cos
𝑘𝜋𝑥

𝐿
+ 𝑏𝑘 sin

𝑘𝜋𝑥

𝐿
)

𝑎𝑘 =
1

𝐿
න

−𝐿

𝐿

𝑓 𝑥 cos
𝑘𝜋𝑥

𝐿
 𝑑𝑥 , 𝑏𝑘 =

1

𝐿
න

−𝐿

𝐿

𝑓 𝑥 sin
𝑘𝜋𝑥

𝐿
 𝑑𝑥

materials from Prof. Seungchan Ko (Inha University)
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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

𝑓1(𝑥) = 𝑊1𝑥 + 𝑏1

𝑓ℓ 𝑥 = 𝑊ℓ𝜎 𝑓ℓ−1 𝑥 + 𝑏ℓfor 2 ≤ ℓ ≤ 𝐿 ⟹ 𝑓(𝑥) ≈ 𝑓𝐿

materials from Prof. Seungchan Ko (Inha University)

14
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Neural networks: universal nonlinear function approximator

Deep learning architectures

15
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16

https://www.computationalsciencenl.nl/

Machine learning as a computational science.
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Table of Contents

• Recap: What is Machine Learning?

• Generative Learning Algorithms

• RNN/LSTM

• LLM/Transformer

• Applications of Nuclear Engineering
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Types of learning: Discriminative vs Generative

Discriminative model Generative model

Goal Directly estimate Estimate                  to then deduce

What's learned Decision boundary Probability distributions of the data

Illustration

Examples Regressions, SVMs GDA, Naive Bayes

https://stanford.edu/%7Eshervine/teaching/cs-229/cheatsheet-supervised-learning

18
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Generative Learning Algorithms

• Algorithms that try to learn 𝑝(𝑦|𝑥) directly: Discriminative Learning Algorithms

• Algorithms that try to model 𝑝(𝑥|𝑦): Generative Learning Algorithms

For instance: 

𝑦 0 1 → Dog | Elephant

𝑝 𝑥 𝑦 = 0 → models distribution of dogs features 

𝑝 𝑥 𝑦 = 1 → models distribution of elephants features  

19
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Gaussian Discriminant Analysis (GDA) model

Fig. What the algorithm is doing(𝜇1, 𝜇0)

𝑦 ~ Bernoulli(𝜙) 

𝑥|𝑦 = 0 ~ 𝑁(𝜇0, Σ) 

𝑥|𝑦 = 1 ~ 𝑁(𝜇1, Σ) 

𝑝 𝑦 𝑥 =
𝑝 𝑥 𝑦  𝑝(𝑦)

𝑝(𝑥)

20
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And now…

기계인공지능연구회 강습회, 김태완, 2025

21
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Table of Contents

• Recap: What is Machine Learning?

• Generative Learning Algorithms
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ANN – Multi Layer Perceptron

• Universal function approximator

• Nonlinear mapping can be represented by another neurons

Slide from Prof. Sim (Sookmyung Women's University)
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Relational inductive bias

arxiv.org/pdf/1806.01261
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Relational inductive bias

arxiv.org/pdf/1806.01261
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Relational inductive bias

arxiv.org/pdf/1806.01261
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Relational inductive bias

arxiv.org/pdf/1806.01261
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024

28
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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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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024
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3 × 3 + 10 × 3 + 3 = 42

※ input 시계열 수와 상관없이 parameter 
공유

Let’s calculate parameter numbers!

𝑤1 = ℝ3×3

𝑤2 = ℝ10×3

𝑏 = ℝ3
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Recurrent Neural Network (RNN)

기계인공지능연구회 강습회, 김남중, 2024
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RNN Computational Graph (Many to Many)

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

37

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

38

Sequence to Sequence (seq2seq): Many to One + One to Many
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Backpropagation Through Time

기계인공지능연구회 강습회, 김남중, 2024
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Backpropagation Through Time

기계인공지능연구회 강습회, 김남중, 2024
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Backpropagation Through Time

기계인공지능연구회 강습회, 김남중, 2024
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Long Short Term Memory (LSTM)

https://jiwonkoh.tistory.com/188

• In addition to the hidden state vector, 𝒉𝒕 (short-term), 

LSTMs also maintain a memory vector 𝒄𝒕 (long-term)

42
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Seq2Seq with Attention Mechanism

43
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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)
44
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Recurrent Neural Network (RNN)

RNN LSTM Transformer
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Large Language Model (LLM)

기계인공지능연구회 강습회, 김태완, 2025
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Natural Language Processing (NLP)의 진화: 통계적 언어 모델

기계인공지능연구회 강습회, 김태완, 2025
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Natural Language Processing (NLP)의 진화: 신경망 언어 모델

기계인공지능연구회 강습회, 김태완, 2025
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NLP의 발전 흐름: Transformer의 등장

기계인공지능연구회 강습회, 김태완, 2025
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Transformer 이후 언어모델의 발전흐름

기계인공지능연구회 강습회, 김태완, 2025
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Transformer Overview

RNN architecture Transformer architecture
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Transformer Overview

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

https://jalammar.github.io/illustrated-transformer/
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Input Embedding (Word Embedding)

https://www.blossominkyung.com/deeplearning/transfomer-positional-encoding
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Input Embedding (Word Embedding)

https://www.blossominkyung.com/deeplearning/transfomer-positional-encoding

56

Note: Recent tokenizers are more complex.
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Positional Encoding

기계인공지능강습회, 이수영, 2025

RNN: sequential procedure

Transformer: no-sequential information

57

Position? Dimension?
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Positional Encoding

Illustrated Guide to Transformer - Hong Jing (Jingles)

https://jinglescode.github.io/2020/05/27/illustrated-guide-transformer/

58

https://www.google.com/url?sa=i&url=https%3A%2F%2Fjinglescode.github.io%2F2020%2F05%2F27%2Fillustrated-guide-transformer%2F&psig=AOvVaw2az5t_99tIoo-IbNygLibE&ust=1760416915597000&source=images&cd=vfe&opi=89978449&ved=0CBUQjRxqFwoTCOCtjZmuoJADFQAAAAAdAAAAABA0
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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.

Bahdanau, Cho, and Bengio (2014) Vaswani et al. (2017)
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Two Different Sentences

기계인공지능연구회 강습회, 이수영, 2025

“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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Key Concepts in Attention

기계인공지능연구회 강습회, 이수영, 2025

61
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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.”
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Attention Coefficients

기계인공지능연구회 강습회, 이수영, 2025

• Suppose that we want to map input vectors (𝐱1, … , 𝐱𝑁) to another embedding space (𝐲1, … , 𝐲𝑁).

• The value of 𝐲𝑛 should depend stronger for particularly important vector, e.g.  𝐱𝑚.

• A simple way to achieve this is to define each output vector 𝐲𝑛 to be a linear combination of the 
input vectors with weighting coefficients 𝑎𝑛𝑚.
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Institution Behind Self-Attention

기계인공지능연구회 강습회, 이수영, 2025

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

66
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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)
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Learning Self-Attention with Neural Networks

He
He …

He opened the door and

smiled

opened

the

door

and

smiled

… smileddoor

ℝ𝐷×1

ℝ𝑁×𝐷

ℝ𝐷×𝑁

→ 
Softmax

He

smiled

opened

the

door

and

He … … smileddoor

ℝ𝑁×𝑁

×
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Learning Self-Attention with Neural Networks

He

He opened the door and

smiled

opened

the

door

and

smiled

ℝ𝐷×1

ℝ𝑁×𝐷

He

smiled

opened

the

door

and

He … … smileddoor

ℝ𝑁×𝑁

× =

ℝ𝑁×𝐷
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Learning Self-Attention with Neural Networks

He

smiled

opened

the

door

and

ℝ𝑁×𝐷

He

smiled

opened

the

door

and

He … … smileddoor

ℝ𝑁×𝑁

× =

ℝ𝑁×𝐷

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

ℝ𝐷×1

ℝ𝑁×𝐷

ℝ𝐷×𝑁

Softmax × ×

He

smiled

opened

the

door

and

ℝ𝑁×𝐷

=

ℝ𝑁×𝐷

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

𝐱𝑛
T

𝐖(q)

𝐖(k)

𝐖(v)

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

ℝ𝐷×1

ℝ𝑁×𝐷

ℝ𝐷×𝑁

Softmax × ×

He

smiled

opened

the

door

and

ℝ𝑁×𝐷

=

ℝ𝑁×𝐷

He’

Query Key Value
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Learning Self-Attention with Neural Networks

He
그는 문을 열고 웃었다

He opened the door and

smiled

opened

the

door

and

smiled

ℝ𝐷×1

ℝ𝑁×𝐷

ℝ𝐷×𝑀

→ 
Softmax

He

smiled

opened

the

door

and

ℝ𝑁×𝑀

×

그는 문을 열고

ℝ𝐷×1

웃었다

그는 문을 열고 웃었다
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Learning Self-Attention with Neural Networks

ℝ𝑀×𝐷

× =

ℝ𝑁×𝐷

He

smiled

opened

the

door

and

ℝ𝑁×𝑀

그는 문을 열고 웃었다

He opened the door and smiled

ℝ𝐷×1

그는 문을 열고

ℝ𝐷×1

웃었다

그는

문을

열고

웃었다

He’

1. Query

2. Key, Value
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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
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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

𝐱𝑛
T

𝐖(q)

𝐖(k)

𝐖(v)

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

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

𝐊T𝐐 ⋅

𝑁 × 𝐷 𝐷 × 𝑁

𝐐

𝐊

Attention score by computing similarity between Q and K

𝐐𝐊T

𝑁 × 𝑁

→ Softmax

He

opened

the

door

and

smiled

H
e

o
p

en
e

d

th
e

d
o

o
r

an
d

sm
il

ed
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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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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

• A self-attention head that can plug into a larger network

𝐗

𝐖(q) 𝐖(k) 𝐖(v)

𝐊𝐐 𝐕

Mat mul

Scaling

Softmax

Mat mul

𝐘
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Learning Self-Attention with Neural Networks

기계인공지능연구회 강습회, 이수영, 2025

• A self-attention head that can plug into a larger network

• Foundational building block of the Transformer architecture

Encode position information

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

Compute attention weighting

Extract features with high 
attention

𝐗

𝐖(q) 𝐖(k) 𝐖(v)

𝐊𝐐 𝐕

Mat mul

Scaling

Softmax

Mat mul

𝐘
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Attention Mechanism: Masked Decoder Self-Attention

https://www.kaggle.com/code/aisuko/causal-self-attention
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Attention Mechanism: Encoder-Decoder Attention
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Multi-Head Attention

• To capture multiple patterns of attention that are relevant at the same time

× =

Attention weighting Value Output

Output of attention head (1) Output of attention head (2) Output of attention head (3)

기계인공지능연구회 강습회, 이수영, 2025
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Multi-Head Attention

• To capture multiple patterns of attention that are relevant at the same time

𝐗

𝐖(q) 𝐖(k) 𝐖(v)

𝐊𝐐 𝐕

Mat mul

Scaling

Softmax

Mat mul

𝐗

Self-attention Self-attention Self-attention…

Concatenate

Linear

𝐘

기계인공지능연구회 강습회, 이수영, 2025
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Transformer Layers

• Residual connections that bypass the multi-head structure

• Layer normalization to improve training efficiency

Multi-head 
self-attention

Add & norm

MLP

Add & norm

𝒁

෩𝑿

𝑍 ∈ ℝ𝑑

𝑊 ∈ ℝ𝑉×𝑑

෨𝑋 ∈ ℝ𝑉

෨𝑋 = 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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Transformer Overview

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

https://openai.com/ko-KR/index/instruction-following/
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Table of Contents

• Recap: What is Machine Learning?

• Generative Learning Algorithms

• RNN/LSTM

• LLM/Transformer

• Applications of Nuclear Engineering
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Acceleration of Severe Accident Code 

*SAMG: severe accident management guideline 

• KNHP aims to develop an AI agent to support nuclear plant operators.

• To train the AI agent, a super-fast surrogate model that understands SAMG is required.
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Acceleration of Severe Accident Code 

• Time-series forecasting with AI model.

• Why do we need long input sequence length?

• Only transformer (attention mechanism) can analyze long input sequence length!

MLP (𝑓𝜃:  ℝ1 → ℝ1): 

𝑥𝑡 → [𝑥𝑡+1]

RNN (𝑓𝜃:  ℝ5 → ℝ1): 

𝑥𝑡−4,…,𝑥𝑡 → [𝑥𝑡+1]
Transformer (𝑓𝜃:  ℝ512 → ℝ1):

𝑥𝑡−511,…,𝑥𝑡 → [𝑥𝑡+1]
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Acceleration of Severe Accident Code 

1.0 0.2 0.3 0.0 1.0 0.0 1.0 0.0 0.0 

0.1 0.1 0.9 0.0 1.0 0.0 0.0 0.0 0.0 

…

0.7 0.7 0.2 0.0 1.0 0.0 0.0 0.0 0.0 

0.4 0.1 0.7 0.0 1.0 0.0 0.0 0.0 0.0 

SAMG-Transformer

• Develop a transformer model that utilizes SAMG variables as embedding vectors.

• With attention mechanism, we can develop severe accident time scale – surrogate model.

…

…

…

…

…

Embedding vector size 

ℝ𝑇𝐻+𝑆𝑦𝑠𝑡𝑒𝑚+𝑆𝐴𝑀𝐺 

Sequence length ℝ30 

t-29    t-28    …    t-1    tt-29

t-28

…

t-1

t

t+1

TH

variables
safety system

variables

(O/X)

SAMG

(O/X)

t-29

t-28

…

t-1

t

masking

Spray at (t-30) 

significantly effects H2 vol%
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Acceleration of Severe Accident Code 

Encode position information

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

Compute attention weighting

Extract features with high 
attention

𝐗

𝐱𝑛
T

𝐖(q)

𝐖(k)

𝐖(v)

𝐊

𝐐

𝐕𝑁 × 𝐷

𝐷 × 𝐷 𝑁 × 𝐷

×

×

×

• ABC-Transformer: Accident binary-continuous Transformer

𝑁: past timeseries size

𝐷: number of variables

𝐶: number of continuous variables

𝐵: number of binary variables

𝑁 × 𝐶 𝑁 × 𝐵
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Acceleration of Severe Accident Code 

• ABC-Transformer: Accident binary-continuous Transformer

Encode position information

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

Compute attention weighting

Extract features with high 
attention

𝐊T𝐐 ⋅

𝑁 × 𝐷 𝐷 × 𝑁

Attention score by computing similarity between Q and K

𝐐𝐊T

𝑁 × 𝑁

→ Softmax

𝑁: past timeseries size

𝐷: number of variables
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Acceleration of Severe Accident Code 

• Develop the ABC-Transformer that utilizes SAMG variables as embedding vectors.

• Training examples:

                                             

   

        
           

98



99

AI Agent for Automating Input Generation

• Flamenco Project: Fine-tuned large language model for MELCOR no-coding

• Fine-tuning of open-source LLMs

Prof. Sooyoung Lee

(CAU)
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0

Thank You.

Any Questions?

jgjeon41@postech.ac.kr
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1

Types of learning: SL vs UL vs RL 

(MathWorks)

• Supervised learning

➢ Training data: (𝒙𝒊, 𝒚𝒊); 𝒊 = 𝟏, … , 𝑵

𝑥𝑖: input (feature)

𝑦𝑖: output (label)

➢ Regression:  cardinal values

➢ Classification: categorical values

• Unsupervised learning

➢ Training data: 𝒙𝒊; 𝒊 = 𝟏, … , 𝑵  (no labels)

➢ Clustering, dimension reduction, Generative AI

• Reinforcement learning

➢ No (prior) data

➢ Learning from experience (interaction with environment) 

➢ like our life!
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2

Types of learning: Regression vs Classification

Linear

Classification

Logistic / Softmax 

VS

Discrete

What is Binary (Multi-class) Classification?

Variable is either 0 or 1 (0:positive / 1:negative)

• Exam : Pass or Fail

• Spam : Not Spam or Spam

• Face : Real or Fake
• Tumor : Not Malignant or Malignant

E.g., Encode variables to [0,1], or [0,1,2,…]

Continuous 
Time / Weight / Height

Regression

Slide from Prof. Sim (Sookmyung Women's University)
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3

Seq2Seq with Attention Mechanism

▪ Notice a few things in the Figure:

1. The Encoder is RNN 

2. Based on the hidden states, context vector(𝑐𝑖) is generated

𝑐𝑖 =  σ𝑗=1
𝑇𝑥 𝛼𝑖𝑗ℎ𝑗 

3. 𝛼 is parameterized as a feedforward neural network.

▪ The probability 𝛼𝑖𝑗 reflects the importance of the annotation ℎ𝑗 

w.r.t. previous hidden state(𝑠𝑖−1) in deciding the next state(𝑠𝑖).

▪ So, the decoder decides which part of the sentence to pay attention to.

▪ we don’t need to encode the information into a fixed size context vector.
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