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LipNet
(https://www.youtube.com/watch?v=fa5QGremQf8)
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Inference

?

?

predicted
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𝑦=g(x) 𝑦=g’(x)

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

박문규, Simulation Environment, Big Data and Ai in Nuclear Engineering
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기존 최적설계 머신러닝 알고리즘

Optimization
Scheduler
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Encoder
Network

Decoder
Network

latent vector

Encoder
Network

융합

딥러닝기반위상최적설계

딥러닝기반영상고해상화
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From The Quest for Artificial Intelligence, Nils John Nilsson

Artificial Intelligence is that activity devoted to machines intelligent, and 
intelligence it that quality that enables an entity to function 
appropriately and with foresight in its environment

For these reasons, I take a rather generous view of what constitutes AI.
That means that my history of the subject will, at times, include some 
control engineering, some electrical engineering, some statistics, some 
linguistics, some logic, and some computer science.

둘다 인공지능이다!

당시 기술으로 뭔가 신기해보이면 인공지능이다!

https://brunch.co.kr/@flatdesign/23
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From Arthur Samuel 
Field of study that gives computers the ability to learn
without being explicitly programmed

From Tome Mitchell
T : Task (특정 과제에 대해)
E : Experience (경험을 통해)
P : Performance (성능을 향상) 

How?
- 데이터 마이닝, 자동 탐색, 데이터베이스 업데이팅, 프로그래밍

Feedback methods
- Supervised Learning, Unsupervised Learning, Reinforcement Learning 

https://brunch.co.kr/@flatdesign/23
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Computer

Computer

Data

Program
Output

Data

Output Program

Traditional Programming

Machine Learning
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Computer

Data

Program
Output

Traditional Programming

https://www.slideshare.net/yonghakim900/ss-60252533
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Computer

Data

Output Program

Machine Learning

CAT

고전적으로컴퓨터가고전했던
고도의인식문제를
컴퓨터가계산할수있는계산문제로치환
>> 통계학
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https://towardsdatascience.com/simple-linear-regression-2421076a5892
https://en.wikipedia.org/wiki/Linear_regression

MIN

Regression model

Y = W·X
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Classification model

https://ratsgo.github.io/machine%20learning/2017/05/30/SVM3/

원공간의데이터를선형분류가가능한고차원공간으로매핑

Support vector machine(SVM)



20

Y = W(X)

http://blog.daum.net/ygyung/15996778
https://hackernoon.com/log-analytics-with-deep-learning-and-machine-learning-20a1891ff70e

X Y

W

http://blog.daum.net/ygyung/15996778
https://hackernoon.com/log-analytics-with-deep-learning-and-machine-learning-20a1891ff70e
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부적절한 명칭
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From The Elements of Statistical Learning

The term neural network has evolved to encompass a large class of models and 
learning methods. Here we describe the most widely used “vanilla” neural net, 
sometimes called the single hidden layer back-propagation network, or single 
layer perceptron. There has been a great deal of hype surrounding neural 
networks, making them seem magical and mysterious. As we make clear in the 
section, they are just nonlinear statistical models, much like the projection 
pursuit regression model discussed above.

뉴럴네트워크(NN: 인공신경망)를둘러싼막대한양의과장광고가있었고, 
그들(NN)을마법적이고신비롭게보이도록만들었다.

여기서분명히하건데, 그들은위에설명한 PPR 모델만큼이나그저비선형
통계모델일뿐이다.
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하용호, 딥러닝을인스톨시켜주마
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AI

Machine Learning

Deep Learning
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From Data mining : Concepts and Techniques, Jiawei Han 
Searching for knowledge – interesting patterns in data
Extraction of interesting patterns or knowledge from huge amount of data

Classification, Regression, Outliner analysis, Clustering, 
Associate rule discovery, Pattern discovery

https://brunch.co.kr/@flatdesign/23
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AI

Machine Learning

Deep Learning

Data driven 
computational physics

Design of
Neural Networks

Data mining



31

http://www.mtechprojects.org/deep-convolutional-neural-networks-projects.html

Convolution Neural Network

Recurrent Neural Network
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VGG Net & Resnet

Densnet

GoogleNet
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http://solarisailab.com/archives/2482
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DANN UNET

https://arxiv.org/pdf/1710.10196.pdfPG-GAN

https://arxiv.org/abs/1505.04597https://arxiv.org/abs/1505.07818

Tacotron https://arxiv.org/pdf/1703.10135.pdf
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Machine Learning

Deep Learning
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- 머신러닝은본질적으로데이터를이용한확률모형이다.
- 통계학, 수학!!
- 블랙박스인가?

- 뉴럴넷이머신러닝의폭발적인발전을이끌었다.
- 단지 Kernel 함수에지나지않는다.
- 과거수십년동안발전해온머신러닝학문을이해해야한다.
- 머신러닝의새로운패러다임.

- 공유문화가핵심이다?!
- 소스코드공유(깃헙)
- 논문공유(아카이브)
- 공개된데이터셋
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뇌의동작
원리를꼭
알아야할까요?

https://www.biorxiv.org/content/biorxiv/early/2017/12/30/240317.full.pdf
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• 물질의양자상태(스핀등)가어떻게되는지시물레이션하는것은물질
구성에좀더깊은이해를줌.

• 기본적으로물질은 Many-body System인데, 이들사이의상호작용으로
나타는물질의상태를시물레이션하는것은시간과컴퓨팅파워가
무척이나많이필요함.

• Deep learning을이용하여물질의양자상태에대한시물레이션을진행.
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𝑦=f(x)+f’(x)
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𝑦=g(f’(x))
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사람



52

• Anomaly Detection

• Non destructive Test

• Health monitoring

– Pump LPMS, Acoustic alarm

• Uncertainty Evaluation

• Digital Twin

• Automation

– Normal condition, Emergency condition

• Structural Optimization

• Materials Science
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 초대형 쓰나미에 대한 무방비
 설계기준 쓰나미 설정 + 설계기준 초과 쓰나미 대책

 중대사고 대응 대책 미흡
 1980년대 이후 잘 알려진 Mark-I 격납용기의 취약성 보완 미흡
 중대사고 대응 대책(설비, 절차서, 교육 훈련 등) 부족

 지진과 쓰나미에 의해 악화된 작업 환경
 복구 설비 이동에 제약
 끊임없는 여진 문제

 사고 진행 과정에서의 부적절한 대응
 1호기 비상응축기 작동상태 오인, 3호기 고압주입계통 수동 중단, 격납용기

배기밸브 개방 지연, 보고체계 혼선 등

 원전 내부 상태에 대한 정보 부족
 원자로 내부 상태에 대한 부정확한 이해/추정

 중대사고가 다수 호기에서 동시에 전개

*백원필, 원자력이용현황, 후쿠시마사고및지속이용을위한도전과제, 부산대학교세미나



54

사고발생

Decision1 Decision2 Decision3 Decision4

Safe or
Not ?
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• 자율운전??

• 수소취하사진을분석한물성예측

• 감시시스템
• 화재및운전원감시
• Acoustic monitoring system

• 배관감육진단

• Digital Twin

• Multi-physics calculations
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• 증명할수있는가? 불확실도는얼마인가?

• 데이터부족

• 라벨만들기
• 비용
• 난이도

• 정상데이터에편중
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https://arxiv.org/abs/1703.04977



58

*Romit’s blog: romitsblog.wordpress.com
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*C. Ritcher and N. Roy, Safe Visual Navigation via Deep Learning and Novelty Detection
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*Arxiv: 1703.05921
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Simulation
(Surrogate, 
Digital Twin)

model
Control &
Monitoring

Real
Environment

• 복잡한다물리현상을빠르게모사할수있는가?
• 어떤데이터를생성할것인가?
• 실제데이터와차이는?
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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.
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• Direct numerical simulation of combustion systems is impossible
• Resolution requirement
• Number of equations to be solved

• Ex) 53 species and 325 reactions
• 57 strongly coupled PDE

• PCA offers the potential to automate the selection of an optimal basis for 
representing the manifolds
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최성준, 딥러닝최신동향, https://tykimos.github.io/2018/01/04/ISS_Recent_Trends_in_Deep_Learning/
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https://arxiv.org/abs/1505.07818
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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
박문규, Simulation Environment, Big Data and Ai in Nuclear Engineering
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인공지능학계
- 도메인지식없이도
모든문제를잘푸는

인공지능을개발했다!

응용분야
- 응그래? 그럼 가져다쓰면되겠네?
- 알파고제로가지고와서적용하면

뭔가잘되겠지.
- 잘안되잖아! (예전처럼) 사기야!

가장중요한부분을
고민하고있지않는것같은..



Expert Knowledge in Data + Labels
Model (mostly) determined by D + L

Data Science Technology
Spectrum

Expert Knowledge in Model Details
Data refines model parameters

Real-world systems often combine several techniques

Machine Learning Model-Based Understanding

Model-DrivenData-Driven Open Exploration

Unsupervised

Exploratory
Parameterization

Naïve Stats

Supervised
ML

Physics-Based
Modeling

Reinforcement
Learning

UQ

Assimilative
Models

* Lukas Mandrake, Machine Learning & Autonomy
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https://www.stoodnt.com/blog/beginners-guide-to-machine-learning-artificial-intelligence-internet-of-
things-iot-nlp-deep-learning-big-data-analytics-and-blockchain/
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• 딥러닝, 머신러닝기술을단순히적용하는것이아니라

어떻게적용할지에대하여한단계더고민을더해봐야한다.

• Uncertainty evaluation, Explainable AI

• Domain adaptation

• 딥러닝이만능이아니다.

• End to End 는비효율!

• 기존머신러닝알고리즘과융합.

• Domain 지식으로 탐색공간을줄이자.

• 문제에맞는 methods가필요하다.

• Domain + machine learning 전문가가극히부족

• 협업필요.

• 타분야의연구케이스스터디.

원자로를사람으로바꾸면의료와고민하는것이똑같다.

• 한번에대박은없다. 차근차근. 쉬운문제부터풀어나가야한다.

• 아주작은문제라도의미있게잘푼다면 대박!

원자력계뿐만아니라인공지능학계에서도지대한관심을가질것임.




