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INDUSTRIAL REVOLUTION L

TRANSFORMING INDUSTRIES AND INNOVATION

= Industry 4.0
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Power Intelligence

[‘S2tRL 7R 42HUHAYE”, 2224 ], 2016]




BIG DATA

| Machine Learning Algorithms |
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Since an early flush of optimism in the 19505, smaller subsets of artificial intelligence - first machine learning. then
deep learning, a subset of machine learning - have created ever larger disruptions.

[“Difference Between Al, Machine Learning and Deep Learning”, NVIDIA, 2016]
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Classification Clustering




scikit-learn
algorithm cheat-sheet

classification

regression

clustering

NOT
WORKING

dimensionality
reduction
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Artificial Neural Network
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- Qur labeled datasets were thousands of times too small
- Our computers were millions of times too slow

- We initialized the weights in a stupid way

- We used the wrong type of non-linearity Local Maximum ! _Global Maximum
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Global Minimum/ Local Minimum

[“Deep learning-Royal Society”, Geoffrey hinton, 2016]
[‘FMoZ H|?E= Held”, 2122 RLAHA, 2017]

[“&lAH £0{ £ g o] Aol RE A (http://slownews.kr/41461)", Terry, 2015]
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Gradient Vanishing Problem

- Activation Function
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e Local Minima

- Optimization method
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Deep Learning

(Large Neural Network)
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Image
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Convolutional
NN

Speech/Text

]
Recurrent
NN

Data
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Generative
Adversarial

Network
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CNN

TRADITIONAL MACHINE LEARNING

o R

Input Feature extraction Classification Qutput
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Input Feature extraction + classification Output
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[“https://deeplearningsandbox.com/how-to-build-an-image-recognition-system-using-
keras-and-tensorflow-for-a-1000-everyday-object-559856e04699"]
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Recurrent Neural Network

 RNN applications
- Language Modeling

- Speech Recognition

- Machine Translation

- Conversation Modeling/ Question Answering

- Image/Video Captioning

- Image/Music/Dance Generation

Translation quality
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perfect translation

neural (GNMT)

phrase-based (PBMT)

English  English
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Spanish  French

English  Spanish  French  Chinese
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Chinese English English  English

Translation model




Deep learning model
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Deep learning in NPPs
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Monitoring

* Sensor drift detection Encoder ' Decoder
- Cold leg temperature (AAKR, Autoencoder)
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* Feedwater heater

- £ MZITH (SVM, Stack - RNN)

e SVM (Accuracy: 91.67%)
 RNN (Accuracy: 100%)
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[“Diagnosis of feedwater heater performance degradation using fuzzy inference system”, Y.K Kang, H Kim, G.,Heo, 2017]
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[“Prognostics of NPP’s Pipe Condition by Uisng LSTM-RNN Network”, Y.H. Chae, 2018]




Automation system
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Why deep learning

Deep learning
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Amount of data

How do data science techniques scale with amount of data?

[“What data scientists should know about deep learning”, Andrew Ng, ExtractConf 2015]
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