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01. Model Components
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Linear separability
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01. Model Components Sigmoid
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Output Soft
Ie‘lJyF;'J activat?onn}ﬁﬁction riababiities
SHSO0|M FE AEE|= activation function !9 o
5.1 ezz' 0.90
o | K o ;
aMoid (X) = ¥ "~ 00
1_‘__6—)< _1.1_ _0.02_
& A, £ ol s apay o

=

X= i) > e

Contamination

Dropout: 0.2

Dense: 100, Sigma’

Dense: 1

Contamination: ¢ ”

Flatten: 2000

—

Concatenate: 2001

Dropout: 0.2

nse: 2006, Retu

Quantffication

pense:-8%/Sigmoid

Normaliztion: y




02. Deep Neural Network

02. Deep Neural Network

Wiy Wiz Wi () k) )
(k) (k) (k) — 11 12 Y13 k k k
(al =" )=(*1 X2) ) © K +(b1 g - )

21 Wi Wys

Hidden layer Ol A| activation function(H|M
et 2| ZEH(glm)dt sgst 9 +=A

NE=
>
o
ot
:IZ
N




02. Deep Neural Network
Z= WNe T W Xt + NiXa + Wiz X3
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02. Deep Neural Network

Back propagation; chain rule(75X| ¥L|0|E)
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— 1 02. Deep Neural Network
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03. Convolutional Neural Network
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Contamination

Input: 2000 x 1
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Quantification
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CNN Back propagation
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CNN Back propagation
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CNN Back propagation




Thank you!



