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https://www.youtube.com/watch?v=_kxX09i4fds



https://www.youtube.com/watch?v=_kxX09i4fds

NLPEAFE = ¥ 58 &6 15-Google Duplex

https://www.youtube.com/watch?v=WO0DcupvNv U
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GAN#ZPf5-Deepfake

https://www.youtube.com/watch?v=cQ54GDm1el0



https://www.youtube.com/watch?v=cQ54GDm1eL0
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' Source: MIT, Deep Learning for Self-Driving Cars
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Forwarding? Back propagation?
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4 -Forward Pass

Inputs  weights  sum

NNEAAQT

Output = Y\, x; X W;+b

X =z, 71,...7,

W = wy,wq, ... w,




NNZE 8 2&-Forward Pass

A TN _EIEAR MR R Inputs  weights  sum activation

/Activation Function

output = g(( Y x; % w;)+ b)
i=0

Xo
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gla) = ola) = 70—

Output

X =x9,11,...7,

Xl
W = wy,wy, ...w, G
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a=WoXo+ WiX1 4+ W2X2 +...4+WnXn + b
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Fully Connected Neural Network

inputs weights sum non-linearity input hidden output
Input layer output layer layer layer layer

0 Universal approximation theorem:
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Fully Connected Neural Network
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Fully Connected Neural Network
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A 2= R 2] (Loss function)
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o 12E NPE Gradient descent Loss function
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o [O]EF:RMSE * MSE * MAE

« 73 48:cross entropy

RMSE MSE MAE
(Root Mean (Mean Square
Square Error) Error)

(Mean Absolute Cross entropy
Error)




52 2= PR 2 (Loss function)

Loss function

Regression Classification

RMSE MSE MAE

Cross entropy
(Root Mean Square Error) (Mean Square Error) (Mean Absolute Error)
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o —{E& epoch EFT—R - WHERERIE
o —{& epoch EMNFEBPIAE training data — K
R 755
o [EHEIM—S5E 1 stochastic gradient descent (SGD)
« —E-SFHWREIE
o —REBEZZEER mini-batch SGD (FE i 7)74)
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High level API

Keras Fast.ai

Framework

Tensorflow Pytorch Caffe chainer MXNet CNTK

Language specific

Matconvnet Deeplearning4j
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https://towardsdatascience.com/deep-learning-framework-power-scores-2018-23607ddf297a
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from keras.models import Sequential
from keras.layers.core import Dense, Activation
from keras.optimizers import SGD

Dense(kernel £4)

44

# BEEERE 18 Sequential RFEMHFEEZER
model = Sequential()

Tha=fully connect/&

# NMAZE—E hidden layer (128 neurons)

# [EE] EAE—E hidden layer F=i1E input vector g
WEEEZEIEE input_dim

model.add(Dense(128, input dim=200))

hidden
layer

Model 218 - @ URFMRIEN (add) £&




1-2 Activation Functions
HARFI  FEREAE

Sigmoid 1 Leaky ReLU
o(x) = 1-l—é—$ max(0.1z, )

BA% - RE@RFR

ook ' Maxout

tanh(a?) J o max(wi T + by, wi T + by)
RelLU ELU
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IS 4518 (Conti)

quential()

# MAZE—/E hidden layer (128 neurons)
model.add(Dense(128, input dim=200))

# 35 activation function
model.add(Activation('sigmoid"))

# NMAZE_E hidden layer (256 neurons)
model.add(Dense(256))
model.add(Activation('sigmoid'))

# NOA output layer (5 neurons)
nhig

model.add(Dense(5))
model.add(Activation('softmax"))

# %’Eﬁi—? model summari

H
FiE52—@ Sequential RFEMHREBZHEL
1l = Se

BIETE input RVZHEE




Model Summary

\

DI ESIRBF R RBAS Y E

IL_ayer' (type) Output Shape Param # Connected to
dense_10 (Dense) ~ (Nome, 128) 25728 dense_input_a[@][e]
activation_10 (Activation) (None, 128) e dense_18[8][@]
dense_11 (Dense) (None, 256) 33024 activation_1e[e][e]
activation_11 (Activation) (None, 256) e dense_11[@8][@]
dense_12 (Dense) (None, 5) 1285 activation_11[e][e]
activation_12 (Activation) (None, 5) e dense_12[@][@]
rotal params: 0037




1-2 Bjj 1 & Activation

e Classification % FH softmax = output HY activation function

Softmax Output

" 0.07 )

0.6 D o _
' Exponential Normalized by the sum

26| ey | €26 | p—— | ©°3
0.36

2.2 @22

e0.6 )

0.1 Y \eo.l/ eo.6+e2.6+e2.2+eo.1 \0.04J

* Normalization: network output ¥#£21/[0,1] ZZf& H softmax output
NG 18 "X

o IREBETELtt classes AV prediction error
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B AVRY loss function: 7

e binary_crossentropy (logloss): FA%8E

. _%Z

N
n=1

[ynlog(yn) + (1 — yu)log(1 — y,)]

N
> S

7S

1]

. _%[0*Iog(0.9)+(1—0)*|og(1—0.9)+1*|0g(0.1)+O*|Og(1—0-1)]
+ =—{log(0.1)+l0g(0.1)]=-log(0.1)=2.302585

Prediction Answer
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2 S RTEREBIA loss function: regression &8

* mean_squared_error

* [(0.9 — 0.8)%2+(0.1 — 0.2)?]/2 =0.01 Prediction  Answer
* mean_absolute_error 0.8 0.9
* [109-0.8] +|0.1 -0.2]]/2=0.1 0.2 0.1

e mean_absolute percentage_error
 [|109-0.8|/]09|+(0.1—-0.2|/]|0.1|]*100/2 =55

* mean_squared_logarithmic_error
e [log(0.9)—log(0.8)]%+[log(0.1)—log(0.2)]41*100/2=0.247
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3. 3 1E optimizer AL ]

o FX7XFX optimizer SGD(Stochastic gradient descent optimizer)

# 18X optimizier
from keras.optimizers import SGD, Adam, RMSprop, Adagrad
sgd = SGD(1r=0.01,momentum=0.0,decay=0.0)

o Ir: BER
e momentum: &4
e decay: B ERERZEIEERE

e E]=8Y: Momentum/Nesterov Momentum
o &R 2B FHEEEL: RMSprop
 SBEE B =REE R 2 8FEEEEY: Adam




4. %

<

Mz 144 (Compile model)

# 157 loss function A1 optimizier
model.compile(loss="categorical crossentropy’,
optimizer=sgd)

e Compilation before execution
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 WERNERID =7
e Testing dataset: E[F 870 - —ABESTZR - EF@RIRIRERNELE
e Training dataset: 5/l| 2R B {1k 1& lh dataset B8 #7 48 B8 A0 E {th £ {5 A3
e Validation dataset: B Xepochill#k5t - FLENEBERR - AseIAGIER

$

hELFHNETNE =
testing 12 5% generalization

) 4 t*




Validation Dataset

« PNTETEA

« XA model.fit BY£ &{ validation_split
o TLEIA (X train,Y_train) BX[E E LB E RHE & validation
o A& L shuffle BHY validation dataset

e EIEREE R EnFIRE

o 3@ epoch FT1E AV validation dataset &#H[E]

« FFE)/0A validation dataset
 validation_data=(X_valid, Y_valid)




5. FREIAR (Fit model)

# 357 batch_size, nb_epoch, validation & - FHURINIGERI1]
history = model.fit( X train,

Y_train,

batch size=16,

verbose=0,

epochs=30,

shuffle=True,

validation split=0.1)

LAl EREEEERE - FHRIIER
e batch_size: min-batch BV /)\
e nb_epoch: epoch &=
e 1epoch RNEBEZEEH training dataset —K
e shuffle: X epoch ZAR1EZEH 2] &l training dataset
e verbose: EEZH/NBERINGIMREE - 0 BARR
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