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Convolutional neural network
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Convolution

Stride =2 filter 7E& A

R E R R B

Filter 1 0 a

110l o0]|]1]0]1
1 | -1 -1
olo|1]1]|]1]|0
1 | 1| -1
1 /0|10 /|1]1 ol
0

e E AR




Convolution

Stride =2 filter 7E& A

R E R R B

Filter 1 0 a

1/0l0]|]1]|0]|1
1 | -1 -1
olo|l1]1/1]0
1 | 1| -1
1 /0|10 /|1]1 ol
0

e E AR




Convolution

Stride = filter 7B H
2 ERIEEEE

Feature Map

SR

- 0000

i) @O O O

Y [ 7 5 AR SRAR N G G 0 a



Convolution

Feature Map

SR

 O00®
1| -1 -1

Stride = filter 7B H
2 ERIEEEE

- 000

e E AR

o FEfilter& N —RMERENTES>NEfilter EEENBHEE - 18

_




\

[N
0
~UF=
/I N
il
JC

=
° %H;-\Eﬁ ==
e 1 X6Xx6
VAP A - =
e YEBEFR=Z=HA—Z RGB

* 3X6X6
o —{Efilter(1IESfilter) BE =2




ol o Rr| R| O| K

°000
2000

—

Convolution




0 HHE6*6=361%3
1

1 0| O 1 0 1 .

olo|1|1[|1]0 =1 .

1|/1|1|0|0]0O0 ‘ G

1/0|1|0]|1]|1 0

o(1]|0]|0]|1]1 1

olo|o0o|1]|1]|1

. %Eﬁé/ﬂitﬁﬁﬁﬁwelght S35 R
WEIght'fE& ZE=PZ
. SRIEEMregionk %




1 0 0 1 0 1
olo|1|1]1]l0]| mp
1 1 11000 ‘
1 0 1 0 1 1
0 1 0 0 1 1
oo ot o = 1EFFIRAIFully connected
o HEEHfilter K/
« WIMZE = ESHregion®
R &




RAE3*3=9(R B4R

o = 1ERFAAIFully connected
« HEESfilter X/
« WMEH=E . ES5Hregiond

iN]EaRES




Convolution

Max pooling

« HERERE - PBENISEER/)DRER
o FEE LIRE A& R

e}

o BNER AR RYAS EIAG
e O] D 2R EENRHE




Max pooling




Max pooling

NEREEE
o
1 0 0 1 0 1
0 0 1 1 1 0
1/1]|1|0]|0]|0O0 MAX
LU —
1|0|1]0]|1]1 5%
0 1 0 0 1 1
0 0 0 1 1 1

F—Efilte = #11Z —{Echannel




Feature map
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Feature Map in Convolutional Neural Networks (CNN)
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https://www.quora.com/How-does-a-convolutional-neural-
network-recognize-an-occluded-face
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CNN with Keras

from keras.models import Sequential

from keras.layers.core import Dense, Activation, Conv2D
from keras.optimizers import SGD

# BEEERE 8 Sequential RFEMUAFEEZIER
del = Sequential()

model.add(ConvZDtBZ,(3,3)J input_shape=t28,28,1)b)
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CNN with Keras

From keras.models import Sequential
from keras.layers import Dense, Activation, Conv2D, MaxPool2D
from keras.optimizers import SGD

# BEEERE (8 Sequential RFEMHFEEEZIER
model = Sequential()

model.add(Conv2D(32, input shape=(28,28,1)))
Model.add(MaxPool2D[ (2,2)
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CNN with Keras

from keras.models import Sequential

from keras.layers import Dense, Activation, Conv2D, MaxPool2D, Flatten
from keras.optimizers import SGD

model = Sequential()

model.add(Conv2D(32,(3,3), input shape=(28,28,1)))
model.add(MaxPool2D((2,2))

model.add(Flatten())

model.add(Dense(256))

Fully Connected layer
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#2812 0ss Function

e Classification %= FH cross-entropy
o FEME softmax = 1F output layer BY activation function

 Regression % FH mean absolute/squared error

o ¥4 TE B R E = loss function
e Unbalanced dataset, classO:class1= 99:1
e Total loss =99 * Class 1 loss + Class O loss
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Activation function

e Hidden layers

« A% EH RelU

« BAEMAB AEMtanh
e Qutput layer

e Regression: linear
e Classification: softmax




Optimizer

« —RHUREFT : Adam
e Adaptive learning rate for every weights
e Momentum included
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28 ¥ 5 Overfitting?

e Training result IR% - {E Z%EvalidationZk Etesting - Al EH A L =
e Modeld9£: 8{%& Straining dataset
e Modeldl9£ 8-~ % Stesting dataset

« J37A
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Early stopping

e Regularization

Dropout :
e Early stopping

Batch Normalization  Regularization

* Dropout
e Batch Normalization

Yes




Early Stopping
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Early Stopping

from keras.callbacks import
earlyStopping=EarlyStopping

= 'val loss’,
= 3)

e monitor: EREZHHEHZ
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.= regularization strength

RegUIarizatiOn (hyperparameter)

o [Rillweight BEEHE - FE{Eoverfitting i =
« YE7%: 0. Aloss function

L=~Y0 3, max(0, f(zi W); — f(zi; W)y, + 1) +{AR(W)
In common use:

L2 regularization B(W) =22 Wy,

L1 reqgularization R(W) =, > Wi




from keras.models import Sequential

from keras.layers import Dense, Activation
from keras.optimizers import SGD

from keras.regularizers import 11,12

# BE5EE—E Sequential REMMFEEEZIER
del =

0

model.add(Dense(128, input dim=20

Sequential()
kernel_regularizer=12(0.01)))




Dropout

o fEFHEfully connected layer ¥ [&]

a) Standard Neural Net (b) After applying dropout.

o |R ANlayerfEMIneurons & neurons 4 2181
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e F%&5 Atraining performance®& =

« AiEZE—FABRAdropout
« fEBoverfittinglFFE

sdium=com=amarbudhiraja-learning-less-to-learn-better-dropout-in-deep-



https://medium.com/@amarbudhiraja/https-medium-com-amarbudhiraja-learning-less-to-learn-better-dropout-in-deep-machine-learning-74334da4bfc5

Dropout

from keras.layers import Dense, Activation, Dropout
model = Sequential()

# MMAZE—/E hidden layer
model.add(Dense(128, input dim=200))
model.add(Activation('sigmoid'))
model.add(Dropout(0.4)) #dropout =04

model.add(Dense(256))
model.add(Activation('sigmoid'))
model.add(Dropout ) #dropout =04

model.add(Dense(5))
model.add(Activation('softma}
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Batch Normalization

o @5 A B2 & flnormalization
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from keras.layers import Dense, Activation, BatchNormalization
model = Sequential()

# MAZE—RE hidden layer

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

model.add(Activation('sigmoid"))

model.add(Dense(256))
[-model.add(BatchNormalization()) |

model.add(Activation('sigmoid"))

model.add(Dense(5))
model.add(Activation('softmax"'))
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e Data augmentation

e Pre-train & fine-tuning
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Pre-train & Fine-tuning

« HHY
o F &R XA
e GooglLeNet * VGG163EE
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