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9.1. C
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NN (Convolutional Neural Network)—I 0:|AI-I'| HH 41 I' %xol
groF ME2 2W/CHEHPAEE (Chap. 5)
« 2t A A (Fully-Connected)
« StSAIZ 75 X7} O BEZ(Too many weights for training)
c SISELT 2|0 AMEE 2
. SHSO|O|E{Of L3t IfEdt st& 02 Ut

a5 X5}
» 7222 Y(Locally-Connected Networks) (EF5F2| A|ZHE)
A2 B Z(Visual Pathway)
* Hubel and Wiesel (1950s and 1960s)

 Cat and monkey visual cortexes contain neurons that individually respond to small
regions of the visual field. - Receptive Field(Z<+% <)

« Simple Cells in V1 layer, whose output is maximized by straight edges having
particular orientations within their receptive field

« Complex Cells in V1 and V2 layer, which have larger receptive fields, whose output is
insensitive to the exact position of the edges in the field.

L



https://en.wikipedia.org/wiki/Cortex_(anatomy)
https://en.wikipedia.org/wiki/Visual_field
https://en.wikipedia.org/wiki/Receptive_field
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« Kelji Tanaka (1990s)

« Monkey visual cortexes

* Input End: Visual cells respond to simple
features

 Output End: Visual cells respond to complex !
features

\ \ :

Mature Elaborate Cells Immature Elaborate Cells Primary Cells



https://en.wikipedia.org/wiki/Cortex_(anatomy)

 Neural Networks

e LeCun (19905s)
* LeNet1

INPUT feature maps feature maps  feature maps feature maps OUTPUT
28x28 4@24x24 4@12x12 12@8x8 12@4x4 10@1x1




9.3. CNN(Convolutional Neural Network)
« CNN

- 7+-d: Convolution layer, Pooling Layer, and Fully-Connected Layer

« Convolution Layer hi(1) R(2) Bi(3) hy (1)
 1-D convolution

—1)/2

h[?]:'w;*;r— Z ; k]m?—l—k’]
Rt IR _& _

S

« H convolution nodes : depth H

* Feature Map (2-D)

« H vectors
 /elements X, Xy




 Convolution Layer
« 2-D convolution

(z—1)/2 (z—1)/2

il =w k= Y S wlikelutivtil
e R TV~ o e
« Feature Map (3-D) i k]\\\
« Padding
e Stride /,

Local Connectivity (receptive field of neuron)

Parameter Sharing (filter or kernel)




 Pooling Layer
« A form of nonlinear down sampling
« The exact location of a feature is less important than its rough location relative to
other features. The pooling layer serves to progressively reduce the spatial size of
the representation, to reduce the number of parameters, and amount of
computation in the network, and hence to also control overfitting. It is common to

periodically insert a pooling layer between successive convolutional layers in a CNN
architecture. The pooling operation provides another form of translation invariance.

« Max pooling is the most common

* It partitions the input image into a set of non-overlapping rectangles and, for each
such sub-region, outputs the maximum.

 Average Pooling, L2-norm Pooling



https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Partition_of_a_set

 Pooling Layer

Pooling

hi(1) hi(2) hi(3) hj(4) hi(5) h;(6)

OO0 O0O0

-




* ReLU Layer
« ReLU(Rectified Linear Unit) for feature maps (before pooling)

flr)=max(0,2)

« Other functions are also used to increase nonlinearity
f(z)=tanh(x)

fla)=Q1+e o)t
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* Fully Connected Layer

« After several convolutional and max pooling layers, the high-level
reasoning in the neural network is done via fully connected layers.
Neurons in a fully connected layer have connections to all activations in
the previous layer, as seen in regular (non-convolutional) artificial neural
networks.

- SoftMax Output Node — , =—¢

» CE(Cross-Entropy) Loss Function

Epp=— gtklag ()


https://en.wikipedia.org/wiki/Artificial_neural_network
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v'Since feature map size decreases with depth, layers near the input layer
will tend to have fewer filters while higher layers can have more. To
equalize computation at each layer, the product of feature values v, with
pixel position is kept roughly constant across layers.

- EHE| JEY

v'Common filter shapes found in the literature vary greatly, and are usually
chosen based on the dataset.

« Max pooling shape
v'Typical values are 2x2. Very large input volumes may warrant 4x4
pooling in the lower layers. However, choosing larger shapes will

dramatically reduce the dimension of the signal, and may result in excess
information loss. Often, non-overlapping pooling windows perform best.



https://en.wikipedia.org/wiki/Dimensionality_reduction
https://en.wikipedia.org/wiki/Data_loss

- die ot ohg X 7|E

- 2 (Dropout)
v’ Because a fully connected layer occupies most of the parameters, it is prone to overfitting.

v"One method to reduce overfitting is dropout. At each tra|n|n% stage, individual nodes are
either "dropped out" of the net"with probability 7-p so that a reduced network is left;
iIncoming and out om% edges to a dropped-out node are also removed. Only_the reduced
network™is trained on the data in that stage. The removed nodes are then reinserted into
the network with their original weights.

. mEto|Ef 4 X3

v'Another simple way to prevent overfitting is to limit the number of parameters, tyﬁlcally
by limiting the ndmber of hidden units in each layer or limiting network depth. For
convolutional networks, the filter size also affects the 'number of parameters. Limiting the
number of parameters restricts the predictive power of the network directly, reducing the
com?]gxlty of the function that it can perform on the data, and thus limits'the amount of
overfitting.

- 715X & (Weight decay)

v'A simple form of added regularizer is weight decay, which simply adds an additional error,
proportional to the sum of weights (L1 nhorm) or squared magnitude (L2 norm) of the
weight vector, to the error at each node. The level of acceptable™model compIeX|t¥ can be

0

redlUced by increasing the proportionality constant, thus increasing the penalty for large
weight vectors.



https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Dropout_(neural_networks)
https://en.wikipedia.org/wiki/L1-norm
https://en.wikipedia.org/wiki/L2_norm
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ZH#: Batch Normalization?} Layer Normalization
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9.5. CtYot HEFM

* Dilated Convolutions

* Dilated convolutions Introduce
another parameter to convolutional
layers called the dilation rate. This
defines a spacing between the values
in a kernel. A 3x3 kernel with a
dilation rate of 2 will have the same
field of view as a 5x5 kernel, while
only using 9 parameters. Imagine
taking a 5x5 kernel and deleting every
second column and row.




* Transposed Convolutions
« An actual deconvolution reverts the process of a convolution.

« A transposed convolution is somewhat similar because it produces the
same spatial resolution a hypothetical deconvolutional layer would.
However, the actual mathematical operation that's being performed on
the values is different. A transposed convolutional layer carries out a
regular convolution but reverts its spatial transformation.

 To achieve this, we need to perform some fancy padding on the input.



 Separable Convolutions

« To save computational cost by substituting f x f convolution filters with
the combination f X1 and 1x f convolution filters.

Convolution
4 2 6 -
Qutput image
[6 3 9] P 9
10 5 15
3x 3 Filter
2
3
5
3x1

Filter

[213] Output image

1x3
Filter

Separable Convolution



* Depthwise Convolutions

« Assuming n X n X c sized input with ¢ channels and f X f X ¢ convolution
filters.

« Step 1:Convolution of each n X n input with f x f filter
 Step 2: Combining the convolution results ..Output with ¢ channels

f x f Convolution
Filter

F = f Convolution
Filter

—— / Dl..ltpl..lt

f % f Convolution
Filter




* Depthwise Separable Convolutions

« Assuming convolution of n X n X ¢ input with H f X f X c filters (stride 1)
attains n X n X H output

« To save computational costs but attain n X n X H output.
« How? — depthwise separable convolution!

-

nxXxnxc nxnxH
Input Qutput

fxf Xe

H Convolution Filters



* Depthwise Separable Convolutions
@ Depthwise convolution : n X n X ¢ output
@ Convolution of n X n X ¢ data with H 1 x 1 x ¢ filters

e Pointwise convolution : convolution with 1 x 1 x ¢ filters
« Combining ¢ channel data into 1 channel 1 x 1 x c filters

Ixi1xe
f fcﬁtzﬂl utien \ H Convolution Filters

. y e
b -7

fx f Conw nl tion
/ Pointwise Convolution nEnxH
Qutput

Filter

noKnKC
Input

f x f Convolution
Filter

Depthwise Convelution



* Depthwise Separable Convolutions

« Comparison of computational costs

A. Convolution of n X n X ¢ input with H f X f X c filters (stride 1)
=f X f X ¢ X HxXnxn multiplications

B. Depthwise separable convolution
= (O depthwise convolution: f X f X ¢ X n X n multiplications
= (2) pointwise convolution: ¢ X H X n X n multiplications
fXfXcxnxn + cXHXnxn multiplications

fXfXexnxn+tcexHXnxXn _

Ratio of computational Costs: =

1 1 1
fXfXCcXHXnXn H f?




9.6. Applications

* Facial Expression Recognition

« EmotiW(Emotion Recognition in the Wild)
« Sub-competition: SFEW(Static Facial Recognition in the Wild)

o R R T

- 1% 916. SFWE 2.0 d= EF Q4] & o|"|A] oA




« EmotiW(Emotion Recognition in the Wild)
« Sub-competition: SFEW(Static Facial Recognition in the Wild)

Majority Voting or
EWA Rule | Simple Average Rule
| ——
0) Level 1 Level 2 Level 3
->S, Camm;ttee Commr'ttee Com;nittee
—:-sém —1 G, —>|Lev1 -}si”\ E Anger,
J : i
—}s:{gm - /l Lev2 E:agrUSt
Levipps/ : o dy Surrise,
' - - S Happiness,
Sadness, or
Lev2l>» s ) Neutral

A% CNN 91938 72




« EmotiW(Emotion Recognition in the Wild)
« Sub-competition: SFEW(Static Facial Recognition in the Wild)

CNNS, CNNM, or CNNL FC3072, FC2048,
1C1074 or FC512

48x48@1 \ '42x42@1 @32 E @32 E @32 @32 @64 @64
iﬁput conv 1 max- conv2 max- conv3 max-
pooll pool2 pool3

12918 92 A A4S 93 A% CNN 72 [16. Bo-Kyung Kim et al. 2016]




« EmotiW(Emotion Recognition in the Wild)
« Sub-competition: SFEW(Static Facial Recognition in the Wild)

"Raw iNor cEnh




« EmotiW(Emotion Recognition in the Wild)
« Sub-competition: SFEW(Static Facial Recognition in the Wild)

Level 1 Level 2 Level 3
Committee Committee Committee

G,>[Levi]> s =
G,—>|Levl|> sV Lev2 |> s?
G,—>|Levl|> s!

G,~>|Levl|>s!!
Gs—>|Levl |> s S Lev2 |>s'?
G,—~>| Lev1

G,—>| Lev1
Gg—>| Lev1
Go,—>| Lev1
G,,>| Lev1
G,,~>| Lev1
G,,~>| Lev1

g,~>| Lev1
g,—~>| Lev1




 LeNet-5: MNIST 27| x| Q4]

n:input size
f:filter size

> Convolution Results: [n+zsp +1 ] [n+2p +1 ] X N,

p: padding
s: stride
N_.: number of filters (channels )

Layer o
D,-g,-:l,-,,mge Kernel shape: 5x5x6
CONV 1
CONV 2
avqg avg rc B re
5x5 =2 5x5 =2 '
s=1 s§=2 s=1 s$§=2 softmax
10 labels
32x32x1 28x28x6 14 X14x6 10X10Xx16 5Xx5x16 120 84
o = = s *x O
1. 32x32 80| ASFN3 252 HE

2. YHAAES AL £ 10702 SoftMax ZH =2 T4 2%t 9




e AlextNet: ILSVRC2012(1208t%o| A= 1000702 S22 &)

n:input size ln+2p— f
ffilter size S

p: padding

s: stride

N_.: number of filters

ILSVRC2012
Top-5 error 17%

1| x [P 41| xN,

S

Kernel shape: 11x 11 x 3

227 N
CONY
11x11,
stride=4, %
96 kernels
r"____________
" (227-111/4 +1
: = 55
--33--
57

CONV
3x3,pad=1 384
384 kernels

(13+2*1-31

+1 =13

13

13

Kernel shape: 5x 5 x 96

Overlapping

Max POOL CONV
3x3, o 55 pad=2
stride=2 256 kernels
t_ﬁg-?:wz +1 ﬁ??;{ﬁ“
Overlapping

CONV Max POOL
3x3 pad=1
256 kemels

(1342°1-3)11

+1 =13

13

9216

(27-3)/2 +1
13

=13

®
®
&
O

4096

Kernel shape: 3x 3 x 256

Overlapping
Max POOL CONV
33 256 313,pad=1

384 kemnels

—_—
(13+2*1-31
+1 =13

O] |9
ol O
O .,

4096

FC

AlexNet network architecture



* VGG-16: ILSVRC2014

¥

224 x224x 3

¥

3x3 2D Convolution
224 x 224 x 64

3x3 2D Convolution

224 x 224 x 64

2D Max Pooling

112 x 112 x 64

3x3 2D Convolution
1M2x112x128

3x3 2D Convolution
1M2x112x128

2D Max Pooling

56 x 56 x 128

¥

3x3 2D Convolution
56 x 56 x 256

3x3 2D Convolution
56 x 56 x 256

3x3 2D Convolution
56 x 56 x 256

2D Max Pooling

28 x 28 x 256

¥

3x3 2D Convolution
28x 28 x 512

3x3 2D Convolution
28 x 28 x 512

3x3 2D Convolution
28 x 28 x 512

2D Max Pooling

14x 14 x 512

¥

3x3 2D Convolution
14 x 14 x 512

3x3 2D Convolution

14 x 14 x 512

3x3 2D Convolution
14 x 14 x 512

2D Max Pooling

7x7x 8512

v

Flatten
25088

Dense

4096

Dropout
4096

Dense
40986

Dropout
4098

Dense
1000

CAR



 ResNet: ILSVRC2015

X 64-d
Skip
weight layer connections
F(x) lrelu N |
weight layer identity |
F(x) +x
Residual Learning Block Residual Learning Block Residual Learning Block

for ReseNet-34 for ReseNet-50/101/152



ILSVRC2015

 ResNet

fc 1000

|

1
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<

o

X

F
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L
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ILSVRC2015

ResNet-152: Top-5 error 4.49%



Al A nUmEY ne
=

tensort low Lt
tensorflow. keras.datasets mnist
tensorflow. keras. models meguential
By tensorflow. keras. lavers Conw2D,MaxPool ing2D,Flatten,Dense
tensorflow keras.optimizers Adam
SYS, 08
sys . path.append(os . pardir) # F2 ClElH2le MEE NAE &= EE &4
v MU mey ne
dataset .mnist load_mnist
FIL Image
mopHo 2 e : img_show( img):
olZx|s pil_img = Image.fromarray(ne. uint8(img))
L pil_img.show()
#OMNIST &80 2t MARY YEE ez HE
_ («x_train, v_train), (x_test, v_test) = load_mnist()
6-1b.py img = x_train[0]%1000

label = v_trainl[0]

print{label) # 5

print{img.shape) # (784.)

img = img.reshape(28, 28) # F&Z H o0 A2 Z2IN=E HAF
print(img.shape) # (28, 28)

img_show( ima)

¥_train=x_train.reshape(B0000,28,28,1)
x_test=x_test.reshape(10000,258,258.1)
f#x_train=x_train.astvpeinp.float32)/255.0
fx_test=x_test astvpelne. floatd2)/255.0
¥_train=x_train.astvpelnp.floati?)
w_test=wx_test . astypelnp.float3Z)

v_train=tf . keras.utils.to_categorical(v_train,10)
v_test=tf keras.utils.to_categorical{v_test,10]



>

# LeMet-5 A ZGH QN 4y
cnn=Sequential()

cnn . add{Conv2D(B,{5,5) ,padding="same',activation="relu', input_shape={28,28.133)

cnn . add{MaxPool ing?D{poal_size=({2,231)

cnn.add(Conv2D(16,(5,5) ,padding="zame',activation="relu'))

chn . add(MaxPool ing?D{pool _size=(2,23))

chnn . add{Conv2D{120,(5,5) , padding="same' ,activation="relu'})

cnn.add({Flatten())
cnn.add{Dense(84,activation="relu'})
cnn.add(Dense(10,activation="softmax"))

poadd 2E a5

cnn.compilel loss="categorical _crossentropy ', optimizer=&dam ), metrics=["accuracy'])

hist=cnn.fit{x_train.v_train.batch_size=128,epochs=10,val idation_data=(x_test, v_test),

pAUEE B2 HEE E0
res=cnn.evaluate(x_test,v_test, verbose=0)
print("@ = EZ" res[1]+100)

matplotlib. pyplot el

#EEE D=

plt . plotChist . historv[ 'accuracy'])

plt.plotthist. history['val_accuracy'])

plt . titlel 'Model accuracy')

plt.vlabel( Accuracy ')

plt . xlabel( 'Epoch')

plt. legend(['Train', 'Validation'], loc="hest ")
it arid()

plt.show()

L]

st . history['loss']]

. st.history['val_loss'])

gditlel "Model loss')

plt . vlabel('Loss ')

plt . xlabel( 'Epoch')

plt. legend(['Train', 'Validation'], loc="hest ')
plt ogridi)

PIT.SNOW 469/469 - 545 — loss: 0.0102 - accuracy: 0.9964 — val_loss: 0.0317 - val_accuracy: 0.3908 — S4s/epoch - 114ms/step

HEEEZ 99.08000230789185

o o o
© [t} =]
~ @ ©

Accuracy

o
[t}
=

0.95 A

0.94 ~

Model accuracy

P

—— Train
Validation

4 6 8
Epoch

verbose=2)

0.200
0.175 4
0.150 A

0.125 4
wv

Los

0.075 4

0.050

0.025 4

Model loss

0.100 4

—— Train
Validation

T
0
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Hi BryyorProey

6-2b.py

T+ Z:C-C-P-dropout-FC-dropout-FC

numey ne

tensorf low tf
tensorflow keras. datasets
tensorflow keras models
tensorflow keras. lavers

mnist
Sequential

tensorflow keras optimizers Adam
S¥S, OF
svs.path.appendios . pardiry # 2 ClEHZ2 WEE JIHE F
FTLImS ne
dataset mnist l[oad_mnist
FIL [mage

ima_show( img):
Image . fromarravinp.uint8( ima))

pil_img =
pil_img.show()
fOMNIST & 2t MARH 22 FE AS
(x_train, v_train), (x_test, v_test) = load_mnizt()
img = x_train[0]=1000
label = w_trainl0]
printilabel) # 5
print(img.shape) # (784,)
img = img.reshape(28, 28) # &= A O0A2 22z B

printlimg.shape) # (28,

img_show( img)

w_train=x_train. reshape(B0000,28,28,1)
¥_test=x_test.reshape(10000,28,258.1)
f#v_train=x_train.astyvpelnp.float32)/255.0
fix_test=x_test astwvpelnp.floatd2)/2585.0
x_train=x_train.astypeinp.float32)
x_test=x_test.astvpelnp floatiZ)

v_train=tf . keras.utils.to_categorical{v_train.10)
yv_test=tf keras.utils.to_categorical(v_test,10)

b1 e = = R |
cnn=Sequential()

chn .
cnn.add(Conv2D(64,(3,3) ,activation="relu'))
cnn . add{MaxPool ing2D{pool _size=(2,2)))
cnn.add{Dropout{0.25))

cnn.add(Flatten())

cnn . add(Dense( 128, activation="relu'))

cnn . add({Dropout{0.5))
cnn.add{Dense{10,activation="saoftmax"'))

o]
ey

add({Conv2D(32,(3,3),activation="relu’, input_shape=(28,28,121)

T

=
=

Ad
=

Conw2D,MaxPool inag2D.Flatten,Dense, Dropout

E



# AFE8 pE St
cnn.compile loss="categorical _crossentropy ', optimizer=&dam( ). metrics=["accuracy'])
hist=cnn.fit{x_train,v_train.batch_size=128,epochs=12,validation_data=(x_test,v_test), verbose=2)

poAlFOr Od HEES HE) Model accuracy
res=cnn.egaluate(x_test,y_test,verbose=0) 1
printt"EZHEZ", res[1]*100) 0.99 -

import matelot!lib.pvplot as plt 0.98 -

# HEE D=
plt.plotihist. history[ 'accuracy'])
plt.plotihist historyl'val_accuracy'])

plt. titlel Mode| accuracy')

plt.vlabel( Accuracy ')

plt.xlabel (' Epoch')

plt. legend(['Train', 'Yalidation'], loc='hest')
plt.arid() 0.94 -

D|t.ShDW() —— Train
093 - Validation

Accuracy
o o
w w
[=)] ~l
1 1

o

©

w
1

| =k T
10

3_25
o K
ol
o
o
.
1

Iot(hlst hlstory[ val_loss'])

tltle( Model loss') — Train

hiy
|
P
k2 Validation

:E | ( istory['loss']) Epoch Model loss
[t

plt.vlabel( 'Loss ')

plt.xlabel (' Epoch') 0207
plt. legend(['Train', 'Validation']l, loc='hest')

plt.grid()

plt.show() 0.15

Loss

0.10 A

Epoch 12712
4697469 - 1345 - loss: 00,0222 - accuracy: 0.9927 — wal_less: 0.0287 - wal_accuracy: 0.9928 - 134s/epoch - ZBEms/step
HEEZ 5959.26000237464305 0.05 1

Epoch



MUy ne

tensorflow tf
fifrom tensorflow. keras. datasets import fashion_mnist
Al A tensorflow. keras . models sequential
= H tensorflow. keras. lavers ConvZD,MaxFool ina?2D.Flatten,Dense,Dropout
tensorflow. keras. optimizers Adam
S¥WS, OF

svs.path.appendlos.pardir) # F2 Clelg2le mMEYE HAHE = EE €4

. . path="datasetfiMNISTfashion'
h oz . chdiri{path)

# fashion MNIST CIOIEAE 2002t AA2Y LS FEHzE H
w_train = np.load( '« _train. npy')

o

oMo BlE y_train = np. load('v_train.npy')
OIZX|= x_test = np.load( 'x_test npy')
i v_test = np. load{'v_test npy')
print(x_train.shape, x_test.shape)
6-3b.py

x_train=x_train.reshape(B0000,28,28,1)
—_rLZF_:C—C—P—dropout—FC—dropout—FC x_test=x_test.reshape(10000,28,28,1)

x_train=x_train.astyeelnp.float3d2)/255.0

x_test=x_test. astvpelnp.float3dz2)/2585.0

v_train=tf . keras.utils.to_categorical(v_train,10)

v_test=tf keras.utils.to_categorical(v_test,10)

#oAAE e A

cnn=Sequential ()

cnn . addi Conv20{32,(3,3),activation="relu', input_shape=(28,28,13))
cnn.add{Conv2D(64,(3,3) ,activation="relu'))

cnn . add{MaxPool ing2D{pool _size=(2,213)

cnn.addi{Dropout{0.25))

cnn . add(Flatten())

chn.add{Dense( 128, activation="relu'))

cnn . addi{Dropout(0.5))

cnn.add{Dense(10,activation="softmax"'))



pudd B g

cnn.compilel loss="categorical _crossentropy ', optimizer=Adam{ ), metrics=["accuracy'])

hist=cnn.fit(x_train.v_train.batch_size=128,epochs=12,validation_data=(x_test,v_test), verbose=2)

g HMEE BE HEE EH
res=cnn.egaluate(x_test,y_test,verbose=ﬂ)
print("EZHZ=Z" , res[1]%100)

matplot!lib.pyelot plt

#EEE D=
plt.plotihist. history[ 'accuracy'])
plt.plotihist historv['val_accuracy'])
plt.titlel 'Mode!| accuracy ')

plt.vlabel (" Accuracy ')
plt.xlabel( 'Epoch')

plt. legend(['Train', 'Yalidation'], loc='best')

plt.aridi)
plt. show()

hist. historyl['loss'])
hist. history['val_loss'])
itlel 'Model loss')
plt.yvlabel('Loss ')

plt.xlabel( 'Epoch')

T
oD
—+ +
T

Model accuracy

0.94 -

0.92 A

Accuracy

o o o o

[s2] (o] (o] o

= o @ o
L L L L

0.82

—— Train

Validation

plt. legend(['Train', 'Validation']l, loc='best')

plt.grid()
plt. show()

Epoch 12/12

4697469 - 175s — leoss: 0.1427 - accuracy. 0.9454 - wal_loss:

HEEE 92 TEI99831199646

0.2142 - val_accuracy:

Epoch

0.9277 - 1759s/epoch — 373ms/step

Model loss

0.50 4

0.45 -

0.40 -

0.35 A

Loss

0.30 ~

0.25 A

0.20 4

0.15 A

—— Train
Validation

Epoch

10
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Al A nUmMpY np
=

= tensorflow tf
tensorflow. keras . datasets cifarld
tensorflow. keras models sedquential
g i tensorflow. keras. lavers Conv2D,MaxPool ingdD,Flatten,Dense,Dropout
tensorflow. keras. optimizers Adam

—_

# CIFAR-10 diolgAlE 49 MIARN U FEf=E
, . (x_train,v_train), (x_test,y_test)=cifarl0. load_dat
‘3 ¥_train=x_train.astvpelnp.float3iz)/255.0
¥_test=x_test.astvpelnp.float3d2)/255.0

v_train=tf . keras.utils. to_categorical(y_train,10)
v_test=tf keras.utils.to_categorical(v_test,10)

e
== kol

TopO = plEs
oIZX|= e
e O MO e cnn=Sequential()

o cnn.add{Conv20{32,(3.3),activation="relu', input_shape=(32,32.33))
cnn.add{Conv2D(32,(3,3) ,activation="relu')})
chn . add{MaxPool ing?D(poal _size=(2,2)))

6-4py cnn.add(Dropout(0.25))
cnn.add(Conv2D(E4,(3,3) ,activation="relu'))
A AlSH cnn.add%ConvED(Ed,(363},activatéon=;;?|u'))
(o) chn.add{MaxFool ing2bipool _size=(<, 2
COlabOﬂ -I = o cnn . add{Dropout (0. 257
cnn.add(Flatten{))
cnn.add(Dense(512,activation="relu'J]
cnn.add{Dropout(0.5))
chn.add(Densel 10, activation="softmax"'))



#oaFe e St
cnn.compilel loss="categorical _crossentropy ', optimizer=&dam( ), metrics=["accuracy'])

hist=cnn.fit(x_train.v_train.batch_size=128,epochs=30,val idation_data={x_test,v_test),verbose=2)

#AHO g MEs 9ot Model accuracy Model misclassification ratio

res=cnn. evaIuate(x_test,y_test,verbose=ﬂ} — Train 0.6 —— Traing

print("ﬁi %E”,FES“]*-IGD) validation Validation8
0.8 1

mport matplotlib. pyelot 2 plt 0.5 -

#EEE D= 0.7 1
plt . plotthist history['accuracy']) n
plt.plotlhist. history['val_accuracy']) s
plt. title 'Mode!l accuracy') £
plt.vlabel( Accuracy ')

plt.xlabel( Epoch')

plt. legend(['Train', ¥alidation']l, loc='hest') 0.5
plt.oaridi)

plt . show( )

o
'S

Misclasification

o
w

# E ﬂ &! % 6 5; 1b 1‘5 zlo 2I5 3I0 C') S; lb 1|5 2I0 2|5 3I0
plt plot{l.-np.arravihist history['accuracy'])) Model Epoch

plt.ploti{l. -np.arrav(hist . historv['val_accuracy'])) —
plt.title( Model misclassification ratio') o Validation
plt.vlabel{'Misclasification')

plt . xlabel( 'Epoch') 14
plt. legend{['Traing', 'Validationd'], loc='hest')

plt. arid() 127
plt. show()

0.4 4

st history[' loss']) 0.8
plt, Dlot(h|st hlstory[ val_loss']1)

plt. titlel 'Model loss') 0.6 1
plt. vlabel( 'Loss ')

plt. xlabel( Epoch') 0.4
plt. legend(['Train', 'Yalidation'], loc="best') T : = = - - A

plt.arid() Epoch

plt. show() Epoch 38/38

cnn.savel "my_cnn . h5") 391/391 - 4s - loss: ©.3991 - accuracy: ©.8567 - val loss: ©.6276 - val accuracy: @.7998 - 4s/epoch - 1@ms/step
HEEE 79.97999787330627




Mode | "sequentia

6_5py Layer (type) Output Shape Param #
conved (ConveD) (None, 30, 30, 32) 898
AlS
ColabOj| A &2l
conved_ 1 (ConwveD) (None, 28, 2&, 32) 9243
" | = Q max_pooling2d (MaxPooling2 (Mone, 14, 14, 32) 0
M= B3 'my cnn.h5’ 2 2{2HA AHE )
dropout (Dropout ) (Nome, 14, 14, 32) 0
import numpy as np
from tensorflow keras.datasets import cifari0 comvad_3 (CorveD) (Nore, 10, 10, 64) 36928
F AL DXL JEEXE HEASID ol Ias oAl = max_pooling2d_1 (MaxPoolin (None, 5, 5, 64) 0
cnn=t f .keras.models. load_model {"my_cnn. h5" g2D)
cnn. summary () dropout _1 (Dropout ) (Mone, 5, 5, B4) 0
¥ CIFAR-10 H|0|E{AI= 20 A0 2SS SElE BHEt flatten (Flatten) (Mone, 1600) 0
(% _train,y_train), (x_test,y test)=cifari0.load_datal) dense (Dense) (Nore, 512) 819712

x_train=x_train.astype(np.float3z)/255.0
x_test=x_test.astype(np.float32)/255.0 dropout_2 (Dropout ) (Mone, 512} 0
v train=tf keras.utils. to_categorical(y train,10)

, , d 1 (D M , 10 5130
y_test=tf keras.utils.to_categorical (v_test,10) ense_1 (Dense) (Kone, 10)
res=cnn.evaluate(x_test,y_test,verbose=0) Total params: 890410 (3.40 MB)
Drint ("EEES" res[1]%100) Trainable params: 830410 (3.40 MB)

= [E—

Norn-trainable params: 0 (0,00 Byte)

3

10

F== 79.97898787330627



