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E 5.4 CIFAR-10 (&EEEME)
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5.5 CIFAR-10 CEFAP 5880 [ &R 4 L 85) 1
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5.3.1 {X#g

# chapter5/5_3_GAN. ipynb

import random

import numpy as np

from keras. layers import Input

from keras. layers. core import Reshape, Dense, Dropout, Activation, Flatten

from keras. layers. advanced_activations import LeakyReLU

N o0 oo W

from keras. layers. convolutional import Convolution2D, MaxPooling2D, ZeroPadding2D,
Deconv2D, UpSampling2D

8. from keras. regularizers import *

9. from keras. layers. normalization import x*

10. from keras. optimizers import *

11. from keras. datasets import mnist

12. import matplotlib. pyplot as plt

13. from keras. models import Model

14. from tgdm import tgdm

15. from IPython import display
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1. iEEEEE
img_rows, img _cols = 28, 28

# B Y4 5IR VE (shuffle)
(X train, y train), (X test, y test) = mnist.load data()

X train = X train.reshape(X_ train.shape[0], 1, img rows, img cols)

X test = X test.reshape(X test.shape[0], 1, img rows, img cols)

@ 3 o0 U W DN

X train = X train.astype('float32')

9. X test = X test.astype('float32')

10. X_train /= 255

11. X test /= 255

12.

13. print(np.min(X_train), np.max(X train))

(
14. print('X train shape:', X train. shape)
15. print(X train. shape[0], 'train samples')
(

16. print(X test.shape[0], 'test samples')

0.01.0

X train shape: (60000, 1, 28, 28)
60000 train samples

10000 test samples

2. BSHIRE

shp = X train. shape[1l:]
dropout_rate = 0.25

= etk s
opt = Adam(lr=1le-4)
dopt = Adam(lr=1e-5)

o U W N

3. EX &R

1. K.set image dim ordering('th') # J] theano #Y& J %y AW

2. # A 1x28x28 WK KA

3. nch = 200

4. g input = Input(shape=[100])

5. H = Dense(nch* 14 % 14, kernel initializer = 'glorot normal') (g input)
6. H = BatchNormalization() (H)

7. H = Activation('relu')(H)

8. H = Reshape( [nch, 14, 14] )(H) H R 200x 14 X 14

9. H = UpSampling2D(size= (2, 2))(H)

10. H = Convolution2D(100, (3, 3), padding = "same", kernel initializer = 'glorot normal') (H)
11. H = BatchNormalization() (H)
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)

= Activation('relu') (H
3, 3), padding = "same", kernel initializer = 'glorot normal') (H)
)
H

= Convolution2D(50,
(H)
)

, 1), padding = "same", kernel initializer = 'glorot normal') (H)

(
(
= BatchNormalization(
Activation('relu') (
1

)
(

= Convolution2D(1,

Q m = m @ om
1}

'V = Activation('sigmoid') (H)
generator = Model(g input,g V)
generator. compile(loss = 'binary crossentropy', optimizer = opt)

generator. summary/( )

TE X PF 7 2%

£ PN ok B IR
d input = Input(shape = shp)
H = Convolution2D(256, (5, 5), activation= "relu", strides= (2, 2), padding = "same")
d_input)
= LeakyReLU(0.2) (H)

Dropout (dropout_rate) (H)
= Convolution2D(512, (5, 5), activation= "relu", strides= (2, 2), padding = "same") (H)
= LeakyReLU(0.2) (H)

(

H

H

H

H

H = Dropout(dropout rate) (H)
H = Flatten()(H)

H = Dense(256) (H)

H = LeakyReLU(O0.2)(H)

H = Dropout(dropout_rate) (H)

d V = Dense(2,activation= 'softmax') (H)

discriminator = Model(d_ input,d V)

discriminator. compile(loss = 'categorical crossentropy', optimizer = dopt)

discriminator. summary( )

¥3E A R X $7 ) 4%

£ BIRII%Z
def make trainable(net, val):
net. trainable = val
for 1 in net. layers:
1. trainable = val

make trainable(discriminator, False)

£ & GAN

gan_input = Input(shape=[100])

H = generator(gan_input)

gan V = discriminator(H)

GAN = Model(gan input, gan V)

GAN. compile(loss = 'categorical crossentropy', optimizer = opt)

GAN. summary( )
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Layer (type) Output Shape Param #
input 33 (InputLayer) (None, 100) 0

model 18 (Model) (None, 1, 28, 28) 4341425
model 19 (Model) (None, 2) 9707266

Total params: 14,048,691
Trainable params: 4,262,913
Non — trainable params: 9,785,778

6. Il &k

1. & fesiR il suT

2. def plot loss(losses):

3 display. clear output(wait = True)

4 display. display(plt.gcf())

5. plt. figure(figsize = (10,8))

6 plt.plot(losses["d"], label = 'discriminitive loss')
7 plt.plot(losses["g"], label = 'generative loss')
8 plt. legend()

9 plt. show()

10.

11.

12. # A s A B 5
13. def plot gen(n ex=16,dim= (4,4), figsize= (10,10) ):

14. noise = np.random.uniform(0,1,size=[n ex,100])
15. generated images = generator.predict(noise)
16.

17. plt. figure(figsize = figsize)

18. for i in range(generated images. shape[0]):
19. plt. subplot(dim[0],dim[1],1+ 1)

20. img = generated images[i,O0, :, :]

21. plt. imshow( img)

22. plt.axis('off")

23. plt. tight layout()

24. plt. show()

25.

26. # HHHCIIZRAEFEA
27. ntrain = 10000
28. trainidx = random. sample(range(0,X train.shape[0]), ntrain)

29. XT = X _train[trainidx, :,:, :]
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30.

31, # BNGRAEN &

32. noise gen = np.random.uniform(0,1,size = [XT. shape[0],100])

33. generated images = generator.predict(noise gen)# A= &%= A kLA

34. X = np.concatenate( (XT, generated images))

35. n XT. shape[ 0]

36. y = np.zeros([2*n,2]) £ F3E P 28R 25 One — hot encode
37. y[:n,1] =1

38. y[n:,0] =1

39.

40. make trainable(discriminator, True)
41. discriminator. fit(X,y, epochs =1, batch size = 32)
42. y hat = discriminator.predict(X)

Epoch 1/1
20000/20000 [ ============================== | — 288s 14ms/step — loss: 0.0469

£ RN A e R

vy _hat idx = np.argmax(y hat,axis=1)
y_idx = np.argmax(y,axis=1)

diff = y_idx—y_hat idx

n_total = y.shape[0]

n right = (diff ==0). sum()

o 9 o0 U W N

print( "(%$dof %$d) right" % (n_right, n_total))

(20000 of 20000) right

1. def train for n(nb _epoch= 5000, plt frq=25,BATCH SIZE=32):

2. for e in tqgdm(range(nb_epoch)) :

3.

4. F A A A

5. image batch = X train[np. random. randint (0, X train. shape[0], size = BATCH _
SIZE), :,:, :]

6 noise gen = np.random.uniform(0,1,size = [BATCH SIZE,100])

7. generated images = generator.predict(noise gen)

8

9 £ YL BEN &

10. X = np.concatenate((image batch, generated images))

11. y = np.zeros([2 % BATCH SIZE,2])

12. y[0:BATCH SIZE,1] = 1

13. y[BATCH SIZE:,0] = 1

14.

15. # T FR ) A B K (Loss)
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16. make trainable(discriminator, True)

17. d loss = discriminator.train on batch(X,y)

18. losses["d"]. append(d_loss)

19.

20. F A R A R A

21. noise tr = np.random.uniform(0,1,size = [BATCH SIZE,100])
22. y2 = np.zeros([BATCH SIZE,2])

23. y2[:,1] = 1

24.

25. F AR AR R (Loss)

26. make_trainable(discriminator,False) # &It il8s 19 2
27. g loss = GAN.train on batch(noise tr, y2)

28. losses["g"]. append(g loss)

29.

30. F EHK (loss) &

31. if es plt_frq == plt frg-1:

32. plot loss(losses)

33. plot gen()

34. train for n(nb_epoch= 1000, plt frg=10,BATCH SIZE = 128)

— discriminitive loss
7r generative loss

0 20 40 60 80 100 1 iO

5.3.2 &ERaHWH

NS B i 1) Toss FRATTAT LA TE 26 5 a5 B 45 P& UG 1Y loss FFAS 2RI 4, K 1t
AT LR A SRR, EERS T AL 4 48

(1) batch size,

(2) adam HLfL#8 1 learning rate,

(3) #ERIKEL nb_epoch,

CA) R s RIS 45 1) D0 2% 45 4
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5.4 R
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