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In [1]:

#H#t st=2 ZEE &35

import matplotlib

from matplotlib import font_manager, rc

import matplotlib.pyplot as plt
import platform

path = "C:/Windows/Fonts/malgun.ttf"
if platform.system() == "Windows":
font_name = font_manager .FontProperties(fname=path).get_name()
rc('font', family=font_name)
elif platform.system()=="Darwin":
rc('font', family="'AppleGothic")
else:
print("Unknown System")



In [2]:

import tensorflow as tf
import keras

print(tf.__version__)
print(keras.__version__)

2.9.1
2.9.0
In [3]:

from keras.datasets import imdb

(train_data, train_labels), (test_data, test_labels) = imdb.load_data(num_words=10000)

. I3H7H H = num_words=100002 2 & O|O|E{ 0| A 7t Xp3= LtEtLE= EHO] 10,0007H2F AFESHICH= 2|0],
= LtEtLE=E THoj= FA|

. train_datan test_datas 2|7 &= <Atz BH

o train_labels®t test_labels (278 : 1, £ :0)

In [4]:

print(train_data.shape, train_labels.shape)
print(test_data.shape, test_labels.shape)

(25000,) (25000, )
(25000,) (25000, )

o train_data&= 0{2{742| EHO{2 O|F 0|l 2| 7. 2[F Etol= 242 O El word index 2422 O|F 0 &,
o train_labelsE 1(273), 0(5&)0| &.

train_data2| 2| 5§ StL} A& 7|

In [5]:

# train_data®l otLt(numpy)OIA 1000 B & &Qlsi 2|
print(type(train_datal0]), len(train_data[0])) # XA2& 1 JH=2=
print("stLESl 218 S0 JH4= ", len(train_datal0]))
train_datal[0][0:15]

<class 'list'> 218
otLtel 2| & i - 218

Out[5]:
[1, 14, 22, 16, 43, 530, 973, 1622, 1385, 65, 458, 4468, 66, 3941, 4]



In [6]:
# 50He 2d/F2E =0l
train_labels[0:5]

Qut [6]:
array([1, 0, 0, 1, 0], dtype=int64)

1071 2| 2|0l CHot ==X}, Thof QI A X[CZy2 HOjel7t?
o At SESH= EHOf 1000070 2 A BH3H 7|0l 100008 O]}
In [7]:
[max(sequence) for sequence in train_datal[0:10] # 10JH 2I82 2F 25| St CIE A9
OQut[7]:

(7486, 9837, 6905, 9941, 7224, 7982, 9363, 9820, 7612, 8419]

In [8]:

max([max(sequence) for sequence in train_datal)
Qut [8]:
9999

B2t 2| 7 HIO|E StLIE B0 T2 1/ EE 22 HE0 2|

« imdb.get_word_index() : £H0{ 2} @l

JE
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In [9]:

# word_indexe= SO{e A CUEAS QHE S S HH2IYLIC
word_index = imdb.get_word_index()

# MM SO QIEA Aol £

print( len(word_index) ) # 885847}

list_word_index = list([ (value, key) for (key, value) in word_index.items() ])
list_word_index[0:10]

88584

(34701, 'fawn'),
(52006, 'tsukino'),
(52007, 'nunnery'),
(16816, 'sonja'),
(63951, 'vani'),
(1408, 'woods'),
(16115, 'spiders'),
(2345, 'hanging'),
(2289, 'woody'),
(52008, 'trawling')]

Judl
£



QYA EHof

In [10]:

# 8 QA HHHE HESIESE FAESLICH
reverse_word_index = dict([(value, key) for (key, value) in word_index.items()])
reverse_word_index

Out[10]:

{34701: 'fawn',
52006: 'tsukino',
52007: 'nunnery',
16816: 'sonja',
63951: 'vani',
1408: 'woods',
16115: 'spiders',
2345: 'hanging',

2289: 'woody ',
52008: 'trawling',
52009: "hold's",

11307: 'comically',
40830: 'localized',
30568: 'disobeying',
52010: ”'royale
40831: "harpo's",
52011: 'canet',
10313: 'aileen'.

I}to|Mof| A reverse_word_index7} 7}X| = 7|5 &9l

In [11]:

print(type(reverse_word_index))
dir(reverse_word_index)[-11:] # S MdUe2l Jls &2l

<class 'dict'>
Qut[11]:

['clear',
‘copy ',
"fromkeys',
‘get ',
"items',
'keys',
'pop",
'popitem’,
'setdefault’,
'update',
'values']

QUEA 281 THo A7)



In [12]:

# reverse_word_index.get (@I G A) # OIEAN SHEE=E SOOIt =4
# reverse_word_index.get (QIEIA | '?') # QIGAQN HE = SOOI S =0, SOt
for i in range(0, 50, 1):
print( reverse_word_index.get(i, '?'), end=" ")
print("train CIOIEf HEIW 320 AHEI|")
print("index 14 : ", reverse_word_index.get(14-3, '?'))
print("index 22 ", reverse_word_index.get(22-3, '?'))
print("index 16 : ", reverse_word_index.get(16-3, '?'))
? the and a of to is br in it i this that was as for
with movie but film on not vyou are his have he be one all
at by an they who so from |ike her or just about it's out

has if some there what good train GIOIEf HEHRH 3T AHEED]
index 14 : this

index 22 : film

index 16 : was

HHRY 2| 7ol Chah =elsy E Xt

In [13]:

print( train_datal[0] ) # HEIW 2IS (=X QIEA)

[1, 14, 22, 16, 43, 530, 973, 1622, 1385, 65, 458, 4468, 66, 3941, 4, 173, 36, 256,

5, 25, 100, 43, 838, 112, 50, 670, 2, 9, 35, 480, 284, 5, 150, 4, 172, 112, 167, 2,

336, 385, 39, 4, 172, 4536, 1111, 17, 546, 38, 13, 447, 4, 192, 50, 16, 6, 147, 202

5, 19, 14, 22, 4, 1920, 4613, 469, 4, 22, 71, 87, 12, 16, 43, 530, 38, 76, 15, 13, 1
24r, 4, 22, 17, 515, 17, 12, 16, 626, 18, 2, 5, 62, 386, 12, 8, 316, 8, 106, 5, 4, 2
223, 5244, 16, 480, 66, 3785, 33, 4, 130, 12, 16, 38, 619, 5, 25, 124, 51, 36, 135,

48, 25, 1415, 33, 6, 22, 12, 215, 28, 77, 52, 5, 14, 407, 16, 82, 2, 8, 4, 107, 117,
5952, 15, 256, 4, 2, 7, 3766, 5, 723, 36, 71, 43, 530, 476, 26, 400, 317, 46, 7, 4,

2, 1029, 13, 104, 88, 4, 381, 15, 297, 98, 32, 2071, 56, 26, 141, 6, 194, 7486, 18,

4, 226, 22, 21, 134, 476, 26, 480, 5, 144, 30, 5535, 18, 51, 36, 28, 224, 92, 25, 10
4, 4, 226, 65, 16, 38, 1334, 88, 12, 16, 283, 5, 16, 4472, 113, 103, 32, 15, 16, 534
5, 19, 178, 32]



In [14]:

# [reverse_word_index.get(i - 3 ?') for | in train_data[0]]
print(len( train_data[0]) ) = BT 18 QIEA ()2 012 QULCtH.
mmﬂﬁfmi|ntmmdmdmh #tamjﬁdN@@ﬁ}fm%Oh%mﬂEklaﬁééﬂﬁigém5

# train_datal[0] : otLES 2I1R(3, 6, 2, 5, 10...) = 218%t01 ...
‘ fo
clg

218

[1, 14, 22, 16, 43, 530, 973, 1622, 1385, 65, 458, 4468, 66, 3941, 4, 173, 36, 256,

5, 25, 100, 43, 838, 112, 50, 670, 2, 9, 35, 480, 284, 5, 150, 4, 172, 112, 167, 2,

336, 385, 39, 4, 172, 4536, 1111, 17, 546, 38, 13, 447, 4, 192, 50, 16, 6, 147, 202

5,19, 14, 22, 4, 1920, 4613, 469, 4, 22, 71, 87, 12, 16, 43, 530, 38, 76, 15, 13, 1
24r, 4, 22, 17, 515, 17, 12, 16, 626, 18, 2, 5, 62, 386, 12, 8, 316, 8, 106, 5, 4, 2
223, 5244, 16, 480, 66, 3785, 33, 4, 130, 12, 16, 38, 619, 5, 25, 124, 51, 36, 135,

48, 25, 1415, 33, 6, 22, 12, 215, 28, 77, 52, 5, 14, 407, 16, 82, 2, 8, 4, 107, 117,
5952, 15, 256, 4, 2, 7, 3766, 5, 723, 36, 71, 43, 530, 476, 26, 400, 317, 46, 7, 4,

2, 1029, 13, 104, 88, 4, 381, 15, 297, 98, 32, 2071, 56, 26, 141, 6, 194, 7486, 18,

4, 226, 22, 21, 134, 476, 26, 480, 5, 144, 30, 5535, 18, 51, 36, 28, 224, 92, 25, 10
4, 4, 226, 65, 16, 38, 1334, 88, 12, 16, 283, 5, 16, 4472, 113, 103, 32, 15, 16, 534
5, 19, 178, 32]

In [15]:

# SEM S8 - 18900 QIAA(EHO) 2 OIEOU@ ULD, Ol0ll CHet CIAEE B0 =&oll =C}.
print(len( train_data[1] )) # HEW 2= 1800 QIAA(SHH)Z OIFHAM UL,
print([i for i in train_data[1] ]) #tmmjﬂdﬁ@@i%fm%Ol%M%%kla&%i&%%&%m

189

[1, 194, 1153, 194, 8255, 78, 228, 5, 6, 1463, 4369, 5012, 134, 26, 4, 715, 8, 118,

1634, 14, 394, 20, 13, 119, 954, 189, 102, 5, 207, 110, 3103, 21, 14, 69, 188, 8, 3

0, 23, 7, 4, 249, 126, 93, 4, 114, 9, 2300, 1523, 5, 647, 4, 116, 9, 35, 8163, 4, 22
9, 9, 340, 1322, 4, 118, 9, 4, 130, 4901, 19, 4, 1002, 5, 89, 29, 952, 46, 37, 4, 45
5, 9, 45, 43, 38, 1543, 1905, 398, 4, 1649, 26, 6853, 5, 163, 11, 3215, 2, 4, 1153,

9, 194, 775, 7, 8255, 2, 349, 2637, 148, 605, 2, 8003, 15, 123, 125, 68, 2, 6853, 1

5, 349, 165, 4362, 98, 5, 4, 228, 9, 43, 2, 1157, 15, 299, 120, 5, 120, 174, 11, 22

0, 175, 136, 50, 9, 4373, 228, 8255, 5, 2, 656, 245, 2350, 5, 4, 9837, 131, 152, 49

1,18, 2, 32, 7464, 1212, 14, 9, 6, 371, 78, 22, 625, 64, 1382, 9, 8, 168, 145, 23,

4, 1690, 15, 16, 4, 1355, 5, 28, 6, 52, 154, 462, 33, 89, 78, 285, 16, 145, 95]



In [16]:

# [reverse_word_index.get(i - 3, '?') for i in train_data[0]]

# 2/0] @ 229 QA (218)0fl THSH OIS 2IAE HEZ CHELE.
print("HHM 2152 AAAS HHEZ HEAHA BHE H")
print([reverse_word_index.get(i — 3, '?') for i in train_data[0]])

# ' '.join([reverse_word_index.get(i — 3, '?') for i in train_data[0]])
# 2240 T 2IAEE ZHGHLIE S0 FHA GtL2 E2XNgEE |0 EA.

HEHAM 2R HAE bz IHEAHAM BHE A

['?", "this', 'film', 'was', 'just', 'brilliant', 'casting', 'location', 'scenery',
'story', 'direction', "everyone's", 'really', 'suited', 'the', 'part', 'they', 'play
ed', 'and', 'you', 'could', 'just', 'imagine', 'being', 'there', 'robert', '?', 'i
s', 'an', 'amazing', 'actor', 'and', 'now', 'the', 'same', 'being', 'director', '?',
'father', 'came', 'from', 'the', 'same', 'scottish', 'island', 'as', 'myself', 'so',
"i', "loved', 'the', 'fact', 'there', 'was', 'a', 'real', 'connection', 'with', 'thi
s', 'film', "the', 'witty', 'remarks', 'throughout', 'the', 'film', 'were', 'great',
"it', 'was', 'just', 'brilliant', 'so', 'much', 'that', 'i', 'bought', 'the', 'fil
m, 'as', 'soon', 'as', 'it', 'was', 'released', 'for', '?', 'and', 'would', 'recomm
end', 'it', 'to', 'everyone', 'to', 'watch', 'and', 'the', 'fly', 'fishing', 'was’',
‘amazing', 'really', 'cried', 'at', 'the', 'end', 'it', 'was', 'so', 'sad', 'and',
'vou', 'know', 'what', 'they', 'say', 'if', 'you', 'cry', 'at', ‘'a', 'film', 'it',
'must', 'have', 'been', 'good', 'and', 'this', 'definitely', 'was', 'also', '?', 't

o', 'the', 'two', 'little', "pboy's", 'that', 'played', 'the', '?', 'of', 'norman',

‘and', 'paul', 'they', 'were', 'just', 'brilliant', 'children', ‘'are', 'often', 'lef
t', 'out', 'of', '"the', '?', 'list', 'i', 'think', 'because', 'the', 'stars', 'tha

t', 'play', 'them', 'all', 'grown', 'up', 'are', 'such', 'a', 'big', 'profile', 'fo
r', '"the', 'whole', 'film', 'but', 'these', 'children', 'are', 'amazing', 'and', 'sh

ould', 'be', 'praised', 'for', 'what', 'they', 'have', 'done', "don't", 'you', 'thin
k', 'the', 'whole', 'story', 'was', 'so', 'lovely', 'because', 'it', 'was', 'true',
‘and', 'was', "someone's", 'life', ‘'after', ‘'all', 'that', 'was', 'shared', 'with',
us', 'all']

« 0,1,22 T, "BA AEP APEO| BlE'E ?IT EA0[22 35 =L
o HEIRY 2|7 E StLiY QEAE =0l 2, I EE = EHOE F71 Gl 2's BA



In [17]:

#0, 1, 2= 'Y "', '8A AZ', "AHH0N 2AS'S st dAQ|22 32 BLICH
decoded_review = ' '.join([reverse_word_index.get(i - 3, '?") for i in train_data[0]])
decoded_review

Out [17]:

"? this film was just brilliant casting location scenery story direction everyone's

really suited the part they played and you could just imagine being there robert ? i
s an amazing actor and now the same being director ? father came from the same scott
ish island as myself so i loved the fact there was a real connection with this film

the witty remarks throughout the film were great it was just brilliant so much that

i bought the film as soon as it was released for ? and would recommend it to everyon
e to watch and the fly fishing was amazing really cried at the end it was so sad and
you know what they say if you cry at a film it must have been good and this definite
ly was also ? to the two little boy's that played the ? of norman and paul they were
just brilliant children are often left out of the ? list i think because the stars t
hat play them all grown up are such a big profile for the whole film but these child
ren are amazing and should be praised for what they have done don't you think the wh
ole story was so lovely because it was true and was someone's |ife after all that wa
s shared with us all"

Al
=

ol>
ot

HE 7]

. 5HIT 2| K0f CfeliA FEOR B M B BAL

DO AF2SE7] IoH CllO[E| T A 2| -4 E{ 2}

2| 7 HIO|E{= CtS3t 20| E3istL},

= b

- T 107H oHof
= |, an, like, apple, korea, a, list, orange, pig, cat
= 3456789101112
» 0000000000
. Lo| Kium 2|8
= | like an apple -> (3, 5, 4, 6)
» 0000000000
= 1111000000
. Lio| SEIW 25
= | like an orange -> (3, 5, 4, 10)
= 1110000100
o LIO| MEHHY 2R/
= my orange is pig -> (32000, 10, 50000, 11)
= 0000000110
o E |:|.E __E-g,-
= LIO| HEHW 2[R/
= | like an apple ->
= 0000000000
= 1111000000
= (10, 0), (10, 1), (10, 2), (10,3)
o LIO| MEHHY 2|7



= my orange is pig ->
= 0000000000
0000000110
(10, 8), (10, 9)

1.2 B|0|E| H A2l

212 0|E3}7|

o ZAEE Y3 QATSHY o1f 19| HIH 2 HEgtL|Ct
e [3,5]2 QYA 31t 59 X[= 10|12 O = 25 09l 10,000k 2l9| HIE 2 22+ B3t
In [18]:

import numpy as np

def vectorize_sequences(sequences, dimension=10000):
# 2AJ1Jt (len(sequences), dimension))0l) 2& &AJ} 00 s
results = np.zeros((len(sequences), dimension))

nio

ersSLICH

for i, sequence in enumerate(sequences):
results[i, sequence] = 1. # results[i]OAl E& QEAC XE 12 CHSLICH
return results

ot5 HIOIE & HE = HE

= =

. 2 OolE(2|H 2EHE 1D (25000, )OIl Al -> 2D (25000, 10000)2 2 A

In [19]:

print("84g & : " train_data.shape)
X_train = vectorize_sequences(train_data)

print("8ig = : " X_train.shape)

X_train

HaE M (25000,)

BEt = (25000, 10000)

Out[19]

array([[0., 1., 1., ... ,0.,0.,0.1,
[0., 1., 1., , , 0., 0.1,
0., 1., 1., ..., 0., 0., 0.1,
0., 1., 1., ..., 0., 0., 0.1,
[ 1., 1., ..., 0., 0., 0.1,
0., 1., 1., ..., 0., 0., 0.11)

HAE G0|E| S HE{R Wt



print("#& & : " test_data.shape)
X_test = vectorize_sequences(test_data)
print("#Ha = " X_test.shape)

X_test

HE & ¢ (25000,)
HEt = (25000, 10000)

Qut[20]:

array([[0., 1., 1., ..., 0., 0., 0.1,
0., 1., 1., ... ,0.,0.,0.1,
(0., 1., 1., ,0.,0.,0.1,
0., 1., 1., ..., 0., 0., 0.]
0., 1., 1., ..., 0., 0., 0.1,
0., 1., 1., ..., 0., 0., 0.11)

In [21]:

a=[1,2]
np.asarray(a)

Out[21]:
array([1, 2])

In [22]:

print(type(train_labels), type(test_labels))
print(train_labels.shape, test_labels.shape)

<class 'numpy.ndarray'> <class 'numpy.ndarray'>
(25000, ) (25000, )

In [23]:

y_train = np.asarray(train_labels).astype('float32")
y_test = np.asarray(test_labels).astype('float32"')

print(type(y_train), type(y_test))
y_train.shape, y_test.shape

<class 'numpy.ndarray'> <class 'numpy.ndarray'>
Out[23]:
((25000, ), (25000,))



In [24]:

y_train

Out[24]:

=fl0at32)

dtype

0.1,

1.,

., 0.,

array([1

In [25]:

y_test

Out[25]:

float32)

., 0., 0., 0.], dtype

array([0., 1., 1., ..

212 0|53}

ol O

ol



Output
(probability)

A

Dense (units=1)

1

Dense (units=16)

!
[ Dense (units=16) J

)
Sequential |
Input
(vectorized text)
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=
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In [26]:

from keras import models
from keras import layers

mode! = models.Sequential ()

mode| .add(layers.Dense(16, activation='relu', input_shape=(10000,)))
mode | .add(layers.Dense(16, activation='relu'))

mode ! .add( layers.Dense(1, activation="sigmoid'))

>

AlBk2= 9} optimizer(X| X3} &4)S MEY

In [27]:

mode | .compile(optimizer="rmsprop",
loss="'binary_crossentropy',
metrics=["'accuracy'])

SE| 00| X{2| nj7HE &5 M syo} & ),

In [28]:

from tensorflow.keras import optimizers

mode | .compile(optimizer=optimizers.RMSprop(learning_rate=0.01),
loss="'binary_crossentropy',
metrics=['accuracy'] )

Ch2at Zo| 7Hs .
from keras import losses

from keras import metrics

mode ! .compile(optimizer=optimizers.RMSprop(1r=0.001),
loss=10sses.binary_crossentropy,
metrics=[metrics.binary_accuracy])

In [29]:

X_train.shape, y_train.shape
Out [29]:

((25000, 10000), (25000,))

HIOlE{0f| A 10,0002]

AH
O

=
=



o X2 10000707t K| & AEZE, 0|=2] 1500074

In [30]:

X_val =
partial_X_train

X_train[:10000]

X_train[10000: ]

y_val = y_train[:10000]

partial_y_train

19t
o>

y_train[10000:]

H =+

HH H

P[RS

St & 10000~25000

i
i
00
=

000~25000



In [31]:

history = model.fit(partial_X_train,
partial_y_train,
epochs=20,

batch_size=512,
validation_data=(X_val, y_val))

Epoch 1/20

30/30 [

185 - val_loss

Epoch 2/20

- 0.5088 -

] - 2s 33ms/step

val_accuracy: 0.7568

30/30 [

]

754 - val_loss

Epoch 3/20

- 0.3907 -

val_accuracy:

30/30 [

]

161 - val_loss

Epoch 4/20

- 0.4216 -

val_accuracy:

30/30 [

]

364 - val_loss

Epoch 5/20

0 0.4502 -

val_accuracy:

30/30 [

571 - val_loss

Epoch 6/20

: 0.3564 -

]

val_accuracy:

30/30 [

696 - val_loss

Epoch 7/20

: 0.5479 -

]

val_accuracy:

30/30 [

612 — val_loss

Epoch 8/20

:0.3717 -

]

val_accuracy:

30/30 [

]

793 - val_loss

Epoch 9/20

- 0.4201 -

val_accuracy:

30/30 [

]

941 - val_loss

Epoch 10/20

: 0.6530 -

val_accuracy:

30/30 [

]

826 — val_loss

Epoch 11/20

- 0.6377 -

val_accuracy:

30/30 [

]

993 - val_loss

Epoch 12/20

:0.7571 -

val_accuracy:

30/30 [

]

839 - val_loss

Epoch 13/20

- 0.7324 -

val_accuracy:

30/30 [

]

998 - val_loss

Epoch 14/20

0 0.8392 -

val_accuracy:

30/30 [

997 - val_loss

Epoch 15/20

0 0.9948 -

]

val_accuracy:

30/30 [

872 - val_loss

Epoch 16/20

: 0.9747 -

]

val_accuracy:

30/30 [

999 - val_loss:

Epoch 17/20

1.0148 -

]

val_accuracy:

30/30 [

]

0.9999 - val_loss: 1.2154 - val_accuracy:

Epoch 18/20

30/30 [

]

0.

1s 22ms/step

.8449

1s 22ms/step

.8510

1s 22ms/step

.8439

1s 22ms/step

.8818

1s 22ms/step

.8514

1s 22ms/step

.8778

1s 23ms/step

8771

1s 23ms/step

.8678

1s 22ms/step

.8759

1s 23ms/step

.8730

1s 22ms/step

8717

1s 22ms/step

.8735

1s 22ms/step

.8704

1s 22ms/step

.8626

1s 22ms/step
8699

1s 22ms/step
0.8697

1s 23ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.0912

.0027

1047

.0015

.6185 - accuracy: 0.7

.3194 - accuracy: 0.8

.2129 - accuracy: 0.9

.1684 - accuracy: 0.9

.1206 - accuracy: 0.9

.0937 - accuracy: 0.9

.1148 - accuracy: 0.9

.0657 - accuracy: 0.9

.0197 - accuracy: 0.9

.0907 - accuracy: 0.9

.0054 - accuracy: 0.9

accuracy: 0.9

accuracy: 0.9

.0015 - accuracy: 0.9

accuracy: 0.9

accuracy: 0.9

.2119e-04 - accuracy:

.1195e-04 - accuracy:



0.9999 - val_loss: 1.3966 - val_accuracy: 0.8689

Epoch 19/20

30/30 [ ] - 1s 22ms/step — loss: 1.5039e-04 — accuracy:
0.9999 - val_loss: 1.5292 - val_accuracy: 0.8687

Epoch 20/20

30/30 [ ] - 1s 20ms/step — loss: 3.7695e-06 — accuracy:
1.0000 - val_loss: 1.6868 — val_accuracy: 0.8699

In [32]:

history_dict = history.history
history_dict.keys()

out[32]:

dict_keys(['loss', 'accuracy', 'val_loss', 'val_accuracy'])

In [33]:

import matplotlib.pyplot as plt
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In [34]:

acc = history.history[ 'accuracy']

val_acc = history.history['val_accuracy']
loss = history.history['loss']

val_loss = history.history['val_loss']

epochs = range(1, len(acc) + 1)

plt.figure(figsize=(12,7))

plt.subplot(1,2,1)

# ‘b0’ = WigtM EE o0IELIt

plt.plot(epochs, loss, 'bo', label='Training loss')

# D oeta AMES o0l ELICH

plt.plot(epochs, val_loss, 'b', label="Validation loss')
plt.title('st&0 EOF OIOIE Al - &=24")

plt.xlabel ('Epochs")

plt.ylabel('Loss")

plt.legend()

plt.subplot(1,2,2)
acc = history_dict[ 'accuracy']
val_acc = history_dict['val_accuracy']

—

plt.plot(epochs, acc, 'bo', label='Training acc')
plt.plot(epochs, val_acc, 'b', label="'Validation acc')
plt.title('Sf&2 EOF GIOIH Al - AEE")

=]
plt.xlabel ('Epochs"')
plt.ylabel ('Accuracy')
plt.legend()
plt.show()
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In [39]:

model = models.Sequential ()

mode | .add(layers.Dense(16, activation='relu', input_shape=(10000,)))
mode| .add( layers.Dense(16, activation="'relu'))

mode| .add( layers.Dense(1, activation='sigmoid'))

mode | .compile(optimizer="rmsprop",
loss="'binary_crossentropy',
metrics=["'accuracy'])

hist = model.fit(X_train, y_train, epochs=4, batch_size=512, validation_data=(X_val, y_val))
results = model.evaluate(X_test, y_test)

Epoch 1/4

49/49 | | - 2s 24ms/step — loss: 0.4827 - accuracy: 0.8
156 - val_loss: 0.3221 - val_accuracy: 0.9048

Epoch 2/4

49/49 [ ] - 1s 18ms/step - loss: 0.2778 — accuracy: 0.9
088 - val_loss: 0.2105 - val_accuracy: 0.9367

Epoch 3/4

49/49 | ] - 1s 19ms/step — loss: 0.2094 - accuracy: 0.9
268 - val_loss: 0.1765 - val_accuracy: 0.9422

Epoch 4/4

49/49 [ ] - 1s 18ms/step - loss: 0.1763 — accuracy: 0.9
392 - val_loss: 0.1520 - val_accuracy: 0.9503

782/782 | ] - 2s 2ms/step — loss: 0.2963 - accuracy: O.
8814

In [40]:

results

Out [40]:

[0.2962694466114044, 0.8813999891281128]
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In [41]:

history_dict = hist.history
history_dict.keys()

Out[41]:

dict_keys(['loss', 'accuracy', 'val_loss', 'val_accuracy'])



In [42]:

acc = hist.history[ 'accuracy']

val_acc = hist.history['val_accuracy']

loss = hist.history['loss']
val_loss = hist.history['val_loss']
epochs = range(1, len(acc) + 1)
plt.figure(figsize=(12,7))
plt.subplot(1,2,1)

# ‘bo = et HEs 90|ELICH

plt.plot(epochs, loss, 'bo', label='Training loss')

# D= et AMS oDlELn

plt.plot(epochs, val_loss, 'b', label="Validation loss')

plt.title('&&0 TOF OIOIE Al - &4")

plt.xlabel('Epochs')
plt.ylabel('Loss")
plt.legend()

plt.subplot(1,2,2)
acc = history_dict[ 'accuracy']

val_acc = history_dict['val_accuracy']

plt.plot(epochs, acc, 'bo', label='Training acc')

plt.plot(epochs, val_acc, 'b', label="'Validation acc')

plt.

plt.xlabel ('Epochs"')

plt.ylabel ('Accuracy')
(

title('Sr&2 BOF OIOIH A - HEt: ')

plt.legend()
plt.show()
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In [43]:
model .predict(X_test)

782/782 | ] - 2s 2ms/step
Qut[43]:

array([[0.2491391 ],
[0.9993358 1],
[0.92614776],

[0. 15147226] .
[0.11113814] .
[0.67956156]], dtype=float3?2)
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In [44]:

mode! = models.Sequential ()

mode | .add( layers.Dense(16, activation='relu', input_shape=(10000,)))
mode| .add( layers.Dense(16, activation='relu'))

mode| .add( layers.Dense(1, activation='sigmoid'))

mode | .compile(optimizer=optimizers.RMSprop(learning_rate=0.001),
loss="'binary_crossentropy',
metrics=["'accuracy'])

hist2 = model.fit(partial_X_train,
partial_y_train,
epochs=20,
batch_size=128,

validation_data=(X_val, y_val))

Epoch 1/20

118/118 [ ] - 2s 11ims/step - loss: 0.4115 - accuracy:
0.8371 - val_loss: 0.2875 - val_accuracy: 0.8887

Epoch 2/20

118/118 [ ] - 1s 9ms/step — loss: 0.2118 - accuracy: O.
9223 - val_loss: 0.2787 - val_accuracy: 0.8876

Epoch 3/20

118/118 [ ] — 1s 9ms/step — loss: 0.1554 - accuracy: 0.
9413 - val_loss: 0.3085 - val_accuracy: 0.8834

Epoch 4/20

118/118 [ ] - 1s 9ms/step - loss: 0.1187 - accuracy: 0.
9581 - val_loss: 0.3329 - val_accuracy: 0.8812

Epoch 5/20

118/118 [ ] — 1s 9ms/step — loss: 0.0897 - accuracy: O.
9687 - val_loss: 0.3767 - val_accuracy: 0.8758

Epoch 6/20

118/118 [ ] - 1s 9ms/step - loss: 0.0675 - accuracy: 0.
9771 — val_loss: 0.4446 - val_accuracy: 0.8713

Epoch 7/20

118/118 [ ] — 1s 9ms/step — loss: 0.0480 - accuracy: O.
9843 - val_loss: 0.5111 - val_accuracy: 0.8693

Epoch 8/20

118/118 [ ] - 1s 9ms/step - loss: 0.0339 - accuracy: 0.
9887 - val_loss: 0.5585 - val_accuracy: 0.8676

Epoch 9/20

118/118 [ ] - 1s 9ms/step - loss: 0.0233 - accuracy: O.
9923 - val_loss: 0.6355 - val_accuracy: 0.8644

Epoch 10/20

118/118 [ ] - 1s 9ms/step - loss: 0.0147 - accuracy: 0.
9957 - val_loss: 0.7187 - val_accuracy: 0.8601

Epoch 11/20

118/118 [ ] — 1s 9ms/step — loss: 0.0099 - accuracy: 0.
9977 - val_loss: 0.8024 - val_accuracy: 0.8609

Epoch 12/20

118/118 [ ] - 1s 9ms/step - loss: 0.0052 - accuracy: O.
9989 - val_loss: 0.9183 - val_accuracy: 0.8602

Epoch 13/20

118/118 [ ] - 1s 9ms/step — loss: 0.0029 - accuracy: 0.
9995 - val_loss: 1.0095 - val_accuracy: 0.8553

Epoch 14/20

118/118 [ ] — 1s 9ms/step — loss: 0.0018 - accuracy: 0.
9996 - val_loss: 1.1316 - val_accuracy: 0.8581

Epoch 15/20

118/118 [ ] - 1s 9ms/step — loss: 8.1083e-04 - accurac



y: 0.9999 - val_loss: 1.2461 - val_accuracy: 0.8585
Epoch 16/20

118/118 [ ] - 1s 9ms/step
y: 1.0000 - val_loss: 1.3680 — val_accuracy: 0.8563
Epoch 17/20

118/118 [ ] - 1s 9ms/step
y: 0.9999 - val_loss: 1.5174 - val_accuracy: 0.8544
Epoch 18/20

118/118 [ ] - 1s 9ms/step — loss: 5.0479e-05 - accurac
y: 1.0000 - val_loss: 1.6037 — val_accuracy: 0.8543
Epoch 19/20

118/118 [ ] - 1s 9ms/step
y: 1.0000 - val_loss: 1.7044 - val_accuracy: 0.8563
Epoch 20/20

118/118 [ ] - 1s 9ms/step
y: 0.9999 - val_loss: 1.7591 - val_accuracy: 0.8558

loss: 3.3346e-04 - accurac

loss: 4.4051e-04 - accurac

loss: 1.6217e-04 - accurac

loss: 1.1381e-04 - accurac

In [45]:

history_dict = hist2.history
history_dict.keys()

Out [45]:

dict_keys(['loss', 'accuracy', 'val_loss', 'val_accuracy'])



In [46]:

import matplotlib.pyplot as plt

acc = hist2.history['accuracy']

val_acc = hist2.history['val_accuracy']
loss = hist2.history['loss']

val_loss = hist2.history['val_loss']

epochs = range(1, len(acc) + 1)

plt.figure(figsize=(12,7))

plt.subplot(1,2,1)

# ‘bo = IietM Z=2 20| LICH

plt.plot(epochs, loss, 'bo', label='Training loss")

# b = Ietd AMdg 90|ELICH

plt.plot(epochs, val_loss, 'b', label="Validation loss")
plt.title('&t&2, TIIE OOIH - &4")
plt.xlabel('Epochs')

plt.ylabel('Loss")

plt.legend()

plt.subplot(1,2,2)
acc = history_dict['accuracy']
val_acc = history_dict['val_accuracy']

plt.plot(epochs, acc, 'bo', label='Training acc')
plt.plot(epochs, val_acc, 'b', label="'Validation acc')
plt.title('&&2, oI 4oIH - H&tx')
plt.xlabel ('Epochs")
plt.ylabel('Accuracy')

(

plt.legend()
plt.show()
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In [47]:

mode! = models.Sequential()

mode | .add( layers.Dense(16, activation='relu', input_shape=(10000,)))

mode| .add( layers.Dense(16, activation='relu'))
mode| .add( layers.Dense(1, activation='sigmoid'))

mode | .compile(optimizer=optimizers.RMSprop(learning_rate=0.001),

loss="'binary_crossentropy',
metrics=["accuracy'])

model.fit(X_train, y_train, epochs=4, batch_size=128)
results = model.evaluate(X_test, y_test)
print("0I=Z= ", epochs, "HHXIAFOI= ", 128)
print("loss , accuracy", results)

Epoch 1/4

196/196 [ ] - 2s 6ms/step — loss:
8613

Epoch 2/4

196/196 [ ] - 1s 7ms/step — loss:
9223

Epoch 3/4

196/196 [ ]
9380

Epoch 4/4

196/196 [ ]
9485

782/782 [ ]
8730

OlZ2= : range(1, 21) BIXIAIOI= : 128
loss , accuracy [0.3528025448322296, 0.8730400204658508]

1s 7ms/step - loss:

1s 6ms/step — loss:

2s 2ms/step — loss:

29l (loss, accuracy)

« 07 HiX| AFO|= 512 -> 128
= 2.65,0.498

+ 07 HiX| AFO|= 512 -> 64
= 2.087,0.4965

06 tanhZ-d 3} gt AL S|
= relu ->tanh 1.53, 0.49

« St5E:0.01->0.001, epochs(4), batch_size = 128
= 2.545, 0.496

« 55 :0.01->0.001, epochs(8), batch_size = 128
= 4.056, 0.497

o O| =34 : 4epochs, batch_size =512, &&E : 0.01, =& +: 16>
= |oss, accuracy : 2.85, 0.496

o O|Z®HZ : 4epochs -> Bepochs, batch_size = 512,
= |oss, accuracy : 0.2961, 0.881

o O|Z R : 4epochs -> Bepochs, batch_size = 128,
= |oss, accuracy : 10.03, 0.4965

o O = &34 : 4epochs -> 8epochs, batch_size = 512, &
= |oss, accuracy : 3.714, 0.496

o
o>
i

:0.01

1o
o>
i

:0.01

o>
e

0.3465 - accuracy:

0.2074 - accuracy:

0.1677 - accuracy:

0.1435 - accuracy:

0.3528 - accuracy:

128

:0.01, =& ==: 16->64
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