=g MEY o[s}i5t7] - LSTM

o LSTMOj| CHol YOt 7|
o IMDB HIO|H M& 22|12t RS 7=ol0 S5 S HA|F{ 2Lt

01. LSTM 7| & O]}

FAZ 0| S5}7|

« RNNO| st ZFLICH RNN2| & 7| | &’ EHl(long-term dependencies)E Sl 25}17| @Il L2 AL

Ct.
o AAIE M|, XtHo] XM2|of ROl AL R, 3ot AFE Rl 1 S LT

LSTM S0 2 S g A3 IMDB H[O|E{0fj A &

. s|mp|eRNN9_|01| CHE RNN ¢ 22[F & &LCH LSTMZF GRU 27 &4 L Ct.
« LSTM 32 =3 X0 X85t CHE (B2) U7 = 7| 243 AFE - LICL
o T27|2US 7K U, A Y U H+E FESs O A|ZHE AX| @k Aol gt

= —
= =
29 2SIt

2lojE2{2| E2{27|

In [1]:

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Embedding, SimpleRNN
from tensorflow.keras.layers import LSTM

from tensorflow.keras.datasets import imdb
from tensorflow.keras.layers import Dense

from tensorflow.keras.preprocessing import seguence
import matplotlib.pyplot as plt

HlOlEf A

« IMDB(IMDB Movie Review Sentiment Analysis)



» 4 2FE ASHY| Bl XF A8 St 3t 2[R 0 F Al
StHAE J7HO %1, 28 2R 02 2o|EE 74,
= imdb.data_load()E &3 S} 2|7 HIO|H 2E 7}ts.
o num_wordsE AESI0] L|O|E{e] S& dlx =22 HHM CHO{7X] A" Zi 2172

In [2]:

max_features = 10000 # S22 A= CHHO =
maxlen = 500 # BEIAEOl QI (JHE BIBIEH max_features JHS SHO{8F AFZEHLICH)
batch_size = 32 # B Xl OIOIEf AO|=

(input_train, y_train), (input_test, y_test) = imdb.load_data(num_words=max_features)
print(len(input_train), '&& AIEA")

print(len(input_test), 'HIAE AIEA")

print(input_train[0], y_train[0])

25000 & AIEA

25000 HIAE AIAA

[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, 38, 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] 1

In [3]:

# CIAEE (samples, maxlen)3J12 20 H<4= HIANZ BH&t
print("AI2A THE (samples x time)')

print("input_train =J[:", input_train.shape)

print('input_test 3AJI:", input_test.shape)

input_train = sequence.pad_sequences(input_train, maxlen=maxlen)
input_test = sequence.pad_sequences(input_test, maxlen=maxlen)
print('input_train =2J|:", input_train.shape)

print('input_test 3AJI:", input_test.shape)

ANEA MY (samples x time)
input_train 3AJ]: (25000, )
input_test 3J|: (25000, )
input_train 32J!: (25000, 500)
input_test 3JI: (25000, 500)

LSTMI} GRUZ 0|8l 5}7|

 simpleRNN2 O|EX O 2 A[Zt {0 A O|T | B E EfJUAHIS HEE FX|2 4= AULCH
o HNE ZIAIZHO] B oEHY2 S5 5= gle Aol 2.
» 30| B2 AUt HEQI(TEEZRE HESR )N LiEILH= X1t H
Hl(vanishing gradient problem)Il=.
= 1990 CH &= S 3 2}0|E(Hochreiter), 70| EZ H(Schmidhuber), H1X| 2 (Bengio)”} O] 21 $14+0]| CH St
2018 AL,
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o O] ZNE sfZ3I7| fIs net=El A2 LSTMJ_f GRUZO0|C}.
o O0|Zd2 SimpleRNN2| 7| s 7{fMot HEO|Ct HEE O EUAH 2 LI2= & 0|

02. 28l =

SAZ 0| S5}7|

- QH| S (embedding)2 A0 X 2|(NLP)Z OFO A ALEFO] AFESHE QOIS 7147t O3l e = AUEF HE =

HHE Z1HE 2[0|
o FE AHE2 HAE Lo HojE S 2 HE(dense vector) 2 2HE= AS 2|0
« Embedding() : Embedding()= THO{E & HEHZE BtE= g

« Embedding()2 (samples, input_length)?! 2D H== HIAM . 3DEIME US)

= samples2 g4 QIR 21, Yo A|EL 7HH 20[2] 32, MZ2E S22 X

« Embeddingg2 37|7} 3DHAME 2| H
= (samples, input_length, embedding_dimensionality)2! 3D HIA & Htzt

» Embedding()

= HER QUKL CTHOJ RSOl 27 & oo &=
» SHR QIXL: UMY MEO| 3 X2 ZE L= UMY HE | 37
= input_length : &3 A|REAQ[ ZO|

e LSTM(num_units)
= num_units= hidden state(output)2| At&.

In [4]:

model = Sequential()
mode | .add(Embedding(max_features, 32))

mode | .add(LSTM(32))
mode| .add(Dense(1, activation='sigmoid'))

&L



In [5]:

mode | .summary()

Model: "sequential"

Layer (type) Qutput Shape Param #
embedding (Embedding) (None, None, 32) 320000
Istm (LSTM) (None, 32) 8320
dense (Dense) (None, 1) 33

Total params: 328,353
Trainable params: 328,353
Non-trainable params: 0

In [6]:

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

O]

[ -

kot

03. & st Ol WrtAq

2112 0|53}
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In [7]:

%%t ime

history = model.fit(input_train, y_train,

Epoch 1/10

epochs=10,
batch_size=128,

validation_split=0.2)

157/157 [

78 - val_loss
Epoch 2/10

: 0.3977

val_acc

- 0.839%4

157/157 [

78 - val_loss
Epoch 3/10

- 0.4592

val_acc

- 0.8304

157/157 [

17 - val_loss:

Epoch 4/10

0.3514

val_acc

- 0.8500

157/157 [

52 - val_loss:

Epoch 5/10

0.3669

val_acc

:0.8478

157/157 |

62 - val_loss:

Epoch 6/10

0.3402

val_acc

: 0.8872

157/157 [

34 - val_loss:

Epoch 7/10

0.7199

val_acc

: 0.7838

157/157 [

78 - val_loss:

Epoch 8/10

0.3439

val_acc

- 0.8840

157/157 [

54 - val_loss:

Epoch 9/10

0.3455

val_acc

- 0.8498

157/157 [

89 - val_loss:

Epoch 10/10

0.3737

val_acc

- 0.8794

157/157 [

14 - val_loss

CPU times: total:

Wall time: 5m

In [10]:

: 0.3655

in 20s

19min

val_acc
51s

- 0.8840

model .evaluate(input_test, y_test)

782/782 |

8
Out[10]:

[0.4142196476459503, 0.8658000230789185]

38s

32s

33s

32s

30s

30s

30s

30s

31s

34s

225ms/step

202ms/step

209ms/step

203ms/step

192ms/step

193ms/step

194ms/step

193ms/step

200ms/step

215ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.5068 -

.2926 -

.2368 -

.2019 -

1784 -

15682 -

1447 -

1295 -

acc:

acce-

acc-

acc-

acc-

acc-

acc:

acc:

acce-

acc:

.75

.88

9

.92

.93

.94

.94

.95

.95

.96

] - 25s 32ms/step — loss: 0.4142 - acc: 0.865



In [8]:

acc = history.history['acc']

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

In [9]:
epochs = range(1, len(acc) + 1)
# 3%
plt.plot(epochs, acc, 'bo', label='Training acc')
plt.plot(epochs, val_acc, 'b', label='Validation acc')
plt.title('Training and validation accuracy')
plt.legend()
#
plt.figure()
plt.plot(epochs, loss, 'bo', label='Training loss")
plt.plot(epochs, val_loss, 'b', label="Validation loss")
plt.title('Training and validation loss')
plt.legend()
plt.show()
Training and validation accuracy
| ® Training acc - L *
03507 Validation acc . ] .
0925 4 .
.
0900
L ]
0.875
0850
0.825
0800
0775
0750 L * : : : :
2 4 B B 10
Training and validation loss
0.7 - ® Taining loss
— WYalidation loss
06 1
05 -
04
0.3 1 *
.
0.2 - .
. o .
L
01 1 * e
2 4 6 B '



SimpleRNN HI EQIAECt §50| § L2 ZHE Q. LSTMO| AZ{CIAHE ~4 ZHZRH B d2 &

CHE2 LSTMO| RHX| Tt 2= ZOF0| L2 A2 Ot 2= ULt case by case
= LSTMO| O &2 452 E0[= X2 AAE M|t AFAH0 X 2|2 ol 30| AFE .
t

o HE-3H(question-answering)1t 7| Al & % (machine translation)



