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In [1]:

import keras
from keras.layers import SimpleRNN

print( keras.__version__ )
2.9.0

+ SimpleRNN2 StLEO[ A[F AT} OfL 2t A|E A HYX|Z XM E|etCh= A.
= (timesteps, input_features) -> (batch_size, timesteps, input_features) & & &S
« SimpleRNN2 & 7}X| A& 2 EJ} 7H5(return_sequences D7 =2 ME Tt5)
= return_sequences= True
o ZEIQJAR EHZ H2 MK AR B3 - (batch_size, timesteps, output_features) - 3D Hl A

= return_sequences= False
o U A|Z A0 CHSH OHX| B £3 B3} - (batch_size, output_features) - 2D HIA

SimpleRNN F7}X| 43 B E

« return_sequences : 7| 2t (False)
= False : OtX| 2} & Ef Tt & 2 (Many-to-One)
= True: B& X2 24 HEf &3 (Many-to-Many)

In [2]:

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

EmbeddingZ2| & &



+ (samples, YHZXtR, sequence_length)
» samples: 2+
- UHIY At E3 AW Y XY
» sequence_length : A|E A ZO| (B3] Z0])
» Y HME YR 23 2DHIN

o 07| M sequence_length7t 22 ZO|Q| A|ZA = 022 Y|, 71 A|RAE Ea|A| L C

EmbeddingZ2| £&

« (samples, sqeuence_length, &t T x}&)
= samples : ME+
= sequence_length : A| &2 Z0]
= embedding_dimensionality : &t & X}
« E32 3D A7} EICE

return_sequences = False

In [3]:

mode! = Sequentiall()

mode | .add(Embedding( 10000, 32))

mode | .add(SimpleRNN(32, return_sequences=False))
mode | .summary ()

Model: "sequential"

Layer (type) Qutput Shape Param #
embedding (Embedding) (None, None, 32) 320000
simple_rnn (SimpleRNN) (None, 32) 2080

Total params: 322,080
Trainable params: 322,080
Non-trainable params: 0

SimpleRNN Iiz2}0|Ef 7{

« Wh * Wh + Wx * dim + dim
. (32%32)+(32*32)+32*1=2080

return_sequences = True



In [4]:

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

mode! = Sequentiall()

mode | .add(Embedding( 10000, 32))

mode | .add(SimpleRNN(32, return_sequences=True))
mode | .summary()

Model: "sequential_1

Layer (type) Qutput Shape Param #
embedding_1 (Embedding) (None, None, 32) 320000
simple_rnn_1 (SimpleRNN) (None, None, 32) 2080
Total params: 322,080

Trainable params: 322,080

Non-trainable params: 0

oy Aef &3

In [5]:

model = Sequential()

mode | .add(Embedding( 10000, 32))

mode | .add(SimpleRNN(32, return_sequences=True))

mode | .add(SimpleRNN(32, return_sequences=True))

mode | .add(SimpleRNN(32, return_sequences=True))

model .add(SimpleRNN(32)) # OH @ =0F OIX 2 =S BHEHSHLICH

mode | .summary()

Model: "sequential_2"

Layer (type) Qutput Shape Param #
embedding_2 (Embedding) (None, None, 32) 320000
simple_rnn_2 (SimpleRNN) (None, None, 32) 2080
simple_rnn_3 (SimpleRNN) (None, None, 32) 2080
simple_rnn_4 (SimpleRNN) (None, None, 32) 2080
simple_rnn_5 (SimpleRNN) (None, 32) 2080

Total params: 328,320
Trainable params: 328,320
Non-trainable params: 0
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In [6]:

from tensorflow.keras.datasets import imdb
from tensorflow.keras.preprocessing import seguence

max_features = 10000 # SH2 = AI=2E HHHS =
maxlen = 500 # AI2E EAEQ 2Q|(JtEA Hl
batch_size = 32
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print('GIOIE 2E...")

(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 AIRA")

gold 24. ..
25000 E& AR
25000 HIAE AIEA

In [7]:

# S2H0 A maxlen 0IF2 U= SHUH== pad_sequences()& == ZetHiC}.
# & 20IJF maxlen2CH 2™ E=ct 2F=2 022 IMSLICH.
print('AIZA IHE (samples x time)')

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 3J|:", input_test.shape)

AMZA THEY (samples x time)
input_train 32J!: (25000, 500)
input_test 3J|: (25000, 500)

5



In [8]:

from keras.layers import Dense

mode! = Sequential()

mode | .add(Embedding(max_features, 32)) # max_features = 10000
mode | .add(SimpleRNN(32))
mode | .add(Dense(1, activation="'sigmoid'))

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

Model: "sequential_3"

Layer (type) Output Shape Param #
embedding_3 (Embedding) (None, None, 32) 320000
simple_rnn_6 (SimpleRNN) (None, 32) 2080
dense (Dense) (None, 1) 33

Total params: 322,113
Trainable params: 322,113
Non-trainable params: 0




In [9]:

%%t ime

history = model.fit(input_train, y_train,
epochs=10,
batch_size=128,
validation_split=0.2)

Epoch 1/10

157/157 | ]
3 - val_loss: 0.4303 - val_acc: 0.8126
Epoch 2/10

157/157 [ ]
4 - val_loss: 0.3528 — val_acc: 0.8576
Epoch 3/10

157/157 | ]
2 — val_loss: 0.3337 - val_acc: 0.8648
Epoch 4/10

157/157 [ ]
6 - val_loss: 0.4230 - val_acc: 0.8186
Epoch 5/10

157/157 [ ]
5 - val_loss: 0.3624 - val_acc: 0.8604
Epoch 6/10

157/157 [ ]
4 - val_loss: 0.3716 - val_acc: 0.8590
Epoch 7/10

157/157 [ ]
8 - val_loss: 0.3875 - val_acc: 0.8574
Epoch 8/10

157/157 [ ]
6 - val_loss: 0.5483 - val_acc: 0.8148
Epoch 9/10

157/157 [ ]
3 — val_loss: 0.6824 - val_acc: 0.7710
Epoch 10/10

157/157 | ]
27 — val_loss: 0.4944 - val_acc: 0.8372
CPU times: total: 10min 49s

Wall time: 2min 24s

In [13]:

model .evaluate(input_test, y_test)

86ms/step

86ms/step

90ms/step

92ms/step

91ms/step

91ms/step

93ms/step

89ms/step

89ms/step

- |oss:

- |oss:

- |oss:

- |oss:

- |oss:

- |oss:

- |oss:

- |oss:

- |loss

0.5730 -

0.3595 -

0.2868 -

0.2306 -

0.1933 -

0.1641 -

0.1194 -

0.0928 -

© 0.0660 -

acc:

acce-

acc:

acc:

acc:

acc:

acc-

acc:

acce

0.696

0.850

0.885

0.911

0.930

0.942

0.957

0.969

- 0.977

109ms/step — loss: 0.0538 — acc: 0.98

782/782 [ ] - 14s 17ms/step - loss: 0.5044 — acc: 0.838

2
Out [13]:
[0.5043584704399109, 0.8381999731063843]



In [10]:

import matplotlib.pyplot as plt

In [11]:

acc = history.history['acc']

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



In [12]:

epochs

range(1,

len(acc) + 1)

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()
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