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import csv
HENEREACY EE
import tensorflow as tf
#TensorFlow E—EHEEERFEE (data flow graphs) - BREEHENEERSEE -
import numpy as np
#NunPyZ2Python B H—BRFTEDE - IBERASNEERFINEEEES M HET EERE SN ERRITE
from tensorflow.keras.preprocessing.text import Tokenizer
#kerasgTokenizeriET I EFEERE - EFlL @&
#EEFtexts_to_matrixFEE L EEC texts D EFtext - i ESEstringdiE 0 L5TNE ) FIESHTE - REESES
from tensorflow.keras.preprocessing.sequence import pad_seguences
#kerasHEEZ RERENFTEA - EEORBHFTIRESETE - EHEEE Fpad_sequences() - #RBEHFFIRLE
FEFRAA L -
#keras.preprocessing. sequence.pad_seguences(sequences,
#maxlen=None,
#dtype="1int32",
#padding="pre’,
#truncating="pre',
#value=8.)
import nltk
nltk.download( ' stopwords ")
from nltk.corpus import stopwords
STOPWORDS = set(stopwords.words('english'}))
#NLTK &Y stopwords :FRIEFET 21 &5 - BLETES
HEAEAR S AR
#1) N EBTTaSMIESE - U the’ - 'is’ - 'at' * "which' - 'on'% -
#2)E=E > 0 went ' ¥ - EEEEFTSRT - ERHEENEES ERAREERSHETEEETEER -

HEFETRASERE
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vocab_size = 5808
embedding dim = 512

max_length = 288

trunc_type "post’

padding type = 'post’

oov_tok = "<00V>'

training portion = .6

test _portion= .2
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(D 5> Maﬁ% stopwords » &% K R A G A K 0 - K a A E TV
§ 7 hF i3 0 Ao'the' ~is' ~ ‘at' ~ ‘which' ~'on'E - R - fF SR
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articles = [] #EZ I=RVET]
labels = [] #=ZHEEHTET]

#IEEHEER - #kEREE
with open("bbc-text.csv", 'r') as csvfile: #FEFEIcsvigE
reader = csv.reader(csvfile, delimiter=",') #FElcsviEERE - DIESFSERMT
next(reader)#next () EFEE F—iT87&EH
for row in reader: #[[EEEGDE—F)
labels.append(row[@]) ##&row[@]i0.  2labellEF]
article = row[1]
for word in STOPWORDS:

token = " " + word + " '

article = article.replace(token, ' ")
HETES TR (token) - RESBROFTS
article = article.replace(" ", " ")

articles.append(article)

print(len(labels)) #ETREFIEE
print(len(articles)) #EFTEFEE
#] L EREMEE T2 ETELE
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#training portion=8.6 test portion=0.2 EF FESEFIEE
train_size = int(len(articles) * training_porticn)
test_size=int(len(articles) * test_portion)
valid_size=int(len(articles) * test_portion)

train_articles = articles[8: train_size]
train_labels = labels[8: train_size]

test_articles = articles[train_size:(train_size+test size)]
test_labels = labels[train_size:(train_size+test_size)]

validation_articles = articles[(train_size+test_size):]
validation_labels = labels[(train_size+test_size):]

print(train_size)
print(test_size)

print{len(train_articles))
print(len(train_labels))
print(len(test_articles))
print({len(test_labels))
print{len(validation_articles))
print(len(validation_labels))
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import matplotlib.pyplot as plt
import seaborn as sns
plt.figure()
sns.countplot(train_labels)
plt.xlabel( Label")

plt.show()
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#Tokenizer ElSiE—El-rsiiEry—S550EE (Tokens) - TEHETI= -

tokenizer = Tokenizer({num_words = vocab_size, oov_token=oov_tok)
tokenizer.fit_on_texts(train_articles)

word_index = tokenizer.word index #E{EEAYES|
dict(list{word_index.items(})[©:18])

HWEEEHHEFTRESE  HIETEE

#TLISE" <00V>"EETFEBEETSE SR - EWE" said” » EWE" nr” » KIHHEE -

{r<oov»': 1,
"also': 6,

‘one': 18,
"people’: 7,
"said': 2,
‘us': 9,
"would': 4,
"year': 5}

(2) #ffzed it X B 75 £

#HERLE T SEEELERSEAFTFIR
train_sequences = tokenizer.texts_to sequences(train_articles)
print(train_sequences[18])

[2389, 1, 257, 4144, 19, 633, 524, 257, 4144, 1, 1, 1589, 1, 1, 2389, 19, 496, 1, 1, 134, 265, 1, 134, 26

» B 7|0 Zero Padding
& BARRE A FIE R T A 4pF > 1% pad_sequences b £ B 47 i e
FORINET EHME ASHRRERT DR APRE AR
oo AR o

#EBNLPHSFHEENE - HFIEEFTIFVMER

#EFFITEREEpad_sequences () FFIHEFE

#max_lengthgl = & RrE200 - FESEEHE

train_padded = pad_sequences(train_sequences, maxlen=max_length, padding=padding_ type, truncating=trun
print(len(train_sequences[8]))

print(len(train_padded[©]))

HE—BEISEEIEE 5425 - E57200

print(len(train_sequences[1]))
print(len(train_padded[1]))

print(len(train_sequences[18]))
print(len(train_padded[18]))

425
288
192
288
186
288
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print(train_padded[18])
##tpadding_typeRitruncating_type - FEpost - i - HEF1UE - BE186 - HFHEF 200 - HREFR - EIFILMES -

[2380 1 257 4144 19 633 524 257 4144 1 11588 1 1
2388 19 496 1 1 134 265 1 134 265 883 731 662 2632
1119 1732 11485 1 1 1 1 1 13941 1 1
184 4462 1 2 4493 1378 328 4145 1 56 2375 1 328 2555
372¢ 3¢ 193553 1 1 1 1 515 1 1 1 794 76l
2154 4@9 4146 1 325 19 1 7462308 1 1 142 18 1
444 863 4147 1 1@ 1 477 731 662 1 83 13 583 1
257 4144 1 576 11732 943 1 1 795 2826 115 1 1
13219 19 1 126 265 11774 1 515 584 1 1482 44@5
775 1166 1 1873 18 34 633 256 1 7@ G511 496 285 1557
19 49¢ 1 11989 1 822 1 3228 11283 6 1 2380
406 193214 1 1 1 1 1 1 823 43 1969 G536 287
24 893 1 889 19 365 1% 13 285 1557 1379 518 28 &7
776 1189 4148 274 ® @ 8 @ @ e @ @ @ @
e 8 8 &)
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#EBEENIEE R SRR
validation_sequences = tokenizer.texts_to_sequences(validation_articles)
validation_padded = pad_sequences{validation_sequences, maxlen=max_length, padding=padding type, truncat

print(len(validation_sequences))
print(validation_padded.shape)

test_sequences = tokenizer.texts_to_sequences(test articles)
test_padded = pad_sequences(test_sequences, maxlen=max_length, padding=padding_type, truncating=trunc_ty

print(len(test_sequences))
print(test_padded.shape)

445
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445
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label tokenizer = Tokenizer()
label tokenizer.fit_on_texts(labels)

training_label seq = np.array(label_tokenizer.texts_to_sequences(train_labels))
validation_label_seq = np.array(label_tokenizer.texts_to_sequences(validation_labels))
test_label _seq = np.array(label_tokenizer.texts_to_sequences(test_labels))

print(training_label seq[@])
print(training label seq[1])
print(training_label seq[2])
print(training_ label seq.shape)

print(validation_label seq[@])
print(validation_label seq[1])
print(validation_label seq[2])
print(validation_label seq.shape)

print(test_label seq[@])}
print(test label seq[1]}
print(test_label seq[2])}
print(test_label seq.shape)

[4]
[2]
[1]
(1335, 1)
[5]
[4]
[3]
(445, 1)
[4]
[5]
[4]
(445, 1)
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medel = tf.keras.Sequential([
#1287 ) BE45 - vocab_size = 5808 - embedding_dim = 512 - S EHTETF LE
tf.keras.layers.Embedding(vocab_size, embedding_dim),
tf.keras.layers.Bidirectional(tf.keras.layers.LSTM(embedding_dim)),
#—RREYLSTMR &L EiEmiE= - {EBidirectional LSTMEXT#EEIEmEE @ EREERER - EIHEE RO -
tf.keras.layers.Dense(embedding dim, activation="relu"),
tf.keras.layers.Dropout(8.5),
tf.keras.layers.Dense(18, activation='softmax'),
# When we have multiple outputs, softmax convert outputs layers into a probability distribution.

1

model. summary ()

Model: "sequential_g"

Layer (type) Output Shape Param #
enbedding o (Embedding)  (Wone, Nome, 512) 2560800
bidirectional 7 (Bidirection (Mone, 1824) 4198488
dense_17 (Dense) (None, 512) 524888
dropout_9 (Dropout) (None, 512) 8
dense_18 (Dense) (None, 18) 513@

Total params: 7,288,338
Trainable params: 7,288,338
Non-trainable params: 8

> Train 3 Fip 5 82 sk 0 A 5

model.compile(loss="sparse_categorical_crossentropy’, optimizer="adam®, metrics=['accuracy'])

#E 4R F :sparse_categorical crossentropy

num_epochs = 18

history = model.fit(train_padded, training_label seq, epochs=num_epochs, validation_data=(validation_pad

Train on 1335 samples, validate on 445 samples

Epoch 1/1@

1335/1335 - 5@2s - loss: 1.7157 - acc: @.2784 - val_loss: 1.3963 - val_acc: 8.4315
Epoch 2/18

1335/1335 - 493s - loss: 8.7221 - acc: 8.7566 - val_loss: 8.5215 - val acc: 8.34p4
Epoch 3/18

1335/1335 - 494s - loss: @.1418 - acc: 8.9625 - val_loss: ©8.3520 - val_acc: 8.8742
Epoch 4/18

1335/1335 - 4965 - loss: 8.8198 - acc: ©.9978 - val loss: 8.2358 - wval_acc: 8.9258
Epoch 5/1@

1335/1335 - 4935 - loss: ©.8225 - acc: ©.9948 - val_loss: ©.3888 - val_acc: 8.8897
Epoch 6/18

1335/1335 - 493s - loss: 8.8856 - acc: 8.9985 - val loss: 8.2933 - val acc: 6.9213
Epoch 7/18

1335/1335 - 48%s - loss: 5.6918=2-84 - acc: 1.8888 - val loss: 8.2683 - val acc: 8.9371
Epoch 8/18

1335/1335 - 48%s - loss: 2.47272-84 - acc: 1.8888 - val_loss: 8.2781 - val_acc: 8.9348
Epoch 9/1@

1335/1335 - 4855 - loss: 1.48532-84 - acc: 1.86e@ - val_loss: 8.2741 - val_acc: ©.9371
Epoch 18/18
1335/1335 - 483s - loss: 1.8158e-84 - acc: 1.888@ - val_loss: 8.2753 - val_acc: ©.9393




> R EREmE

scores = model.evaluate(test padded, test label seq, verbose=2)
print('Test accuracy:", scores[1])

A45/445 - 285 - loss: @.2362 - acc: B.9461
Test accuracy: ©.%460674

= HIABEFRLSH
> Train 7 & ¢ % 5 8 7

model.compile(loss="sparse_categorical_crossentropy’, optimizer="adam®, metrics=['accuracy'])

#E 4R F :sparse_categorical crossentropy

num_epochs = 18

history = model.fit(train_padded, training_label seq, epochs=num_epochs, validation_data=(validation_pad

Train on 1335 samples, validate on 445 samples

Epoch 1/18

1335/1335 - 5@2s - loss: 1.7157 - acc: @.2784 - val_loss: 1.3963 - val_acc: 8.4315
Epoch 2/18

1335/1335 - 493s - loss: 8.7221 - acc: 8.7566 - val_loss: 8.5215 - val acc: 8.34p4
Epoch 3/18

1335/1335 - 494s - loss: @.1418 - acc: 8.9625 - val_loss: ©8.3520 - val_acc: 8.8742
Epoch 4/18

1335/1335 - 4965 - loss: ©.8198 - acc: ©8.9978 - val loss: 8.2358 - val_acc: 8.9258
Epoch 5/18

1335/1335 - 4935 - loss: ©.8225 - acc: ©.9948 - val_loss: ©.3888 - val_acc: 8.8897
Epoch 6/18

1335/1335 - 493s - loss: 8.8856 - acc: 8.9985 - val loss: 8.2933 - val acc: 6.9213
Epoch 7/18

1335/1335 - 48%s - loss: 5.6918=2-84 - acc: 1.8888 - val loss: 8.2683 - val acc: 8.9371
Epoch 8/18

1335/1335 - 48%s - loss: 2.47272-84 - acc: 1.8888 - val_loss: 8.2781 - val_acc: 8.9348
Epoch 9/18

1335/1335 - 4855 - loss: 1.48532-84 - acc: 1.86e@ - val_loss: 8.2741 - val_acc: ©.9371
Epoch 18/18
1335/1335 - 483s - loss: 1.8158e-84 - acc: 1.888@ - val_loss: 8.2753 - val_acc: ©.9393

> R E RS

scores = model.evaluate(test padded, test label seq, verbose=2)
print('Test accuracy:", scores[1])

A45/445 - 285 - loss: @.2362 - acc: B.9461
Test accuracy: ©.%460674
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import matplotlib.pyplot as plt
SBETEEEERERE IR val accuracy/ loss F0 val_loss

def plot_graphs(history, string):
plt.plot{history.history[string])
plt.plot{history.history[ "val_"+string])
plt.xlabel{"Epochs")
plt.ylabel(string)
plt.legend([string, "wval_"+string])
plt.show()

plot_graphs(history, "acc"
plot_graphs(history, "loss™}
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	為使模型的考慮更加全面性並且找到最適切的模型，本研究使用Bidirectional LSTM深度學習。一般的LSTM只會從前面掃過去，但Bidirectional LSTM除了從前面掃過去，也會從後面掃過來，類似從後文來回推前文。

