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2.1. p #3# 7 &2 (Natural Language Processing , NLP)

pARGES RIEA A I EArE T EAE e R B AT R P IR 2
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Classical NLP

Modeling

Classification

- 1]

Dotments: =00 R TS TIaRnRS TNy, SOTTRERENES

Deep Learning-based NLP

Output
Classification
Entity Extraction
P
) =
<
L J

Dense Embeddings Hidden Layers Output Units

obtained via word2vec
doc2vec, GloVe, etc

Documents

B2~ FARE Y NLP #3157 & B



22. LA SRR (Recurrent Neural Network , RNN)

A SRR R ARSIER 2B AL G M B L Tl ¥ R
* & NLP (Natural Language Processing > p 7835 % &dZ ) Afk + o d 2P AP AR
MR IR T kR A A RNN it d at R i ep D%
YRGB P R (R AR R IS 0 RERL LEET A

RNN ehdd 2b5 g2 FREDFF (F A 7R < ) 2 B ehil 5 > )
2§ H e RNN B4 & 2 RJZig ¥ quﬁj? 2 4 s R &7 4 R 4L (Vanishing
gradient problem ) °

B 3 ~ RNN #-2)7 &= B

2.3. £xfisfiicd] (Long Short-Term Memory , LSTM )

R R A - AR RNN #3 » B8 B 59 5 ¥ & BEgLai g
B % (Long-Term Dependencies )» ' # I ** RNN ¥ 7 ¥ — e 5§ k& (tanh )>
A w B s S F > Fp LSTM 7 1% % ik RNN @i 4
FRE Hp PER 2 RE B e o

LSTM st B4 5t Cell State (B Ak i) i A BARE 7 » 7 13 4
b %‘FF'J“% BAgd oo & d el L E gate” g K2 > # 55 8%
™ (Forget gate ) ~ ﬁis?l »~ * (Input gate ) ~ ﬁi%] A1 (Output gate ) » 1435 M3 F=4]
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Input
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24, v £ 2R3 (Bidirectional Long Short-Term Memory, Bi-LSTM )

P LSTM 2% % LSTM e o £ 27 % B B 5] A &5 B AL cfoa] oot o
’1‘:‘_@?1 »RIGERFFEOLS TR > e LSTM ’é_ﬁa?] B A oA e )
%5 B LSTM @ 2— 0@?]%)%5']“ k- BE Rtk A A ¥ ﬂ%éﬁ;‘]%ﬁfvflj
e A BETEY SRR EHEHDI T T g {2 FY
PR AL -

Output Layer
Backward Layer
Forward Layer

Input Layer

B 5 ~ Bidirectional LSTM #23] 7+ . B
R Ll ¥: ]
31 FH kR
AFpd UCL Fena B fd @i TR F LAl nT R LR - F
FEAL R (55722) £ S5T2 8 AL FH X2 & 2B THEFE AN
#1i% #g ] (label) ™ % 2 4 0 % (message) ©

(F#L kR : https://archive.ics.uci.edu/ml/datasets/SMS+Spam+Collection )

3.2. THAI
(1) $> SR EAFHRE

1 import tensorflow as tf
2 print (tf. __version_)
32.2

1# import libraries for reading data, exploring and plotting

2 import numpy as np
3 import pandas as pd
4 import seaborn as sns

5 import matplotlib.pyplot as plt

6 from wordcloud import WordCloud, STOPWORDS, ImageColorGenerator
7 %matplotlib inline

8

9% library for train test split

10 from sklearn.model_selection import train_test_split

11
12# deep learning libraries for text pre-processing
13 import tensorflow as tf

14 from tensorflow. keras. preprocessing. text import Tokenizer

15 from tensorflow. keras. preprocessing. sequence import pad_sequences

16

17# Modeling

18 from tensorflow. keras. callbacks import EarlyStopping

19 from tensorflow. keras.models import Sequential

20 from tensorflow. keras. layers import Embedding, GlobalAveragePoolinglD, Dense, Dropout, LSTM, Bidirectional

B 6~ H ~ 3% B 2. python 425\ 75



1 * pandas ® 3

e ham £ 3 * et i

label

0 ham

1 ham
2 spam
3 ham
& ham
6567 spam
5568  ham
5569  ham
5570  ham
5571 ham

’

U pdread_csv() kT r T X RFTHRBP L LS
label % message % » FALE T g A& f 5572 LA FopL > A Jabel ff

@ spam P % & g R ER 2 o

message

Go until jurong point, crazy.. Available only ..

Ok lar

Joking wif u oni

Free entry in 2 a wkly comp to win FA Cup fina...

U dun say so early hor... U c already then say...

Nah | don't think he goes to usf, he lives aro...

This is the 2nd time we have tried 2 contact u...

Will 0 b going to esplanade fr home?

Pity, * was in mood for that. So._any other s._.

The guy did some bitching but | acted like i'd....

Rofl. Its true to its name

5572 rows = 2 columns

B 7~ FHRETRE

1# BEANGRE

2url = ’https://raw. githubusercontent. com/ShresthaSudip/SMS Spam Detection DNN LSTM BilSTM/master/SMSSpamCollection’
3message = pd.read csv(url, sep = \t',names=["label”, “message”])
4 message
- =< N By
Bl 8 ~ % » T B 2 python #2778

@QRaFPLFe 3 E

4] * & ;% message.info

label ™2 2 message ‘& 7

I &

0

§EZE S FM AR RS

2,

Check data

Kt A TH AR

2 message. info ()

<class

"pandas. core. frame. DataFframe’ »

Rangelndex:

EETZ entries, 0 to

5571

Data columns (total 2 columns):

#  Column

0 lakel

5572 non-rull

1 message 5572 non—null

dtypes:

object(2)

memory usage: 7. 2+ EB

MNon-Mull Count Dtype

object
object

information

B9~ &% B2 python #2875 & % %



(3) 3P4 FARE 1
1% 3 3% WorldCloud() » AR 1t 3B 8 en 30 A 45 > o WP 7 10 )

FEREEEF NI F et P S Free ~ call ~ text... & o

ol - now-
P / Ca ]-]- ) f_ﬁ.',, ringtone

GUARANTEED Call
Call land

s customer service PO BoX

chance win Wln

message reply text Co_uk
collect Y Please call

A tatement URGENT fl',)l e

day free nf]sxg llubT ' | | ’l 50p

national rate await lectior w1 ] ] game ‘

B 10 ~ B EE F A 47

spam msg_cloud = WordCloud(width =520, height
opwords=STOPWORDS, max_font_size=50, background _color ="black”, colormap=

1 plt. figure(figsize=

Bl 11~ & EE F 30472 425545

(4) *% 2~ (Downsampling )
FiI* 30 5% discribe() - BL% label 1§ = chFkt o d T B ¥ 12 f J ham messages
7 4825 %@ spammessages 477§ 747 Lo A 5 5 P A ShdicE A §F - spam
messages ~ £ 7 ham messages 17 15% > 5 #&& 7 T frenF 4l o

1 #& Rlfib
2 message. groupby (" label’ ). describe(). T

label ham spam
message count 4825 747
unique 4516 653

top Sorry, I'll call later Please call our customer service representativ. .

freq 30 4

Bl 12~ F 45 i 2 python 4238 75 22 % %



NG E* E PR DS 0 B8 O R ham messages (P30 # ¥ ham
messages fr spam messages FHF ALE T o d TR T g Ao iETE P
G AT HEAR £ 5 74T EFA -

1 #Downsample the ham msg
2 ham_msg df = ham msg. sample(n = len(spam msg), random state = 44)

3 spam_msg _df = spam msg
4 print (ham_msg_df. shape, spam_msg_df. shape)

(747, 2) (747, 2)

B 13 ~ "8 B~4% 2. python #2.;% 75

Distribution of ham and spam email messages Distribution of ham and spam email messages (after downsampling)

5000

2000

1000

spam
label Message types

B 14~ FPfw (82 TR ft )Rl

(5) FHF#
4% 7 RP = label i@ 7 R4 1 o label FALEF B BT @ * map

F R F AR H ¢ d-ham messages ¥t 5 0> @ spam messages B

s 1o

label message msg_type

0 ham Height of recycling: Read twice- People spend .. 0

1 ham Yup song bro. No creative. Neva test quality. .. 0
2 ham Feb &lt-#&gt: is "l LOVE U" day. Send dis to. .. 0
3 ham Don't forget who owns you and who's private pr... 0
4 ham Lol no. | just need to cash in my nitros. Hurr... 0
1489 spam Want explicit SEX in 30 secs? Ring 02073162414 . 1
1490 spam ASKED 3MOBILE IF 0870 CHATLINES INCLU IN FREE ... 1
1491 spam Had your contract mobile 11 Mnths? Latest Moto. . 1
1492 spam REMINDER FROM 02: To get 2.50 pounds free call . 1
1493 spam This is the 2nd time we have tried 2 contact u. . 1

1494 rows = 3 columns

B 15~ FAEa L2 5 L H



1 #ERHEEML  (ham=0 & spam=1)

2 msg df[’ msg type’ 1= msg df[ label’ ].map({ ham : 0, ’spam : 1})
3 msg_label = msg_df[ msg_type ].values

4 msg_df

Bl 16 ~ TR R4 1 2. python 4258 7%

6) FH> A
Befed2 s g L & L 80%e i (Training data) 12 2 20%:ip]3# &
( Testing data ) » 12 138 F enfcAq] 2 i * o

1# WEEHWI2s training and testing
2 train_msg, test_msg, train_labels, test_labels = train_test_split(msg df[ message’], msg_label, test_size=0.2, random_state=434)

B 17 ~ *» & %anu;a: Z_ python 2B

(7) # 3 (Tokenization )
F1* Tokenizer()d 3% » #-" G TP 227 > HiwH ¥ #-5 B H M
d BT FNPREPN £ G 4169 B e hE

1# EF preprocessing-Tokenizer [FEZE]

2max len = 50

3 trunc_type = “post”

4 padding type = “post”

500v_tok = “<00V>”

6 vocab size = 500

7

8 tokenizer = Tokenizer (num words = vocab_size, char level=False, oov_token = oov_tok)
9 tokenizer. fit_on_texts(train_msg)

10

114 Get the word_index

12 word_index = tckenizer.word_index

13 print (word_index)

14

15# check how many words

16 tot_words = len(word_index)

17 print ( There are %s unique tokens in training data. ~ % tot_words)

B] 18 ~ Tokenization 2. python #% ;% 75

P<00vy 01, "to': 2, Tvou 1 3, Ta i 4, Ti7: 5 Teall’: B, Tthe': 7, Tu': B, Tyour’: 9, “for’: 10,
There are 4169 unique tokens in tralning data.

B 19~ 83 %55 % 7 4§

(8) # % (Sequencing) £23 v (Padding)
I * texts_to_sequences()di it o BPRE L PIFEEE oS #eF B
%77 0 B FE # % pad_sequences()d i\ i@ & B A S|t AR PR R o

I and
Z training_sequences

adding on training and testing

tokenizer. texts_to_sequences (train_msg)

} training_padded = pad_sequences (training_sequences, maxlen = max_len, padding = padding_type, truncating = trunc_type )
| testing_sequences = tokenizer.texts_to_sequences(test_msg)

) testing_padded = pad_sequences(testing_sequences, maxlen = max_len,
6 padding = padding_type, truncating = trunc_type)

[ 20 ~ Sequencing & Padding 2. python #% ;% 75
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4.1. Dense Model
# Dense 33 4.5 - 4 » § (Embedding)~ — # i+ § (PoolingID)~ %
# & (Dense) ,rui—ii_,?] LR (dense) A ¥ f 4o~ = g dropout o H F g x K k-
* BEPHBI- BN £ > embedding dim £ £+ | > ¥ F P03
Fed BEHFG AV RIT DR E o B L KRG 2R A Y ofldkE T
Ok LR E PR A o

] # Dense model hyperparameters
2max_len = 50
“

3 vocab_size = 500 # As defined earlier
4 embeding dim = 16
T)

6# Dense model
7model = Sequential ()
8 model. add (Embedding (vocab_size, embeding_dim , input_length=50))
9 model. add (GlobalAveragePoolinglD())
10 model. add (Dense (24, activation= relu’))
11 model. add (Dropout (0. 2))
12 model. add (Dense (1, activation="sigmoid’))

13 model. compile (lossz‘ nlean_abEo;ute_erfof s optimizer:‘ adam’ ,metrics=[’ accuraczﬁ’ D

14

15# fitting a dense spam detector model

16 early_stop = EarlyStopping(monitor="val_loss’, patience=3)

17 history = model. fit(training padded, train_labels, epochs=30,

18 validation data=(testing padded, test_labels),callbacks =[early stop], verbose=2)

B 21 ~ Dense Model 2_ python #% ;% 5

Embedding (500,16,50) E ing (500,32,50) E ing (500,16,50) Embedding (500,16,50)
dense 24,relu dense 24,relu dense 64,relu dense 24 sigmoid
dropout 02 dropout 0.2 dropout 0.2 dropout 0.2
dense 1,sigmoid dense 1,sigmoid dense 1,sigmoid dense 1,sigmoid
loss_function | binary_crossentropy loss_function | binary_crossentropy loss_function | binary_crossentropy loss_function | binary_crossentropy
optimizer adam optimizer adam optimizer adam optimizer adam
epochs 30 epochs 30 epochs 30 epochs 30
loss 0.1283 loss 0.1288 loss. 0.1246 loss. 0.1420
accuracy 0.9431 accuracy 09331 accuracy 0.9465 accuracy 09431
Embedding (500,16,50) Embedding (500,16,50) Embedding (500,16,50) Embedding (500,16,50)
dense 24 relu dense 24,relu dense 24 relu dense 24,relu
dropout 0.3 dropout 02 dropout 02 dropout 0.2
dense 1,sigmoid dense 1,sigmoid dense 1,sigmoid dense 1,softmax
loss_function  binary_crossentropy loss_function |mean absolute error loss_function | binary_crossemtropy loss_function  binary_crossentropy
optimizer adam optimizer adam optimizer sgd, optimizer adam
epochs 30 epochs 30 epochs 30 epochs 30
loss 0.0631 loss 0.0592 loss 0.6512 loss 0.1126
accuracy 0.9465 accuracy 0.9532 accuracy 0.7659 accuracy 0.4716

] 22 ~ Dense Model 2. 42 %~ %3} BB 42



loss

0.4

03

0.2

01

B A B Dense 3l Ag S8t o A2 B E R A Sl P
Fl- 2k EaE & > 5 Embedding (500,16,50 ) ~ Dense ( 24,relu ) ~ dropout=0.2 ~
Dense (l,sigmoid) ~ loss_function = ‘mean_absolute error’ ~ optimizer = ‘adam’ > 7
Btk AR B P4 S 0.0592 0 @ BAEF L 0.9532 ¢

ﬁ.%,h Pie-HEEANE - B epochs “TH B RE L RIEE hedp £ 2
BFr B o B BT 'qu‘ MR E L REE G AP DR ARR A
epochs B 4v 3 BgF e ™ "% 5 A Bagds 3 P R adg o

Training and Validation loss Training and Validation accuracy

05 = Taining_Loss
Validation_Loss 0.95
0.90 1
=)
L=
e
g 085
]
0.80 1
— Taining_Accuracy
’ , ’ , ’ . ' 075 Validation_Accuracy
0 5 10 15 20 r 0 0 5 10 15 20 P13 0
Number of epochs Number of epochs

] 23 ~ Dense Model z_ 4§ % & & Fx 5

4.2. & RECIIFHE (LSTM Model )
# LSTM #-31 % 4 % - 4 » & (Embedding) ~ - # 1 & (Dense) 2 2 & &
keras ¥ %7 Z_& «h LSTM %

1# Z#LSTM hyperparameters

2vocab_size = 500 # As defined earlier
3 embeding_dim = 36

4

5 HLSTM model

6modell = Sequential()

7 modell. add (Embedding (vocab_size, embeding dim, input length=max len))
8 modell. add(LSTM(32, dropout=0.2, return sequences=True))
9 modell. add (LSTM(32, dropout=0.2, return sequences=True))

10 modell. add (Dense (1, activation= sigmoid’))

11 modell. compile(loss = ’binary_crossentropy’, optimizer = 'adam’, metrics=[ accuracy’ ])

12

13# fitting a LSTM model

14 early_stop = EarlyStopping(monitor="val loss’, patience=2)

15 history = modell. fit(training padded, train labels, epochs=30,

16 validation data=(testing padded, test labels),callbacks =[early stop], verbose=2)

B 24 ~ LSTM Model z_ python #% ;% #5



Embedding (500,16,50) Embedding (500,32,50) Embedding (500,36,50) Embedding (500,36,50)
LSTM(n.dropout) (20,0.2) LSTM(n.dropout) (20,0.2) LSTM(n,dropout) (20,0.2) LSTM(n,dropout) (24,0.2)
LSTM(n,dropout) (20,0.2) LSTM(n.dropout) (20,0.2) LSTM(n,dropout) (20,0.2) LSTM(n,dropout) (24,0.2)

dense 1,sigmoid dense 1,sigmoid dense 1,sigmoid dense 1,sigmoid
loss_function | binary_crossentropy loss_function | binary_crossentropy loss_function | binary_crossentropy loss_function | binary_crossentropy
optimizer adam optimizer adam optimizer adam optimizer adam
epochs 30 epochs 30 epochs 30 epochs 30
loss. 0.2359 loss 0.2259 loss 0.216 loss 0.2449
accuracy 0.9243 accuracy 0.9321 accuracy 0.9328 accuracy 0.9252

Embedding (500,36,50) Embedding (500,36,50) Embedding (500,36,50) Embedding (500,36,50)
LSTM(n,dropout) (32,0.2) LSTM(n,dropout) (32,0.25) LSTM(n,dropout) (32,0.2) LSTM(n,dropout) (32,0.2)
LSTM(n,dropout) (32,0.2) LSTM(n,dropout) (32,0.25) LSTM(n,dropout) (32,0.2) LSTM(n,dropout) (32,0.2)

dense 1,sigmoid dense 1,sigmoid dense 1,sigmoid dense 1,tanh

loss_function

binary_crossentropy

loss_function | binary_crossentropy

loss_function |mean squared_error

loss_function | binary_crossentropy

optimizer adam optimizer adam optimizer adam optimizer adam
epochs 30 epochs 30 epochs 30 epochs 30

loss. 0.1987 loss 0.2192 loss 0.063 loss 0.221

accuracy 0.9357 accuracy 0.9312 accuracy 0.9256 accuracy 0.9097

L

- ik

P LSTM #Al4g S Bicen s i 42 8
£ » % Embedding (500,36,50 ) LSTM ( 32, dropout=0.2)> LSTM

' 2

IR

B 25 ~ LSTM Model 2. 4z %-#ci £ i 42

WA Sl £ 1

&

(32, dropout = 0.2) » Dense (1,sigmoid) > loss function = ‘binary_crossentropy’ °

optimizer =

0.9357 -

BEFAPE-HEUDLE
FEXBlod pLa BA5F U
¥ epochs #cHi 4c § B F eh T % @ B

‘adam’ »

2L
¢

ER

LSTM Model: Training and Validation loss

FOPRE L REE T
¥

Sl &7 o HADRRE R A G

0.1987 » m Brr ¥ &

Y

- & epochs “TH e LR andp 4 2 %
< RAP R g ARR S HAF AN
PR e o

LSTM Model: Training and Validation accuracy

06 —— TFaining_Loss 0.95 —
Validation_Loss //—
0.90
05
0.85
., 04 g
8 5 080
- ¥
03 0.75 1
02 0.70
= Taining Accuracy
—_— -
01 0.65 \Validation_Accuracy
0 1 2 3 4 5 3 7 0 1 2 3 4 5 6 7

Number of epochs MNumber of epochs

] 26 ~ LSTM Model 2 4f % £ # £ % f]



4.3. g+ £ 2 =B (Bidirectional LSTM Model )
P e LSTM -7 2 Jf# - ﬁ‘ﬁ »~ & (Embedding) ~ - éi%] 1% (Dense)
22 - g S LSTM A

1# Bidirectional LSTM hyperparameters

2 vocab_size = 500 # As defined earlier

3 embeding dim = 32

4

5# Bidirectional LSTM Spam detection architecture
G model?2 = Sequentiall()

7 model?. add (Embedding (vocab_size, embeding dim, input_ length=max len))
S model?. add (Bidirectional (LSTM(36, dropout=0.2, return_sequences=True)))
9 model2. add (Dense (1, activation= sigmoid'))

10 model?. compile(loss = ’mean absolute error , optimizer = adam’, metrics=[ accuracy’ ])

11

12# Training

13 early_stop = EarlyStopping(monitor="val_ loss’, patience=2)

14 history = model?. fit(training padded, train labels, epochs=30,

15 validation data=(testing padded, test_labels),callbacks =[early_stop], verbose=2)

®] 27 ~ Bi-LSTM Model z python 42 ;% 7§

Embedding (500,16,50) Embedding (500,32,50) Embedding (500,32,50) Embedding (500,32,50)
(esteopont o (Cattogest @0.02) .y 'd:fpl:,[,) 2402) (o dropout) ©60.2)
dense (1,sigmoid) dense (1,sigmoid) dense (1,sigmoid) dense (1,sigmoid)
loss_| i binary_¢ Py loss it binary_¢ Py loss_function | binary c Py loss i binary_crossentropy
optimizer adam optimizer adam optimizer adam optimizer adam
epochs 30 epochs 30 epochs 30 epochs 30
loss 0.1871 loss 0.1633 loss 0.1791 loss 0.1319
accuracy 0.9443 accuracy 0.9564 accuracy 0.9507 accuracy 0.9636
Embedding (500,32,50) Embedding (500,32,50) Embedding (500,32,50) Embedding (500,32,50)
(mcopon | 09929 Pl L iy | 4D oropoy | 0502
dense (1,sigmoid) dense (1,sigmoid) dense (1,tanh) dense (1,relu)
loss_; i binary_e Py loss_function  mean_absolute_error loss_| 11 binary_ Py loss_ i binary_crossentropy
optimizer adam optimizer adam optimizer adam optimizer adam
epochs 30 epochs 30 epochs 30 epochs 30
loss 0.1958 loss 0.0533 loss 0.1492 loss 0.1871
accuracy 0.9492 accuracy 0.9569 accuracy 0.9558 accuracy 0.9404

) 28 ~ Bi-LSTM Model z_ 4z %-#c:d & 42

S RGFAERAR SN AR AR AR SRS BT -
& F e 4 > 5 Embedding (500,32,50) > Bi-LSTM (36, dropout = 0.2) » Dense

L

\\\?{r

(1,sigmoid ) » loss_function = ‘binary crossentropy’ » optimizer = ‘adam’ >
fcle &7 o HARIGEE A G 0.1519 0 @ FaE S 5 0.9636 -

BFAPE-HEHUNE - B epochs “THBTIREZPIFEE L 2 &
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loss

BILSTM Model: Training and Validation loss

06 = Taining_Loss
Validation_Loss

05

04

0.3

0.2 \
—_—

01

2 3 4

5 6 7

Number of epochs

accuracy

0.95

0.90

0.85

=
o
=

BILSTM Model: Training and Val

idation accuracy

—

— Taining_Accuracy

Validation_Accuracy

1 2 3 4

5 6 7

Number of epochs

] 29 ~ Bi-LSTM Model 2 4 % 22 2 7 5 [f]

44. #IPR

E3 g Dense #-3] ~ LSTM #-3] 2 2 Bi-LSTM #2315 > v i = A H0)
BT AILIS ATR R Sl £ T R AR R AT S (S
B itAg Sl & T A B AR o T AT g o 2 2 BHCASE AL S D
PR B SR Lk o @ 8 ¢ = 2 Bidirectional-LSTM #-3] ehif 7 &

mBF e
2 ZfRNA SRR BRSO
L5 Training Process FH % &IZ  H#E*#3 Improvement

=  Embedding
=  Dense

Dense =  Dropout 0.9431 0.9532 +1.01%
= Loss_function
=  Optimizer
*  Embedding
= LSTM

LSTM =  Dense 0.9243 0.9357 +1.14%
=  Loss_function
=  Optimizer
=  Embedding
= Bi-LSTM

Bi-LSTM =  Dense 0.9443 0.9636 +1.93%

=  Loss_function

= Optimizer
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