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Abstract

Text classification has been studied for a long time in the Natural Language Processing field. In

this paper, we propose an article—

and paragraph-level

genre classification system using

Word2Vec-based LSTM, GRU, and CNN models for large-scale English corpora. Both article- and
paragraph-level classification performed best in accuracy with LSTM, which was followed by GRU

and CNN in accuracy performance. Thus,

it is to be confirmed that in evaluating the classification

performance of LSTM, GRU, and CNN, the word sequential information for articles is better than the

word feature extraction for paragraphs when the pre-trained Word2Vec-based word embeddings are

used in both deep learning-based article- and paragraph-level classification tasks.

» Keyword: Genre Classification, Deep Learning, Word2Vec, Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), Convolutional Neural Networks (CNN), Word embedding
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2. Long Short-Term Memory (LSTM)
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1. The Outline of the Deep Learning—based Genre
Classification System

Z|1ARE st o] BHER YA, B St o]
FEZ TAE T2 3 olde] dejR ?‘*EE} 7ol
Al ol ol Zash A ARE ¥ wEka 714k}
S HALER A9l Academic, Fiction, Magazine,
S 2R A oS5she Held 7k B AR
GAZ e

Mo of r—{n

Newspaper &
a9 13} 2ol A= B 5 WSk A2 oF

Genre Classification Training Phase
Article and

Prepi
- icle | Preprocessing Article and Paragraph|
Article and Genre Tagged fpenre of AI’(ICIQ. Step of Model ol
Article Database Training Word2vecbased | |2ning Step
Vector of Word

Learned Deep
Word2vec based Vector of Word || earning Model

'
'

Genre Prediction
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Fig. 1. Deep Learning—based Classification System
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2. The Preprocessing of Model Training
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Fig. 2. The Preprocessing of Model Training
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Fig. 4. LSTM Model
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4. The Preprocessing of Genre Selection
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o 9JHste] 18 83} o] A=E MEltt Input Genre
Selection SentenceolA+= A Ag]¥ A= H2E F4& ¢

23} g0l 7k JPkel AIAE '3} F1Ae] argAl
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1

g3t} Input Word Dictionaryoll A= Bd ko] A A 3 <p>E Rt
oA e dof ARdE YEgit
Table 1. Number of Articles and Paragraphs in COCA
tep —— Genre Article Paragraph
Sentence
Fiction 19,276 915,000
Input(;z:::nsceelection — Input Word Dictionary | Length Correction = Magazine 53,198 654,600
Newspaper 57,037 2,471,500
¥

Deep Learning based
Genre Selection

Avrticle or Paragraph
Genre Selection

Fig. 8. Genre Selection
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V. Experiment

1. Data

340 o] 2
HAER ? 3
Academic, Fiction, Magazine, Newspaper, Spoken® -
o 199048 2017d7b4 wideich 2F =i e 30 g
EZ g3
H N—quﬂ/q
A& o,

199056 2012147141 9] 81 ~E ©lelEl&
Y] 7}%] ZZ Academic, Fiction, Magazine,
Newspaperg AMgstqlch ARES Wl 7k Z2<} i
Spoken HE2% WEHA] HAEoly] wlio] AREsA] gt
1990\ HE] 201297k4]9] 7t Ao
paragraph® 4= 13 2t}

N 5ly)

funt S ul

article 2

Table 2. COCA Database Sample

##4000161 Section :
##4000162 Section :
##4000163 Section :
##4120083 Purpose :
##4120084 Purpose :
##4120085 Purpose :

Life and Letters <p> | don't remember--
Life and Letters <p> The prince of wales---
Life and Letters <p> In the house of--

To review the contribution of recent:-
In this study, the authors used cued-*
In this study, the authors investigated---

Al E COCA BEAE ddah Alold 422 #
Sapl @ste] £F 454 HlolEs B2 5§ HaE b
oVt A, 14 10w 2 ol A8 A

= %2 Fiction®] &
3-4 Z1AF A % —rH 90%

2. Hardware and Software Configuration
Aol A AREgE st=dol= & 37 2 Hed BY g
NS @E537] 98l ARESSE GPUQ ARES NVIDA GTX

1080& A3t CPUE i5-2500K|™, Memory: 32G
2 A8t HDDE 256G SSDE ARkt
Table 3. Hardware Configuration
Name Version
GPU NVIDA GTX 1080
CPU i5—-2500K
Memory 32G
HDD 256G SSD

Ao ARG AZEY s % 49} 2t} python 718k
L2 AE NPS Y8 python /¢ E7191 PyCharme o]-&-3}
At Aodo] A2 7 (Natural Language Toolkit)9! NLTK
gtol B g & o]&ste] ] 25 BA8lth Word2Vec
HEL GensimE ©]§3l3ith TensorFlows ©]83t H
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3ok w@of 2ke] wgky o] AAE Ao
7] 93] T-SNEES AM2313iT)
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Table 4. Software Configuration

Name Version Role Class
P )
ri(r)]tgera:r;trgljng Integrated
PyCharm 2018.1.2 g development
development .
. environment
environment
Natural | )
NLTK 3.25 atural language Library
processing library
) f
Gensim 3.4.0 Open source. or Open source
word expression
D | i
TensorFlow 1.10.0 eep fearning Open source
open source
T-SNE 0.19.2 Data visualization Open source

3. The Preprocessing of Model Training

2 HoME 7|4 B w1 9 E F2E BERshe g
2el 35 Ao g A Ay AdE 7)esch

Article List and Article Tagging List Generation®l] 4
COCA gl & 7IAHE 713 “H'E 7152 —Zr%s}
om, “Section”, “INTRODUCTION”, “ABSTRACT” %
Ze B4 dol5s 7IAblA AASI T

F 5% 2ol FET TS BE VA HrES} 7
o F25 Foig g4 Y2EE AU

_L ;R rle

12t 714

Table 5. Article and Article Tagging List

Table 6. Paragraph and Paragraph Tagging List

Paragraph List

[Life and Letters]

[1 don't remember hearing -+ was something | had to absorb.]

[In the 1960s, particularly the -+ to the urgencies of
repentance. ]
[I think what made the difference - that would bring

redemption.]

Paragraph Tagging List

[academic
[academic
[academic
[academic

Article List

[Life and Letters <p> | don‘t remember hearing -]
[Life and Letters <p> The prince of wales, in his -]
[Life and Letters <p> In the house of literature -]

[To review the contribution of recent studies on -]
[In this study, the authors used cued shadowing -]
[In this study, the authors investigated sentence:--]

Article Tagging List

[academic]
[academic]
[academic]

[academic]
[academic]
[academic]

il gElA G225 25t 4§ Paragraph List and
Paragraph Tagging List Generation °|4 ¢ FA] 7135 “<p>"&
7|1Eo 7 s 3531900k & 69 oA %34 FET B
oF 217} Fdell= A9 7] B ARE o]8ste] %

Atk o E Eol, 7IAFE ofe] e Eo R l"ﬁc%‘&% 735 “Life
and Letters” 9} 7¥o] A| dol2 7AE Fehs 28 4=

Sentence List and Sentence Tagging List Settingol|A &
A= wlolE7t 7IARl A £ Y AE 2 B ZRES V)
A EI2E 2 V)AL e Bl2ER AAgdnt fE dlolErt &
W AE T H2E 2 B g2ES Bd grE 4§

o B 2l aER dAsgit

Noun and Proper Noun Extraction®l 4+ nitk o] H.&]
o] Feia AEE pos_ tagE o]-g3ste] FAZF NN, NNS,
NNP, Z18]3 NNPSSl ©h S FE] HAF 2 ARHAE
7lRto 7 23 g AES xgzﬂa]. Tt

T 7R A At esd T gAES) 8 gAE
T 3R 79 oA 9t 2.

Table 7. Sentence and Tagging List

Paragraph Standard Sentence List

[life, letters]

[phrase, guilt, impression, guilt, blacks, -]
[absorption, cowardice, lines, power, plates, earth, -]
[difference, fifties, sixties, guilt, fail, turmoil, rights, -]

Paragraph Standard Tagging List

[academic
[academic
[academic
[academic

Learning List Savingol A+ &%
~EE Z9A 7IAke T 992 8y g

—==

=3 Zj_]o]# B2 o] E3HE

.—E

ok 2 @@ﬂHE el mele] o ]0137} 7141
% ¥ ol 7H‘I“EE]'

N r.{n
o
i)
-
rlr
>
o
o
offt
:?1:1'
R

>
é
N
>~
el
é
ﬂi"-‘

Word Dictionary Generation®l| A& &< 2| AEdA 25
ZdsHA G dolg WESF TFEoR HA IR AAEA
AAG o, 1035]0] ZHA Word2Vec EH9| AP 355 &
3 ol /‘}ﬂg Adsksith 7F wol= 300709 A4 HEH =
lookup Hlo]ES T3S AASI3T. Padding and Unk
Addition®ll A= %01 AFAd] padding® unkS F71dloem 3
2 WEE 002 AT
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Table 8. Maximum and Minimum Sequence Length in Article—

and Paragraph—based Sentence List

Minimum Maximum
Genre Sequence Sequence
length length
Academic 24 20,893
Fiction 6 33,199
Article
Magazine 17 25,896
Newspaper 16 23,854
Academic 1 12,030
Fiction 1 33,199
Paragraph
Magazine 1 21,403
Newspaper 1 5,104

Word Dictionary SavingolA4 #73F do] Abde] AL
¥ 97 Zrh wo] ARHE F 45037709 dojg2 FAEH, Z+
Tolo] S 300 kel dAgHE R AAEdrh. ARt
One-hot-encoding® o] WHE H43t 79 45037219

ojak W} 7} AT

Table 9. Preprocessing of Model Training

Index Word Vector

0 pad [0, 0, --,0, 0]

1 unk [0, 0, ---,0, 0]

2 time [-0.5823, 0.4852, -+, -0.6662,-0.3512]
21,315 melton [-0.0283, -0.0573, -+, —0.0239, —0.0290]
21,316 renteria [-0.0052, —0.0436, ---,—0.01754, —0.0162]
21,317 armour [-0.0144, -0.0296, ---,—0.0556, —0.0415]
7k 4= do] zke] Ful Ang 9lsin) 9is) A4 o
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4. Deep Learning Model-based Genre Classification
Training
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)78 One-hot-encoding W21 & Academic 2+ [1, 0,
0, 0], Fiction 2% [0, 1, 0, 0], Magazine¥2+% [0, 0, 1,
0], Newspaperd2+% [0, 0, 0, 112 HA A

analysis

—0.50 1
—0.55 1
—0.60 1
results
~0.65 4 "%'é"ﬁﬁ‘n%ﬁ'&e

4 nature
—0.70 differences

college
effect

=0.75 4

—0.80 1

-0.9 -0.8 -0.7 —0.6 —0.5 —0.4 -0.3

(a) Academic

—0.90 -
name

—0.92 4
water

—0.94
someone

irl
—0.96 g
woman

man
—0.98

hafiB9Y
—1.00
T T T T T T
—0.1 0.0 0.1 0.2 0.3 0.4
(b) Fiction
war
—0.97 1
government
—0.98 4
Whdsident
company
men
—0.99 1
money
B one
usiness
~1.00 night
-1.01 4
-0.2 =01 0.0 0.1 0.2
(c) Magazine
1.014
1.00 4 officials dejgiitment
0.99 4
0.98 diite
government
years
0971 center
0.96 1
0.95

T T T T T T
-0.25 -0.20 -0.15 -0.10 -0.05 0.00 0.05 0.10

(d) Newspaper

Fig. 9. Word2Vec Visualization using T-SNE
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Deep Learning based Genre Classification Training®i|A]
LSTM Edl3} GRU B¢ 18321 CNN Edo] A}-g-3F vlg}u|g
52 3% 10-113% 2tk vl 7] Z2E 575171 "ol Num
Classes T&}uHE 42 AA3}tE. Num Layers, Hidden
Dim, Dropout Keep Probability, Learning Rate, Batch Size
b e LSTM 29¥) GRU Zdol o Fd81A A4akat)

B AeIHE HHe) B4 Aol AR s 4 o]
2 g A4shar LSTM 293 GRU 299 8¢5 At}
B2 % Ase FAsh
Table 10. Parameters of LSTM and GRU

Parameter LSTM Value GRU Value
Num Classes 4 4
Num Layers 2 2
Hidden Dim 128 128
Drop Keep Probability 0.8 0.8
Learning Rate 0.001 0.001
Batch Size 256 256
Table 11. Parameters of CNN
Parameter Value
Num Classes 4
Num Filters 256
Kernel Size 5
Drop Keep Probability 0.5
Learning Rate 0.001
Batch Size 256
71kl gk F2E e sl 9Y 2 dolE 600w
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2 Hl dist 855 dlojE9) A% dlolHe &4 Wshe
RAERT} epocho] 1~5 H8eh=

71pel
3 113} 2t} CNNEdo] T

Loss Value

a3 1291444

415

LSTM =&} GRU
I CNN 2de ok 9999] 8k dolgle] AITE
weke] g2 gl g &

Lj_\:ﬂg]

dolgle] &4 Wil 2 AL

GRU

Accuracy

Fig.

e

Loss Val

27V A G40, O e

epoch 11 §-§ £2l0]
LSTM =€} GRU 0.02¢
GRU =919] &4o] LSTM R&u ) wa] 8315t}

(=R =] KX ok

FAE zde

rrrrrrrr LSTM Model Training LSTM Model Validation

-- GRU Model Training ———~- GRU Model Validation

CNN Model Training CNN Model Validation

Fig. 11. Loss Change In Classifying Articles,

o
o
=
)

=
AR, %

o o 1o

=1
R
AE
2

n

85%°]
B3
2 Wak= 18 139 2ok CNN
101} epoche] X sh= &
gl O}Oﬂﬁ} LSTM

J KR

=T

sk Holele) Asker) ok

|

N

£22L (o +HEHS A=

jﬁo

H 4
B

o
E%]T: '1):/%:']_0]

100.00% B

55.00%

50.00%
1 6 1 16 21 26 31 36 41 46

Epoch

———————— LSTM Model Training - ---- LSTM Model Validation

fffff ‘GRU Model Training ———~- GRU Model Validation

,,,,,,,,,,,,,, CNN Model Training CNN Model Validation

12. Model Training Accuracy and Validation Accuracy
Change In Classifying paragraphs,

31 36 41 46

""""" LSTM Model Training  ------ LSTM Model Validation

—————— GRU Model Training - - - - GRU Model Validation

CNN Model Training CNN Model Validation

Fig. 13. Loss Change In Classifying Paragraphs,



A Deeping Learning—-based Article- and Paragraph-level Classification 39

5. Preprocessing for Genre Selection in Genre
Prediction
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6. Deep Learning Model-based Genre Selection
in Genre Prediction
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Table 12. Training Accuracy, Validation Accuracy, and Genre
Test Accuracy in the Articles Experiment

Sequence Model Model Genre Test
g Model Training Validation
length Accuracy
Accuracy Accuracy

LSTM 99.49% 99.56% 74.18%

30 GRU 99.38% 99.58% 73.43%

CNN 99.94% 99.96% 71.11%

LSTM 99.44% 99.74% 74.47%

40 GRU 99.43% 99.61% 74.90%

CNN 98.26% 99.67% 73.11%

LSTM 99.33% 99.38% 77.43%

50 GRU 99.20% 99.56% 76.19%

CNN 99.97% 99.99% 75.01%

LSTM 99.37% 99.31% 78.28%

60 GRU 99.30% 99.22% 78.24%

CNN 99.97% 99.97% 76.12%
T OHA, T 99R 2SR sk el 21
& TSR Wol 58 FreR el 7 P BRHg
Rk mAe GFS BAT. Aol dof 5
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V. Conclusions
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Table 13. Training Accuracy, Validation Accuracy and Genre
Test Accuracy in the Paragraphs Experiment

SIS Model Model
length " o Genre Test
Model Training Validation
(Eizguence Accurac Accurac SRS
length Section) Y y
LSTM 82.99% 82.22% 64.56%
31 ) ) )
(31-40) GRU 83.24% 83.49% 64.34%
CNN 97.80% 96.45% 61.11%
LSTM 84.92% 83.92% 67.00%
41 ) ) )
(41-50) GRU 85.09% 85.08% 64.96%
CNN 99.99% 99.98% 64.02%
LSTM 74.60% 75.30% 64.30%
51 ) ) )
(51-60) GRU 74.93% 76.00% 63.90%
CNN 92.34% 89.35% 62.20%
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