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[Abstract]

Recently, various methods of text embedding using deep learning algorithms have been proposed.

Especially, the way of using pre-trained language model which uses tremendous amount of text data in

training is mainly applied for embedding new text data. However, traditional pre-trained language model

has some limitations that it is hard to understand unique context of new

text data when the text has

too many tokens. In this paper, we propose self-supervised learning-based fine tuning method for

pre-trained language model to infer vectors of long-text. Also, we applied

our method to news articles

and classified them into categories and compared classification accuracy with traditional models. As a

result, it was confirmed that the vector generated by the proposed model more accurately expresses the

inherent characteristics of the document than the vectors generated by the traditional models.

» Key words: Deep Learning, Document Embedding, Pre-Trained Language

Model, Self-Supervised Learning,

Text Mining
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I. Introduction
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71RIe}, ol2jst Z71Alol
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0|4 2% (Fine-Tuning)

Transformer), XLNet(Extra Long Network) £o0] 910

olgfil s, AMA a5 LEE Fe £ 1 Auto of  oi[5-7], of2fst AN &5 <lo] wHof| o5 nlNl 2
st 0)N] AL 48)5H= AdbAlQl B a8 EEo] Al 488st  RoBERTa(Robustly  Optimized — BERT)Q}
0] &F(Transfer Learning)oletal &A=t} Ho] &k ALBERT(A Lite BERT), DistilBERT(Distilled BERT) &
of ge AVH st mElo] o ofd Amese] WAlel o] o] AFSECHs-10]. SIXITH APH sk olo] melo]
g g Bad S8e coltol 20} 4ol 6% FEE ARl ABel U e HAL) Bel
X1e] EAo] gt sl ke ARIsIgon, ool wlet  AE Fs| BRI Tetk AL, s HAEY] 1
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Fig. 1. Limitations of Traditional BERT-base Document Embedding
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II. Related Research

1. Pre-Trained Language Models and its
Fine-Tuned Model
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2. Self-Supervised Learning with Text Data
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3. Evaluation of Embedding Models
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of S| deggick. Mot YHEol MANQ WYL <Fig
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2. Document Parsing and Tailoring
th2-02 <Fig. 2>9] BERT A& E3UO[XE AHERH
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Deep learning also known as deep structured learning or differential
programming is

- and symbolic, while the biological brain of mest living organisms is dynamic

and analog”
deep learn _ing also know n
as deep structure _ed learn _ing
or different i _al programming is
and symbol _ic while the biologic
_al brain of most live _ing
organism _s is dynamic and analog
Fig. 3. Example of Document Parsing
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3. Segment Inference and Stack Generation
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Fig. 2] (2] 3t (A 4)
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1

r2 oX 8 r oX

geh ¥E2 &ItHFig. b).
scgment 1| 0430 | 0514 | 0048 | | 0372 | o386 | 0251 |
Segment 2 | 0.395 l 0492 | 0.544 ‘ ‘ 0.114 | 0.024 ‘ 0.534 |
segment N-1 [ 0188 | 0098 | 0225 | [ o714 [ 0239 [ 0989 |
Segment N | 0.008 l 0616 I 0.894 ‘ ‘ 0614 | 0.581 ‘ 0.801 |
Dim1 | Dim2 | Dim3 Dim 766 | Dim 767 | Dim 768
0430 | 0514 | 0048 0372 | 0386 | 0251
0395 0492 0.544 0114 0.024 0.534
Sequence
Matrix
0188 | 0098 | 0225 o714 | 0239 | 0989
0008 | 0616 | 08%4 014 | 0381 | 0801

Fig. 5. Example of Sequence Matrix Generation
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deep learn _ing also know n 4' FIne_TunIng WIth AUtoenCOder
as deep structure _ed learn ing U}\Kl 2}% <Flg 2>9] U}Kl al . = O] (E‘:}.—Zﬂ 5 Oﬂ 6‘HE61-
or different i _al progr is _ N
Tokenized 6}‘;‘ E}X<] s é‘ E?_]_i[‘:] = EOH U]}\‘ﬂ X(‘)]% _/F.O(])q O}J_L
T AR BAY WELE FE0E WL At B
and symbol _ic while the biologic
7S L o =il = o] A
_al brain of most live _ing ‘L} J 01]}\1 }\1 E-] EE‘O}7] "’] OH Zx}ﬂi q‘ (-)]
organism s is dynamic and analog = _]E./\‘]J] ]\]?:] A oHEﬂ O 513_%0] I ]::] EE‘]J] OI:] E_:" EﬂO]E1
@ oF =4 flolHz FAlol 2Asto] staS ARt
Segment | deep learn _ing also know n a deep struture
Segment 2 o learn _ing o different i | programming is : s 037203t o251 0430|0514 00tg| . |0372[0386 0251
‘”': & U 01140024 05341 0395 0492|0544
Encoder B“:;;::Ck Decoder ‘
Segment N-1| and symbol e while the biologic a brain of : 740239 0589 018800380225 ﬂﬂd;m 0%
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Sequence Matrix @ Sequence Matrix
Fig. 4. Example of Document Tailing Caont) Latent Document Vector Clasget)

Fig. 6. Example of Autoencoder Training
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IV. Experiment

1. Experiment Overview
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2. Parsing and Tailoring News Articles

2, 12,000719] 354 7]AFS BERT EJUoIXE A85H
o:] ﬁ]r/\lé} 11:,] o]% %%l _|?|L7:l° 71—L }\]_VEHE K]o]—i
B AnS ARSI <Table 1> 19]9] IT A 7AIE
BERT E3Ujo|xg A1g5}0] n}y 6& &l cfelot, sy
7|Ab= & 1,6588719] EZog 1A

Table 1. Example of Tokenized Article

Sequence |  Token Sequence |  Token
1 i PC !
2 L AEe 1584 7470
3 i Hdk 1585 et
4 | Moz 1586 3
5 | AR 1587 ES
6 L ste 1588 oI
0%, B2 U9E BHE FA TSI £2 4
2 7 AlagESY) Aoz Alpsigon, ¥ Ay
ofd wdlo] A= NIHE tjgt 2 FE5| 5T

2 Q= NOHE © EF 25 2509 Jojo] groz
47J519dt. <Table 2>+= <Table 1>9] 7|AFS & 7719
NAmE=Z Fet 2nE HolErh

Table 2. Example of Standardized Segment

Segment 1 Segment 2 Segment 7
Seq. : Token Seq. : Token | - Seq. : Token
1 | PC 251 | HE —
2 : AlZE2 252 : o|Ck 1587 : e
3 : At 253 : 17 1588 : ULk
| | 1589 | NO—Op
249 | ofg2 | 499 | mjeo| | =
250 ' & 500 ! FH 1750 ! No-Op

<Table 2> 1588719 E2& H{3H w2 7IALE
77} 250709 EZo 2 Jdd 7719 MIHER BEsh
2115 BojEt 3hH, BERTE AM8sto] WE S £&6}
7] HoliMe ¥ AT BE FUst e EES
B35k Qlojof shy, 2 AFoA = ol Hall /A 7
AR} ORA|EF Al ZHE 9] URE No-Op(No-Operation)
EZ0o2 sgsto] BERT URo|A 12 ElAE0 digh
T WZ mofeh= Aibol ARESHA] ot AASIglH o

of w2}t <Table 2>9)4 Segment 79] Sequence 1,589
Bejo] 22 "No-Op’ Zhol 2ok

3. Sequence Matrix Generation

Ch2.0 2 BERTZS ARgslo] B8 Al LEOH o
EjS £2011 ol CHA] 24 ©9l2 Wilsiol,
WP, 5 HINE Ak EF ATS avfch

z

\>_|

Table 3. Example of Sequence Matrix

Dim1 Dim 2 Dim 3 Dim Dim Dim

766 767 768
-0.050 -0.060 -0.558 0.037 0.015 -0.043
-0.046  -0.039  -0.602 0.002 -0.009 0.012
0.011 -0.054  -0.554 0.059 -0.045 0.018
-0.003  -0.062  -0.505 0.008 -0.048 0.004
-0.053  -0.061  -0.671 -0.016  -0.034  -0.033
-0.061  -0.040 -0617 0.032 0.001 -0.051
0.064 0.052 0.057 0.069 -0.012 0.037

<Table 3>& BERTE A}&s}o] <Table 2>9] 77] &
o A2RES] thSEl: 2 A IHUE WEIS 2SI,
0|2 =X} Aol wat & ulsko g Ao} AIAIEH A]HA

o

oS
8921 LehdCH 7+ §]JHEX BERTS Edf 7684+Y

o] ez U=, o]F Aot & Z]Atol| Tieh 7 X
7689] AlEA o] EEHASS HIT & Sl

4. Fine-Tuning and Performance Evaluation
YoM = AN =& Al A FFo] TRt o] 2%
231} 7t fra 7INe) 24 WElS £5510, 7)E
A AHY wte] vlm e Ea) Aot WHEe] 45e
St Auts AVNRI. s vl A AR Z2A
<Fig. 7>1} 7ttt

> Mz Mo rulo

rr oz

e
\-u______—____/
News Articles
‘-.1_________/

Proposed BERT Inference doc2vec
Method (A) &LSTM (B) Modeling (C)
Fine-Tuned Fine-Tuned .

Vector Vector ArHCIENELIOr

Article Category Classification

s | . e

I‘ Classification D Classification D Classification

Accuracy Accuracy Accuracy
(A-A,A5A) (8) ()

Fig. 7. Overall Process of Performance Evaluation

Fig. 0] (A FHYPHES 53] £EF 24 W]
£ lete BAoIc). FAR O 9 ElAE J|3t 0l
FAS 43slo] A JIAlo] o T WElS £591T,
o2 Agslol 2 TNl FlE DS BRI T 2R

2t ¢ (Classification Accuracy)s 43It} <Fig. 7>9]
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g2t EQIAY YR AASS 27 (A) 8
, Az) T T Uﬂial (As) S Al
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2 10,8007t 71| a18] o]&8 1,2007102 &
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AsHAl AAstATt. &5 7182 (A), (B), (C) Al 7HA]
oo 2= =514 A ZHAE(Random Forest)S
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Table 4. Accuracy Comparison

(A) Proposed Method
(A3)
(A1) (A2)
; AutoEnc | B) BERT (&)}
#Oim | AutoEnc | AutoEnc oder +LSTM | doc2vec
oder oder WithCNN
withCNN | withRNN +RNN
786 74.17% 72.08% 74.83% | 60.08% | 62.00%
100 72.25% 70.83% 72.75% | 58.25% | 60.00%
&
(A Autofncoder ' '
wikth o fM‘”":de [A,) AutoEmcoder
“NNF;;’I”M'I R:;:‘B(?SNIMJ o e 1] doctvec
[ I
(A) Proposed Method ‘

Fig. 8. Accuracy Comparison (#Dim = 768)

Accuracy
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{A) AutoEncoder

with CNN {4,) AutoEncoder ' l

with {8} AutoEncoder
with CNN + {B] BERT + LSTM

RNN{BILSTM)

RNN{BILSTM) (€] doc2wec

(A) Proposed Method

Fig. 9. Accuracy Comparison (#Dim = 100)

<Fig. 8>} <Fig. 9>0flA Aot BFHEQ Ay, Ay,
A0l 2R AUt 71EY A dud
BERT+LSTMoJUY} doc2vecof H|5f 435t & Aste
= UEES =l & Aot 59] A BEE9] Al 7t
A 78 5 QERINY YR dAF5 o= g A48T
1 28k AEYS 25 83t (Ay) BE9] 2R/ ALdw
7} 7687FQ0] 749 oF 74.83%, 100&}Qo] Ao oF
72.75% 2 B2 Rt} 71AF =7 UepdT) &1y 20
Hols 27 Bgeo] 3 T2 I AUAAILL 768
RIS AFESE 9ol BF ket 1007H9S ARES
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V. Conclusions
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