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[Abstract]

Recently, studies using deep learning to analyze a large amount of text are being actively conducted.
In particular, a pre-trained language model that applies the learning results of a large amount of text to
the analysis of a specific domain text is attracting attention. Among various pre-trained language
models, BERT(Bidirectional Encoder Representations from Transformers)-based model is the most widely
used. Recently, research to improve the performance of analysis is being conducted through further
pre-training using BERT's MLM(Masked Language Model). However, the traditional MLM has
difficulties in clearly understands the meaning of sentences containing new words such as newly coined
words. Therefore, in this study, we newly propose NTM(Newly coined words Target Masking), which
performs masking only on new words. As a result of analyzing about 700,000 movie reviews of portal
N' by applying the proposed methodology, it was confirmed that the proposed NTM showed superior

performance in terms of accuracy of sensitivity analysis compared to the existing random masking.
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I. Introduction

52 Avte 7)7]9] AHg 57H2 Qste] Holax, Eg)
B, 2]l QIAETRE 5 Thofet SNS7F &S| AREE]
AL 9t o]z Qlsll o] SNSE Eofl Aitel= Wit &
reg BAstA st 407t RS 578k glon
oloj| wa} ElAE wto]d(Text Mining)[1] 3 AF¢io] &2
(Natural Language Processing) &l 7]<of jjgh Al
£ oln ik EAE tlojdolzt Aol B,
ol 5 AAIEAZ B SAE Al2o] Ot BAS £
&5t RS FEchs gRY WS Quisty, tiaA]
Q 917 Bokzi HAE A3 U ol A
FARE F&ste B2 2383Y(Topic Modeling)[2], Tof
b Bl =42 H8W HAE F7(Tex
Augmentation)[3], YTjist &S &2 Hako g2 o5}
of MAsH= HIAE Q9K Text Summarization)[4], ElA

Eofl g7 7L Hi= 5 FUAI HEY 38, 24 5
7ol 13 AxE mloksle 74 BA(Sentiment

Analysis)[5] 5°] Qlt}. 3t Y 122 ndH HA
E HoJEE Ay TR HE & Hghshy] Y3t st o
H|d(Embedding) 7I¥[6]o] Q=] 9lony, S5 &+
o=t © 21'd(Deep Learning) 7|Ho] HIAE Qly
doj| AgL]o] L= gkst ks UrEHHL At

1:,1 a—]u 7]1:]}— HIAE oluﬂl:ég 7]<j
Atdo] Me] Fope] 5 T
53] tige] Hlole g vl2] sh&oto] 1 Autg R9E &
7fete] AARESHe AR &5 1o 2H(Pre-trained
Language Model)& &5l 1 &-8/do] AU, Al
Ao 2= Yot tlojgo] tigh AP 52 Sofl =53t

[u}

vl
¢

7FeAlE 519l wAl(Downstream Task) si2& gt &
A oA UMl 27 (Fine-tuning)she WA, & Ko
F(Transfer Learning)S =3f AP i}% AAE st

&hso

9] 2] 5120 ALg3IC). Ho] 8

_F'.-l

qm ool it
=} _Jg'k
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. % o152 94 e coleleh 93 A Al
Qsithe IS S55ten, oz <lsf BlAE FA
HololM=  ELMO(Embeddings from Language
Model)[7], BERT(Bidirectional Encoder
Representations from Transformer)[8] 5 CTHFSH APH

3H5 glo] wElg B8t Aol dhgo] o] &8&|w Qlrt

o] & HIAE FopojlA] 7h thEAQ B Fo sl
BERTL: go]20] @l thaako] EIAE Ho|g2 sk
ClolEl2 AMgSIY, 71E Rut ge sk ahksg B
o] Bo] 2SO A BT 4 A 5

of. BERT= 24 O ool 5 tefet FEl= Alsk
1 9lon], go] £4o] %49 KOBERTIOP} charet ¢
oA 71 g &1 Ity KOBERT+= SKTof|A]
BERT 7|4t sh5to] 248 9] 7jsigion, 97|mcio}
L A SolN 2% o] g st |2 13
Uit TeAE S5t eh=o] ¢lo} medojct

BERTO] #Q &S HRAIOl MLM(Masked Language
Model)}> 93 =4 Wo] © I9)(Random)& A1
7 & oA (Masking)stil o]S2 Y o}
o x3¥sic}. o]
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Sf el 57 SOl 2 %4 ojulg shyst
7] s, AP a5t o] 27 Atolo] MLMZ &85t &
7t AFA °P4Further Pre- trammg)2 X185 Hloto]
2AIE T Qlch ¥ Aol oA uleke A7} AR o
59 =24 % EAZ <Table 1>1} 2t}
Table 1. Characteristics of Further Pre-training
Purpose Domain Task
P Dependency Dependency
_ Understanding
tr:ir:in General X X
9 Vocabulary
Further Understanding
Pre- Vocabulary in 0 X
training Specific Domain
Improving
Fine- Performance of
. 0 0
tuning Downstream
Tasks

0

7k AP 8tol BERT? U5k MLMo] AHg
o], A 815 BERT 29] 3% 715412 715%] £7)
gto® AHg3Ich o o, MLME 0123 Elx] e TolS
o] ojug 5} ol23t A 8H Holo] ol £25]
qh2ol, A 3g Eh ©Jul} A mporel TojSo] opx
5 ®jo] 7}24x| 2 Alzoe} Zo] o]} ok} motelx] of
o dojSo] upaTst AgH Holo) FEo| AGECH
2ao] 2 Gojo] o]} Faks mhetls] ofzict. of
3 Qe BAoleht Aol mAE 0] MLMS
A83t ol Uehdl <Fig. 1> S AmE 4 gk
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input Sentence :

CHEEN SO FAM B FHY

Random Masking

() ME=L WBHD

Fig. 1. MASK Candidates of Traditional MLM
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o 15X MLMo| 27{3to] 29 opA7)e A 8% 7
(1) ~ (5) & & 714 Alue] @7t 2Astt, BERT= 74T
OfAS TolE ARstag 7} AluP]ee
ot g2 s Htt. & Aol = o] B (9=
B2 HEsty, YAl (1) ~ (45 vi=AIsH]
S-2 ettt dustd (1) ~ (4)9] 3% AP st
5 oju7t & mhotel HojFo] upA3 Eof 714X
0j7F A5 mofe]x] ok tolQl “EAY o] upA AT}
ol9] Fgol| ARGE|S7] wiwoll 271 AR Sl
Mo g o]Rofx|7] off7] fFoltt. £3,
gk dlofEjof] tish 3-8t a0l o]%of
A Tl 2juje] B5o] F4F ofx]
7F AP e olet el 43 Hlojeld]
ol oIxIE 97} QuHo)7] mhRof ol
S oplat 4 9t
off Kottt 2 Aok 2lolo] T el
o A5 oj2olA|A] ghe ALZOJolt U}AZS K Gat
Alzo] A ttAZI(NTM: Newly Coined Words Target
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II. Preliminaries

1. Deep Learning for Text Data
HAl2{d(Machine Learning)?] 3t £ofQl
Waish HiolHE &8st ofg] 2495
AEY 129 7 2H50 AFH 7HERlE
vejEos, 7]Ee] dubAel tjilefdof v]s
= Holi ot HAFer o 2ds ALt

Ael BAE o] ol ojo] mjete i) HojSo
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HYchs WY 7S ARESHH, tiEARl VMeRE
Word2Vec[10], FastText[11] So] £x}3tc}. &Hx|gQt, O]
S gojo] oju] A& Aol e welo] 2l
Axstoz, gaeo] HuAel ool Bug S8
et Aol Qo
2 38staA g 2fde 57 7] Qo] Blo] A
83lo] 243 1eo] ozl g o) g £
7Fe AlEA JHE(Sequence Embedding) 550
J CHEAQ BHlR = Sty aPgoA AIEAS
AE5A 02 AEsh= w2t 21737 L2091 RNN(Recurrent
Neural Network)[12]2 & 4~ 9Jc}. 3}X]9F RNNE& AJEA
o] Zop} 571845 Tl 543 Hol 5] oJulrt 58
It AR dethe IS 2=t ol2ist SIS siAst
7] 9l 2ot 71stol = Holse ojolg F45 W
& 9= L[STM(Long Short-Term Memory)[13],
GRU(Gated Recurrent Unit)[14] o] EA519A]TE o] =
EQt SHEEIA] oh2 Tot SIS A ARE 4 9l
wA|(Out Of Vocabulary)?t 7] ©&/d2 sH25HK] 25t
+ 2AE 7L .
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olgigt HIAZ siEsk] s offlid WAHYE
(Attention Mechanism)[15]0] SA6tYCE OBl OA
UE2 s PgolA 8 Ul S-a5F ©ofof] 55t
Rt 702, o5 gojel gilo] gl el ol
S FA02 Amlwo) Aeislor ¥ Aro| g
ozH o 23 79k Ao oJsio] s gt T
A7 Zlo 2 Hypda Qlok &0l A offlld
(Self-Attention)2  7|¥toz  3f=
(Transformer)[16] 2Ho] SA5191 00, o]= ES 71O
W2 siashe I BUYE g DAY 4 9
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2. Pre-trained Language Model

B 2ld daudE2 U2 o5 AR giFY st 4
olHE A= = SRS A=
AZojle Edfany 2H9] g AEsto] A
Qo] RS P& E A7 AL Qlok AR
Qlof wH> §f7|mtot, A 7]AF 5 ®High 4O
E LAl it o2 &9l &5 2Ee, A
Qo] RS 7[gtog 9 AO] to[Eo tigt ulx
e Aeloh= Aol stag Sl HlAE ol X &
ofof|Af OS- S48t A5 UERHAL ok Y= 718
o7 ste gimARl AME o o] RE¥EE BERT,
ELMO 52 & 4 9Jon, %04 % BERT= EaiAXL
Mol 93y xRS 7¥toz MLM % NSP(Next
Sentence Prediction) 8}A19] H|X| & 8k5-S A8§Et0 2
A 71E S8 o HAY e TSR
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BERTO] 81 WhAl %, MIME S) U AR £29] 15%
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sk50] o] 20jA|H, 15% % 80%= Mask EZ02 T},
10%% CHe tolz o, 2al i Lolx] 10%= HAsH]
11 ) QAjsHe AEjolA] S0l Alaisic NSP
= 85j0] £A]0] ZoJHE A4, R 84 o] ke
|55t wAlo shéo] AlagEiy 2|20 of2f
S 0| At A 81l BERTS 23t
= 2ste Ap{17,18)9t 2 Au

A7[197} o] 2o}Act
, dlole wEAR A shae
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welo] LS oS AP 9Ft we ATE[2000]
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III. The Proposed Scheme

1. Overall Research Process

2 AL 2 AT Aotshe Alzo] BA opa]
o] dejof gt "AAERI 7iES dYsin, <Fig. 2>+ A
o wp2o] 7ja s Uehdrt

Tokenizing with
Expanded Tokenizer

Tokenized Documents

brssiicd BERT FL-.lrther Pre-traml‘ng
with Target Masking

Further Pre-trained
BERT with Target
Masking

Identifying Untrained e
Newly Coined Words

Masking Target
Candidates

Fig. 2. Overview of the Proposed Methodology

< Gt tiAlS FaLstol Axolg £&
¢t 7l olE 7Ifter otA7] EPlS A17dshe Phase 1,
Je]al A7 okAr] BPIS MLMo|| A 8sto] 7t AR
5= K198 2 J=c}. Phase 13} Phase
© g9 ol& oA 7Hde] oIS Sl

2. Selection of Mask Candidates

o[t HoflX= <Fig. 2>9] Phase 12 71’9 dl& &
ol Avhgict. TR, 215 oiAl[23,2415 FaLsto] AxolE
Aok YRE Aot

S <Fig. 3>at o], 9]7]mtjolWikipedia)oflA %
2juzte] QIEHl Alxof FE5 A2t At&[23]5 A5t
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I AlolEol vt QI Al
2 2240 AolA] Gapat Al
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ol2 AMelste] oF 100749 AlxolE 2Alatgirt
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gict.
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x0],
20],

o ™

@ Kowikipedia.org/wik/ I DTS 2 OIE S A= 0] =5

< £YA7m

2| 25| Aoy

o JhgHL; 9t Tl A0 5
o F}AH]: 7424 CHH] Al2|E ok

Fig. 3. Newly Coined Words in Wikipedia

HH Oﬂ— <Fig.
ﬂﬁi Hamqo} 2 04 228 A
= %% E3l5to] 222 A|ASH & & 3387]9] Alxo]
2 AES S/ttt

T
o
my
41

ol

2019 QIM-E0] 4120 2, 10CH ESUL7IR| LE2|

Fig. 4. Newly Coined Words in Blog

Al YR E2 <Fig. 5>°F o], o]ZA AEd Ax
% BERT E=3uto]x{of oju] el
RS oAl Bl S8 2 ALREsic) giek o]g
o] /\]xo.] a]/\E 7<1H7} U}/x?l 5}4 _§_
0] APl shgo] &hgE o] oju] mefo] o]fo7l AlxolE
= opazjo] 239 4 917] molt,

Newly Coined Words BERT’s Tokenizer

!

Masking Target Candidates

Fig. 5. Masking Target Candidates Selection Method

<Fig. 5>0] AA| JAL AZ & 3& Z7} Alxo] gA
£2 Y45}0], 0|5 WolSo] 1}A7) EPAl $uE A8
t}. <Table 2>+ o]2jgt A& WAl Atz w55 sk
Sx] 9o AI%0| 2AE0] o] Liehdct,

Table 2. Untrained Newly Coined Words

2ys | 3y | Bw | €mw | us

s3 | oaz A2
Zof 9% | 3y | 9%
qes |39 | we | As | g9

<Table 2> BA|H Doj=2 ¢7|Htjo} B 2271
oA 4%t AlzRojolt, o] & 2l mAIE U, ‘2
@, 321 WK Alzo| eAEo] ExfstxIg BERT
E3jolRolx ojn] Eaelo] QoA %7} Alxo] Fr
oA Aeld dolg Uedct AlsH mAE Hojs<l
FAE, IW.BY, WY, 22n by 58
BERT EFUo|Aof] ZFER] oI 4
FHo2 ofgfal Wojso] ujAY)
Masking Target Candidates)Z ARE-

3. Further Pre-training with Target Masking
o[t1 Aol <Fig. 2>2] Phase 10]A A7gH 0pA7]
EPl $8.2 BERT &3jo|M9] A (Vocabulary)ol %
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7Fote] &7l EFuo]x|(Expanded Tokenizer)s /8 £ 7I1&9 Ao 0pA7] B2 586 Jﬂ%% Z71sfoF 5t
ofal, o5 0|7l Aol Agstof 4lx0j0] oulE Ao O, 2 Avf Alzol7t FEHA] ol FEPE B fRIE=
3 AL ez BEe Al WS AR S <Fig 6>9] it ool eI & 9y,

BERT: 4 tj SlAE0] wisls 93] BERT 3 =bg® Eauolng AMgslol Alxo} B 0jA7s
LolA AP ARSIt & AR %H EZ2 ouo]  48¥she MR <Fig. T>f . <Fig. 7>9] (A= 71E
A4 TRl mofstR e, APHo] metEA] of2 Woj=0of o UuPARl KoBERT AMY ot e UEUH, AR
ol B0z wslol nejo| ool s ek ofe]  siol el KoBERTS] 315 2RI 27t AV
g olle <Fig. 6>5 &dll AT 4 Q- Wl (B)9] 271 7heAl= AREHY <Fig. 7>9f (B)=

*P‘d stgo] ¥=d KoBERTE 53l get =odlol Ssf

- Z7} AR 1S Ak 273 Ui, Yejoe

Input Sentence : " IRt BH OftZ AH7| A/Z20/" /\}%% BAEC g} 3ol AlF| ofolct A=Al

A m: worg|  MLM Z|8F Z27F AP shaat 2] Aiob ' Eofld= Al

zo| 34 upA7)S 285, ofo Wt <Fig. 7>9] (B)oll

® BERT's Tok_enizer = ‘g BAY ) J2]ud ‘7FE =0] Alxojo]] TsliA
> R, BOH, oh Ak 8, @7 X, &, 0 o} gpAZ]o] o]2ojxIct,

® BERT's Tokenizer + Masking Target Candidates

> _TH,

I A= B AR A~ A P AR

Fig. 6. Tokenizing with Expanded Tokenizer

IV. Experiment

1. Experimental Design

<Fig. >0 A1Z0fQl ‘KR0)'S 7]EY BERT EILH 2 Aoa oA Aokt WS 4] dolel)
oz BT A9 AR, O UeolAls 1 8 pao] Mgd A I S 4fRICH e 9
Qlat 2 9lit, o BERT ETolAt ‘AIR0] Wol  af ‘N'AF @ 2% dlo]e] % 20161 294 €] 202119 1
£ el 2g02 ANIA 2ap| ThRolch ARO] Yo] 604 E9k ALY OF 709 1S 2T, 7} 2]
o} Ze Nzot BAEA 4T Pehg WA Y B VRE 1087169 AL Rojetn glon, o] &
(A) Pre-training Process (B) Further Pre-training Process
[cLs) Token 1 Token 2 Token 3 Token 4 SEP] Representation [cLs) 2w o o LB [SEP]
Pre-trained KoBERT — Further Pre-training
S with Target Masking

Y . " . s

[€LS] Token 1 Token 2 Token 3 Token 4

ISEP]

.

BERT's Tokenizer

=

Sentence. 1

Sentence. 2

nput Text

Sentence. n

[eLs] e

.

[sEP]

BERT's Tokenizer + Masking Target Candidates

=

R ZE Y w2 E A7) AF

Y A% = LU AlZHE7HR HEEE

oolnt ¥ ZFE R Bl A%

MEol: gE, B, A&

Fig. 7. Further Pre—training with Target Masking Model Process
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107, 180} sk 2l Hlole oF 129t 31
717t 32X, BAo] 7k Bojst 5 BAlo] AR5}

<1 129} 712 25 Go]E} S <Table 3>} o] 27}
AR S8 clolEieh B4 le) 24 A8 ol

LoISiT 471 A 458 Solel 39, 2 401
EI

_I
0

iy

c

oft

ﬁ\:IO

E r{m
fu

A & 87z F3E o] lon], RE 0] AlRolS &
%%}ﬂ e}, oHE M 248 HolEe 34, 848 29 7R
A F AT Tz HdEo] glo, ofs & Rk AlxolE
ZHF 2, HHA] Y2 A0l S 2olsHA] 2 2730
o 27F AP sl52 PytorchS 7|02 k= KoBERTS:
ARgsEen], e ¥4 Python 3.72 S3ll 53130

Table 3. Composition of Experimental Data

Movie Including . .
Reviews New Words Positive Negative
Further

Pre-training YES 40,000 40,000
(80,000)
Sentiment YES 10,000 10,000
Classification
(40,000) NO 10,000 10,000
=2 Ql5f <Fig.
83 Zo| & 1A BAS 1E5I%) <Fig. 89 (A)
9_%1% %54 Z7h A eae ARe] o e

4%
5 =
= SR DAL WAlo] MLM

S AFgalon, (C)e & ERolA ARtsHs wWAlel Al
£0] 57 OLABE SIS, 5 & T () 0
7 (B) 2] Wlie 27} AR Ste] AU Eols|
o

AFge BEolol, (B9} (C) BEIL AW
3 BERTOﬂ 27} AFA 849 Asst nolo|c), chab
AP 8k aPgollA] (B)

|

N

o K

SI3t Zoju], (B) Bt (C) 2] vl 57} AR 3
& S P19 0R2200 v A YA Aol 3
A opazjo] Ueis ang =elsh] 913t Zlolt.

‘ BERT ‘ ‘ BERT ‘ ‘ BERT ‘

] l I

Further Pre-trained BERT
with Random Masking

Further Pre-trained BERT

‘ Pre-trained BERT ‘ with Target Masking

‘ Base Model (A) ‘ ‘ Random MLM Model (8)

‘ Proposed Model (€) ‘

Fig. 8. Three Models for Performance Comparison

2. Experimental Results
2 HoAE <Fig. 8ol &3 Al 717] ¢lo] Rl
S 944 Wkl el 7 Ao R Atgsiol

el
WY RS 2 ATE ek SR0|A BlEIA). o]
£ 9J3]) <Table 39| tole] 5 24 £4§ clole] 4zt

—_

718 60%, 20%, 20%= o] 7172t §-(Train), A%

(Validation), H|AE(Test) 802 Al83lgon 744 &
Aol Kim CNN[25] RS A}&sigich

Train : 60%
Valid : 20%
Test : 20%

| l ]

Based Model (A)

Review Data for
Sentiment

Classification
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