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Improving Korean Emotion Classification via
Colloquial-Adaptive Pretraining

Junghoon Lee + Donghwa Kim * Youngbin Ro * Pilsung Kang
School of Industrial Management Engineering, Korea University

Language models (LMs) pretrained on a large text corpus and fine-tuned on a task data have a remarkable performance
for document classification task. Recently, an adaptive pretraining method that re-pretrains the pretrained LMs using
an additional dataset in the same domain with the given task to make up the domain discrepancy has reported
significant performance improvements. However, current adaptive pretraining methods only focus on the domain
gap between pretraining data and fine-tuning data. The writing style is also different because the pretraining data,
e.g., Wikipedia, is written in a literary style, but the task data, e.g., customer review, is usually written in a colloquial
style. In this work, we propose a colloquial-adaptive pretraining method that re-pretrains the pretrained LM with
informal sentences to generalize the LM to colloquial style. We verify the proposed method based on multi-emotion
classification datasets. The experimental results show that the proposed method yields improved classification
performance on both low- and high-resource data.
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LA & (document classification)= 33 5 4174 ¥{Convolutional Neural

Network, CNN)3} <=3+41 74 W(Recurrent Neural Network, RNN)
7+ B2 (sentiment analysis)& AFEHo] 2Hd 8 bl 2E7Loj!l = & 0] 88 A =855 (supervised learning) Y o] & A8 o]
AL 7k QJER, & FAA HAQUR| 5o FYRAE 7 THZhanget al, 2015; Zhouet al., 2016). H ol & #l o] &o] A3t
She A8 B2 02 sl AdoiA gl 9] Bofolth(Li, 2012). 7 A ¥ ] T4 E o83 o] 2(language model) S AHH
A BA e T EYE, Ho| 2R} e SNS7F A sl nh  SHF(pretraining) 3 F &A1 7 Bl 0] B] & H| 4] 27 (fine- tuning)
g} AH| RSO A E 37 58 AH o8 T AEE A A & FH8E o] S<F(transfer learning) B4 0] & A 5& Ko
0|2 E&f AAEL A Fol th3F AnAEL HHS-S A4S o 1L ) TH(Howard and Ruder, 2018; Peters ef al., 2018). EFH 32 H
5 5 AkS FYskE o) o] 83 Agarwal eral, 2011). 3 (Transformer) T-Z(Vaswani et al., 2017) ©]&3 Ao B2l
ol P E &£ FE 57} 22 7H4 (Emotion)ol] ths) Bl~E  BERT(Devlin et al., 2018) = 832 B $17]9] |0} =M E
2 2435t = U3 24 B F(multi-emotion classification)oll o} 083 AP Shg& Fo B F-& Fo] 3k H5S 7| 53T
g A7 &g o] Fo A AL Qi TH(Kant ef al., 2018). S EAZ AR Sk 2 e 2 = SKToll A 753 KoBERTH

oA 7 B S ot A BR pe B B IAAEAAT Yol 753 KorBERT 2-& o] ZA)3i).
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Ao 3/ (generalized language representation)< Z¥al QAT
ml A 27 of] AHE-E = Y] o] Bl ©] Sl ) (domain)°l| Th i A]
= AHE S5HA 2 A7 EART o E S0l A &
9 dof mellof 7Hg 4 3£ S5st] 218l Bt thgk
-4 2 74 g volHE vA 28 53 o] AL S
A A o] meo] Ysto] thh A S Wol S5 %S
A o =il e sl Tl el 2AA F(underfit-
ting) ¥ = = ATk ol & @3] Hlal mlAl A vlolE %
FY3 =Ml &3k TAE o] 83l AR S5 ol 2E
o F7t=2 A St Fste 48 A <5 (adaptive pre-
training) ‘4] o] ARk of oS}, F3} A F 2l T =WIS
Zte HYdolA E& H5E ol 53 th(Beltagy ef al., 2019;
Gururangan et al., 2020; Lee et al., 2020). 12 2-§- A &<5
& T2 A shg3 oA 240 AHE-H = HlolE Erel 1t
Aol & B ekst7] Sl A 2]go] o] Foj 5 om F HlolE] 71
A ] zpolo thgt A= FE Ao] fle AA otk

gz =ME AR AR sheso} 370€ BERTER S 2
FE 32 79Tl TAY 2 7IAE o] &3 A S
HAUk o2 TAEE BT Trle ARE E9keta
A= AR o] Yot thiE FolA = 2 o] k= HAA
o] ZAt}. 1yt A 4 £ 2 7 Sl AHEH
© U= T2 AHA7F A3 $7)u 1A 2 A<l QIEYl
ANE, F& Q2N T2 TARE AeHol itk wehA
A2 A3 B4 9152 A 8459 BERTE 7014 &
Aol thal F23F kg0l o] FolA|A| gka Aol Holghs
o] 37t vlu A AA Yepd Zloltt o] & s Ast] 9feiA
© 7oA HolHRkE w33 A2 o] RdE sG]
o] tigto] & & YUt} T2} o= & G4t Aol B astE
2 A Ao g 2o 220y A AFAAE A8 EVbs
Sk wQtol k. HhH o]n] HjxH o] B& BHof ghA| F7}

¢

A7 AL A A AUCZE Ptk Heby &
QTFE ofo] 2L R EolAl WOlHZ A SE

BERT7} 7oA HloJE ol thej A= Lxtdhed o Q=5 o
A FAE o] &al F7IE A S5 st FolA S
A 85 (colloquial-adaptive pretraining)S A9+l o] & &
3 7|E Ao R s 28 T Iws Bk

B A7 Ad dFE0] dolH | Erlel 23-& %
G A Ssg AT A gy BA 2HE 9 AE
AP Stss At wekA T dlo] BEARE FATE
ARG HlolE & oAl st FojA S o] Zdo
SFAZ T 2A G G| vlejA drhvg s
AN T JeA ARE T ol F Al FAAE 2t
3l 9 2 EE o} ZE|Alold 92E F 13t S ¢ A8
&(web crawling)3te] $h=ro] BERT o =@lo] tisl] 28 Al
A &S £3589 1 3 BERT dolRdS o 744 &
T dlelg Al wA 24 sk WA oE AQk Y
A8k g o5 24 &7 volHAlS 3 E SNSA|
2 9 22 HEES ¢H XY Aoz BRst= A

5ol 4 EF AT T 343

EHOR 5] 57 v
e oAl B4

5} FolA] BAE 3
mdlo] FolAl 4¢ AA G
A BAZ A AR 52 5

ERASS HolE

wge] T4 e 20 WA A 240l 4 24 2413
Y 7, 123 23 AR Sl 0l M8 AT A7)

ol X

o] e A B 445} 1o 4
AQKE ol 23 3458 AR5 A 454 $AD B
Al A

WY RS FE Y R oA S U F R
LR S EREREE R ECEE e DEEE
A 71 TS £7E S % Bk 2ol thal 35

2 55 1l go] 27 whiel 24 R4l A

[

ot
lg 5

TEHAT FEA 02 G35} 247 AF] EQI IMDBY| 93}
HH(Pang and Lee, 2005; Socher et al., 2013), 1] =-2] |t} 214
&) ALo] EQ1 Amazon?] A% 2] H(Ni etal., 2019), 18] 3 1] =-2]
A1 A Ao E Yelpo] ¥l 2E & 2] 77} Tt o] 23 vl o] E]
AEE A7} A F §lo] AHrEAl A4l A& Aset 3
Elo] B2 55 T A E ¥ 1L Jthe §4 o] it

Plutchik(1984)2] 7+ 2] H}7(wheel of emotions)= AFE2
AL 718 (joy), E5(sadness), 21 F](trust), B 2(disgust), 3-E
(fear), ¥ =(anger), = H(surprise), 7] (anticipation)] A& 7}
A2 TR o] 2 Z7HOZ Mohammad er al.(2018)E E
A" 25 o] &3l 1179 A HFE Zhe os 244 &7
Hlo]EJAQ] SemEval Multidimension Emotion Dataset= 75
S} 3L Kant et al.(2018)= ©1} FAFSHA RE £ =4 of] T3
ARk Z2AskE o 244 B/ tlolElAll Company Tweet
Dataset= T-%3tA0E O 14 £7+€ oREF 719ke] 2+
3 A0l Bl o2 W A7} o] Fo A A] el QT

22348 ¥4 29

(1) 13 79k g B4 md

A A 2l 7| ASs 7|H o] AHEE 7] oW F2
13| 7]9K(lexicon-based) o] AHE-F AT oF] 7uF A
ERe ARl 53 HE 2 A S o] g3t o2 F
4, 54 @ 9] /45 A= U (Hu and Liu, 2004) 2 AHH &
71Hke. 2 o] o] A (polarity)S sl W (Liv, 2012)°]
AHEE AT tHEA Q] THA AP Senti-WordNet(Baccianella
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etal 20100 FAY 2 3A, TH, FA Y =
B2 ) 7359t Seo ef al(2017)S LB Z 7)HF A&
(semi-supervised learning) & A3 &472] B\ E 7+ A
70 2 O ne) 74 AP S TEh S Al s,

o
ooy @

>

(2) 71415 718 A 4 24
7NAEE S o] & A B4 I H S tEH 0= CNNE
£33+ W (Kim, 2014; Zhang et al., 2015)% RNN3} ofel A
(attention) WA Y F-S ©]-8-3F W (Lin et al., 2017; Zhou et al.,
2016)°] At} o] g W -2 gl o] Eo] EAJSH= FA TS ©]
23| g5 3l A =8k 714k Wha) o]t Peters ef al.(2018)= @
o] Bo] EAI3}1A] = F] FAE T3l Y3F Long Short
Term Memory Network(LSTM) 7|1t 10 =dl-S HA &<531
o] & I u g (embedding) & Z A&l EA EH77] 5 <53l
Z o] 85 WA S A A8} T Howard and Ruder(2018)+= )-8
FA1E 53 LSTM 7]8F o] 2dl-S 8153t 5 3l o 2dl-&
A Bl tial Al 2AT o BN 2 A5 ol S3IH E
W1z T2E 0] &3+ Ao] w22 BERT(Devlin et al., 2018)=
&k G 719 ol TAE o] Sl AP S SO R
A 2 RS T A0 )9l T il sl e
7o) g5 A5S 71533 T BERT 9} frAkgh +-20f T S B2
o] Hlo|E] & A&}l 85 iH4] S 7] 413 RoBERTa (Liu et al.,
2019y EdAEH 7]Hk olo] melol o] & @2 Hlo|E 9} 24
S HAS 7S A A Aol NAAE S BT

234 A4 894

-5 A 8¢5 (adaptive pretraining)> T-8-32] EAE o]
8ato] AP Shsgo] saE do] mEf| Hlo|Eo] EAst=
9] o] E(task data)E P4 28-S #3317 A, 3¢ Ho|
B} FAREAY Y3 ErS Zhs HiolE & o] &8l 71
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7] HolEoEE Bo P50 Ex
A SHIFATE Gururangan ef al.(2020)2 RoBERTa %101
2dof i3 5YTF A& T3t

102 E738ta A dHolE7}t of A FL e Tl ele 2t
I e HolHE o] &all A& AR St ke Zlol &
2 A5E BHol= AL THAT Lee ef al(2020)= HIo] £,
oJ8} Foko] A E o] &dl A3 A s FAFOEA
ko] BollA durAQl AP Sh5E g A B
952 ol EolWlth ¢ WHEL BT AR ghsd A
do] 574 =w|Qlol] thaf AAAFE A2 A48 =
mlel thaf F7FAQ1 A S5 sttt & A &
A BT FA o FF8 o] Bdo] Abd <5 AA

x

olA A A e Al e 48 A Shge s

=4 HolE & o] &8l A 25 A Shge s of

SH|=E T

TolA Bl s dutslE =2 gt} 11 & ol EAo
2 o] X tF A EF vlolg Al tis] v =4S
3t A 3.1 )4 BERT 910 R o] AbA k53 w)A|
24 W0 tisl] Argsla Al 328 M= FolAE o] &3t
-5 AR Bk ol sl A Aol

B

X

1. Pretraining 2. Adaptive Pretraining 3. Fine—-Tuning
G0 0 8 0 a0 £
BERT BERT
(KoBERT) |7 g 8RR | g Classifier
Bas) (& ) - (& Bas) (&) - (& Bas) (&) - (&

t

2,000K steps of pretraining

% Literary Style

Colloquial Style
(Crawled )

t t :

100K steps of Adaptive pretraining

Evaluation
(F1-score)

[ | i

Colloquial Style
(Task Data )

Fine-Tuning

i 3 Far 3 A
5,000K sentences of Wikipedia Watcha & Google Play Reviews ot= 0] By that CiofEA
*+ Train : 116,728 + Train : 30,875
+ Valid : 10,000 « Valid :2,624
+ Test :10,000 + Test :5,095

Figure 1. Research Framework
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3.1 BERT ¢lo] =¢ll A}A 8
B 970 5= BERTS] A S5t 5U3 4] 0 2 23 A}
A 858 YT BERT o] 22 7] AL el et

HAF2-F A2 2dR] EANAE ) (Vaswani et al., 2017))
JNIH F2E 23 o] Rdlo|t}, 7]&8 Ao B2 oy
=S4 T 25 T2 AFESIAT Ty 88T T

O

& A3 48 B o7t oA Shgo] & HA| g
Ao EASIST ER AT T2 HHEA] A7k A
off whe} Aibke s opsts el 2l ZE A
Ak Aol ek mol £ANE ) S nad
T Ao GPUHE Atke oS E%a SRR g
Hol g5 2 dolgils ol&3 a2 7hsshl st
BERTE o] &3t Eal A% v 9] o1 A1 —_,L £ 2}-8-5}o] Masked

Language Model(MLM)3} Next Sentence Prediction(NSP) 2= &

A5 5ol Aol RS Sk53th <Figure 2>= 2] T E

W xw JAFHE FA % BERTY 72& YERH Aol
MLMS BERT®] 918 42 7481 EZ(token)E % &

T’0o= =75 =2

= Y2 [MASK]Z A E S EZ 02 W3R 7 &3

Aol def QY EZE A STTE MLMS 81 4% 7|9t
Ao mlox AREHY e Causal Language Model
(CLM)F 28] P Eole =5 Fas] o5& &+ 3

oL MLMe] FAHR) 28 83} ek dol o] EAaA
OLL' ‘E‘A‘]X {’I 1) ...73;(‘\0}7]-9‘}]‘%@]33:{1'17 t27 ) 1[}

o) ters ﬂ}% o] F= EZo|t}. ojul MLM< 8453}7]
A= B4 W oF 15%2] EZ-S [MASK]Z wAsic) g1

RNN

-G -
| |
[RNN ]—-P[RNN ]-

|

RNN

Answer :

True

!
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EZo| [MASK]Z thA]

Zta & wf MLM 9] &2
o}_ Al o]q E;H zﬂ-/‘

k3l
23}

=]
=
T=

min L, ,,(0; X, X)

(1

2o

NSP= BERT9] g | SHlE £A 2 AdAHYEA
23 -dh:]- Nspg 28517 H 3 BERTt & 7H91

0]'04 O]Eﬂ—i *}“Q“‘h—/} BERT= Hﬂ
EAHA e e A ZTH
& B5F A3l HIA] =385 (unsuper-
vised learning) 2] 0. = AL S5¥ T A Sh5¥ BERT &
d o] Aol = Hf el ghe 72 E T mAl RS A

Aoz T AdoiAe] A& s3I ot

+ Liu et al.(2019)0l| A A okst
A 93k MLM 5&3h4gk A&
F8atr] sl vlA2 A1 oA
%H 3t gt 7= ol
HE 3EY3}9 T <Table 1>&
TolA AEH3 dafet 7= E9

T 24 BT EolE Y dAE U

o g

Transformer

(e ) (&)
AR

Transformer Encoder

}

E;

!

Feed Forward

Wikipedia

=

BERT
Language Model

Multi-Head
Attention
S S

\ [E[CLS]] [ E; ] [[MAS]q]

()

Transformer Encoder

Sentencey

Sentenceg

(from the same paragraph)

Figure 2. Illustration of Transformer Encoder and BERT Language Model
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Table 1. Examples of Datasets
Source Example
_ Tolv 1Ad ¥ AAE 7HAL JoeE= of vls| WS} A1 AlFE 248 A2 F
Szo] ]7]5 o} 001 e :ﬂ fl | HLJA : —?01‘1 1 E}O}LLL 18 43l T
Atk Aol dFF| el AFEE = FojAlol Blsl] Z 22o]A] et
ﬂ%‘%‘ﬂ = ot o]zt 7HAFSAERE APAE o] EAE &shs 53] ALE AdlA 9
T2 Eeol AR b Axeh YUY BIPE FEES YA 24 359 /1% 2. Jen
AA Aaeka A ukof ol Alge) FFolAM 27tE=A o5 ut A2
2 holy shito] gk thARZ} o] FA 2 oj&le 57t E7h A Arlda 287130 A 74
gk A7) Ak AP AT o FF 53] Ged A @ ool g PR 25 AN £F
o] o] gl ol Bek AF Y AA. AW FHFL. ) vhS & ZEYL vj=uchy
Multi-Emotion 1 oFFAE Qe 2FYLA o 7bATE AE $AAHEEHAY fHAE A arked
Classification Data | 3}l = HH Y 0] & ZlojA 2e)7] 5ol M|l 24 A 7 =427 g1 slva.

gro] BERTY] 8holl AHEE fl7]9ltote] 452 & tolHolth 3¢ g e 7538 AR o] Foix 9lom |
A Q1E 52 Ao tis) AHdte 22 o] FolA Yol tiF HE R 3HS T, 5 3A ol ER AT F 4 glol
oA FAS ok v AEFE vlolHE E4 d Bo] T HIEE EASES AT = E HolE =
g} & o Aol el thE AU e AEd 22D HA 1007F de 22 FE 2 Atk 39 HelE &
T2 7oA FAS Hu Qo B AT A B Y 2 116728708 T A2, 10,0001 A S HFHEE, 10,000
F dolHAS AAZ B 221l HES 73T dolHE Bl NE H2E o2 E23tth
AAHR] T A S L ik %’471341’40}94 =& A = A U5 24 57 S5 oll ARS-gh bl o B = gk x| 54 HARS| 7
S B ARE 9 JAW tF 244 £ diolHY dAlgt Yol 753 gho] 4 FHIE 23 Tk TS} v ol E
2 HAA AR FolAl= A Y #ﬂo}xl SeET A B AR PR FYH 59 €5, 3L, v, o du A A
A= ghao] BERTE HIZ4] FojAof thal] 23t Ao & of] tjgt o] Eo] EA)3h=38,59471<] tlo]Ef o]t} o] Z30,875
g2 W3 7)) Y3 AEYF FolA Ho|EHE o] &3] HS METHAHFTOZ 26024MEAFFATLE, 5,057 HAE
A g AAgT Aoz EJstAth <Table 2>+ 7} tlo|H 9] Al FAR}S 1
ERdl 320] 1 <Table 3> Th 744 &7 Tl o EJAL 9] 2 244 W
T 27 A AIE UER 3Fo|th £ EZ3= sentencepiece
4. AE A tokenizer(Sennrich et al., 2015)E- ©] 83l e} T}
B =Bo A AAFs HES A48 ndS 7]Z0] BA Table 3. Multi emotion Classification Data Examples
B 2dy A5 vustes A9S A9yt Ade o Class | Amount| Ratio Example
T A4 7 wolEAlE ol &el JAsG. F7t= 7+ ] A} 1o oA Ho| B0l
oI/} 2L A7) Aol AQke who] fEA AZsr T | 60T 156 g,
7] 93l YF dlolE T ARE Tk e S TS AES 7 ZE | 4830 |1251% | € AAEE 29 & 5 do
stk =% | 5898 [15.28% |tiuk AR 2EE Zolof,
% ol A 7}A] &=L A3
] & | 5267 |13.65% gj];m}oj ng} Lﬂ;{ﬂg}
4.1 do]e 3 5l AA 2
FTE | 5468 | 14.17% | HJASEZH AT AFFHUT
B o A Lol A F-S AL 8H5-S 93] A3 gl o] B = Bl | 5665 | 14.68% | 8. Ao oA FATh!
%ﬁ}ﬁl‘ﬁr/\POlE”ZH 258t 2ntEE o EE Ao T Ho ., | & vt dEgeEn
Do | 5429 | 1407% |,y e o
2T Ao|E T2 Zdo] o] g i AukA A 136,7287]9) TURAS S
Table 2. Data Description
Data Source # Train # Dev # Test Average lengths # Class
Crawled Data S}, = EY 0] 116,728 10,000 10,000 167 3
Mulﬁ'.E moﬁon A THEAS NS 30,875 2,624 5,095 23 7
Classification
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B Aol A ARk FolA A& A Shgo aRE AE
at7] 9f3f d=o] 91719 tjolE Fall AHdEH5E KoBERT &
of mdlof| =Y doJEE A&} 100,000 2~F(step)2]
A3 A Bsg FaskAth Sh5oll= Adam optimizerE At
£-3) 01 &<5E(learning rate)S 0.00005, B %] AFO] ZE 645
AHESEATE o A 57 diolEAl tis) mlA A S
I w= dolE7} 2L Ao M= Al¢ke o] E3lv)
AEAE Z317] $13) s dHlolE 30875708 25 AFEE
& e 43, 845 dlolEl71 10,0007 <1 233, 5,00070<) -3,
183 1,000701 8-S 7HEte] A8 S AYsATh Be
U o] Bl= <Table 3> TY 3 5 Hl &5 2t 8 A A8t

At e B5s A 3l vinT o R 74 s
71Hke] FA 57 29 U N E AR A WA= CNNS
o] &3 A 7 2d(Kim, 2014)2 AH 858 Word2Vec
Qe ol 12+ 45 ZEY(ID convolutional filter)E 53 &
A& FZ3+3 max poolingS 43 F A go|olE 53
A E7E 7Y 2do|th. T WAl Add WAYSS
o] &3 LSTM < &3l &A1 7 29 (Zhou ef al., 2016)E Sk
A 23} kA 2 AR 858 Word2Vee YUY ARHE-
& mdo|t}, 3 B2 oFYake] LSTMS BF AE3Ho =
A S gkt aed = JoH ofild MAYSS F
3 BAE FAHSe 4 EEY FAEE BT 18 ¥ & Utk
Al WA 292 KoBERTOl A3 AHA 8hg& a8k L
HEE v 24 & g o)t} v A 292 KoBERT
TolAl tlolEl & o] &3 & Abd S5s A &3 § rAz
A& 43t 2P (Literary-Adaptive Pretraining)©] T}, A
Ag AR Srgolle FolAl A 5ol AHES HlolH e F
Y3k o] FolAH| & o] Fo| 7] 722 7|AFE AHE-SIAATH

4345 H7H AR

<Table 3>0l| 4] Q1 & Y=o b 244 E7 vlolHAS
W5 Ho]H 9 HF ] TYstA 7] Wil T AEFE
(accuracy) BTF W= B8 SH ol A B} A9t 2| %<9 Fl-
scoreS 7} A BE A3 <Table 4>+ A5 H7ToA &
£31= &% 3 (confusion matrix)©| T}, W ol tlsty] &%

Table 5. Model F1-Score for Each Emotion

B3 BH EF AT TR 47

Table 4. Confusion Matrix of Category 4

) Classifier assignment
Category @

Yes No

Human Yes A B

assignment No C D
BAo) o PP AF WFoIL B WL mlo] LRI HF
oftt. Y E£F WAL HFOE 4 (24 (4)% o] HHE
(accuracy), A @& (recall), 18] 3L A =(precision)S T &
ol A& AL =] 2spH T O

121 Fl-score> 4] (5)9F 2
E AL T

A+D
Aceuracy = B Cv D @
A
Recall = 1+ B 3)
Precision = arc )
2% (Recall X Precision)
FL=score = Recall +Precision ©)
5. A% A%

51549 A% H71

U 244 E7F Bl 2E dlolEAldl] tj gt oAl 7)) =l of] o gt
452 <Table 5> 2tk €F MY A diFE tisiA
KoBERTOl F-JA| A-§- AMd 8he5-& 283 $ v M| 24 & 43
g Eo) 7P 5 es BT B9 KoBERTE A St &
] ARE-3H A 9} FY3E B A 2o BAME AN A8 AR
5S4 A5 M e AL BT 4 T wElkA
B AT A ARFGEZA| 719 A3 A 5ol the A 5
N FL TS Ho| L Y5S SAT AU 71E 3
7 8h<5 W2 v A 2 o] AME-E = o] B 9} FU S
Zk31 Q)= HlolHE o] 838l F7HH Q) A Shs-& 3
Zo] g5 s A 7= ol 2 =
Shyol| AFE-SH= o]l 7} wlA| 24 HlolE] 9} Tw|Qlo] 2]
Ht= ZA47F AR E 2371 itk & ASsHAT

o

o bt

o

fu o ©
s R X o >

=)

Literary-Adaptive Colloquial-Adaptive
Class CNN LST™M KoBERT . .
Pretraining Pretraining
By 0.723 0.7295 0.797 0.790 0.813
4 0.339 0.343 0.404 0.433 0.451
=% 0.439 0.517 0.528 0.539 0.557
& 0.569 0.483 0.599 0.607 0.62
X 0.447 0.448 0.589 0.578 0.594
T 0.473 0.378 0.494 0.527 0.519
e 0.285 0.556 0.352 0.276 0.363
ki 0.481 0.493 0.538 0.540 0.560
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Table 6. Model F1-Score on the Low Resource Data

Donghwa Kim -

Youngbin Ro - Pilsung Kang

Table 7. Examples of Misclassifications

# Train | CNN | LSTM | KoBERT C"ll‘;‘i‘ii‘;ﬁizpﬁve
1,000 | 0384 | 0329 | 0326 0.433
5000 | 0379 | 0375 | 0473 0.537
10,000 | 0431 | 0380 | 0.501 0.537
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