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Zo) ojulal uHE ReksiA 2EY 4 lojof Fiet. o] LRAA LAL A A0 R o] EHE Easle
open benchmark?l KLUE(Korean Language Understanding Evaluation)o]] tg}o] 7]&o] H|u A go] AP =] %]

ore Algol 2718 thaket gte] B AAY naSol

g o) Teka Aol e e AFHo s BAstelw
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1. A=

Z}e1o] o]3f(Natural Language Understanding, NLU) [1]

o Q171 Qo EAL A AL Yn) o]aT & U=E WA
A1 AL olulgith. & NLU Al2ge 17kt go] Zofl
s ol 0] FehE AlSHE A Bt ohe} A7)
2 1 2o oJulshe BhE 2 4 glojo} Gtk A2 5

[
o
5

IA "I F A5 EAAE Tz
o

714k B o] vhd of whet 2| NLU<|| et A= A
520 72 /e B 7H-S Mo} E1 B (Topic
Classification) [2], 7HA|H <14](Named Entity Recognition)
[3], QA(Question Answering) [4], 7]#] < (Machine Transla-
tion) 5], BA] Q9F(Text Summarization) [6], 7]4] =3}(Ma-
chine Reading Comprehension) [7] 5 thFgH 2olof -85 11
et

o] FolA EX EZ(Topic Classification, TC)+= text snip-
peto] Fo1H-2], snippete] )EH E8-L o] Zoh= taskol o}
[2,8]. 7]&°& TC taskE 93t gh=0o] E= benckmark 7} &
ASHA] ghotA ofe] HEl Ato]o] 452 AAH & B wSH=
A2 ojelgo] AT, A2 F/E KLUE le] KLUE-TC
benchmark E&of o] EA|7} | A%t

gh=ro] 7|Hhe) B B& pdo 744 B2 (Sentiment Clas-
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Model: Large-scale language model

(e.g. KoBERT)
‘A
News headlines: [ BRI s ZHME Z2 40| &5..20% ¥ 0|4 o} ]

13 1. 3+=20] large-scale language model-2 |85t A &
eholo] B9 B o4, 28 E1 BE AAY as] B4
21} Fegt ek ohel, A4 AR B

She vhE et 22 % glojof B,

sification), ]k E.Z (Intent Classification) 5 T}FSE Hofo]
#go| 7}551a F @ 5HA thEl A= NLU taskel uhE thoys)
7 e 977} e Eolof sk Hotol.

2o o) BE 0Ue WS 916 7 ol Sashe
.2 Transformer [10] 7]5Fe] AFASHS ¢lo] Bdolt}. Trans-
former 9] encoderE g5t ¢l BERT [11] o] 53
olF EF taskE FoYoly] T o & TEA
2 pretrain® 220 fine-tuningg Z-85t= B o] Yutsly]
et

0]% BERT9] t] Z-& ¢|o|E]2} Dynamic Masking& %-&
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352 Zo]-29 RoBERTa [12], Transformer?] decoder
£ Bgolo] Ao} AN £& A%S HFE GPTn
[13, 14, [15], TFA7FA] noiseZ £=4FA1 7] H| O] E] 2 pretrainA] #
NLU¢} NLG 2o g7 &85 4 Q1= BART [16] 5 o8]
e 5ol S

ol % FrRol2 ALt Elol AlFo] AR large-scale
language model-2 KorBER’Iﬂ KoBER’IEI7 KoBARTEL Ko-
ELECTRA[] 7123 KcELECTRAF| So] 9c}.

QF=ro] 7|59 large-scale language model-2 Z| H|o]H| o]
A 715t HyperClova [17]7}4] @& 948 #5351 et

o] =2 e=o] EX B/ BE #IAnA<l KLUE-TC
benchmarke] tjsto] AJFof F7% o] QARG ob2] 45 B
A o] 21| 2] kL Lo large-scale language model’=2]
NZA AP vE, JeT BHS ARsrdch. KLUES]
task-classification g|o]E]Alel KLUE-TCE &-83] KoBERT,
KoBART, KoELECTRA, KcELECTRA®] A58 v w2
A1} KoBERTZ} 86.7%% pretraining ®'H 3} corpus 7+4 7
HE MAAAR g RSl Hlel 7MY 2 dsS Bt

2. Language Model

2.1 KoBERT

BERT [LI]= 20184 0] ;110] G pretrained model
2 sk NLP tasko|A 43 52 Hol= Rdo|t}.
BERT R gl o] =2 w142 37| Data Input, Pretraining, Fine-
Tuning 37}2] ©A| = o] FofZitt.

(1) Data Input: Word Piece EAL}0] % E AE3[A TholH
L2 Q]2 R I = Token Embeddings, & 242 FE5] A
S Sh55h= Segment Embeddings, Transformer|[10]of 4]
9] 9125 EH 5= Position Embeddings A 7121 & o3}
A 9] Input© & ARESH}. (2) Pretraining: BERT Q] AFA
Masked Language Model (MLM)x} Next Sentence
Prediction (NSP)2 2 Zg=E . MLM-2 8 o] 9] 15%
| 01 FAHE 12D F 03 A0l 27 10
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"https://aiopen.etri.re.kr/service_dataset.php
®https://github.com/SKTBrain/KoBERT
3https://github.com/SKT-AI/KoBART
“https://github.com/monologg/KoELECTRA
Shttps://github.com/Beomi/KcELECTRA
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2.2 KoBART

BART [16]-& 2019 Facebooko] F7gt &l & Denoising
Autoencoder[I8] B2 2 st&HT} NoiseZ} F71Hd H|o]H

A NoiseZ AAstHA] 7]1Z 2] H|o|EE ZZ&sl= HHo|t}.
BARTYE EZF sequence-to-sequence Transformer L35 A&
3lH, 7] 245} ok ReLUES GeLUs2 HZ ATt

Pretraining: BART 9] AFH S-S 9 9= HlolH &= (1)
Token Masking (2) Token Deletion (3) Token Infilling (4)
Sentence Permutation (5) Document Rotation THAl 712 2]
AASEAL Qlek. 2 =FollA Aol A& 7t
o] BART= Text Infilling 7] ¥H-2 AFEJt}. Text Infilling
71*H-& Poisson distribution©. 2 HE 4-& span do]E o|&
3] text spang samplingttt. Z42+9] spane @ [MASK]
Token© 2 thA|Ht}. span®] Zo]7} 091 F-9 [MASK]| Token
o] AFeJ et

Fine-tuning: encoder®} decodero]] S35t 9=
2t decoder tokeno] B}FA]9} hidden stateS Th=
719] ¢J= o 72 A86F= Sequence Classificationg ©|-&3ict.

0|

Noising 7|

2.3 KoELECTRA
71% BERT [1I1€ 23 W2
) 3Fs1 T o2 thA] |3 A o] E token

O 2 pretraining2 $tc}. S|
Aol Wastche gol Atk

S5tA|FF ELECTRA [19] 222 Replaced Token Detection
(RTD)Z A1) 12 RASHTH M2y Ga4os ssah
RTDE generatorS AF§3) 44| Q29 482 7bg £202
vptar, 7 EFo] AA| o 9l 1 EFQIA] generator
7} AASNH 71 E221A] discriminator’} W)= o] &
Aol

71& BERTO|A Al2EE Masked Language Modeling
(MLM) H1239] A9 942 Afs B2 5 oF 15%0 A4
5ff eh5okARE RTD e 2=10] 79 1= 9] 15%7F ofy=t 2=
0] gl 5142 AWe] HBo] Sk &zt ke ol
A Ao = ELECTRAZ} BERTEth G820 2 o5
the e Bk

KoELECTRA+ ELECTRA 2 49-& 71311 34GB2] gh=¢]
text® pretrainingdt 2E 2 KoELECTRA-Base-v3 HE 9]
70 NSMC Tasko| 4] AEE7} 90.632.2 KoBERTS] 89.59
£ 57tk 5ol Ut

KoELECTRAL Th2 mdlo] uls] 8% 457} mew o
= o] £ Tasko] Al BERTE dolM = A5 HofFaL Aok
Sl of2fet Holl g ot =0 w2 s EY
25 Aol KoELECTRAE -85}t
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https://aiopen.etri.re.kr/service_dataset.php
https://github.com/SKTBrain/KoBERT
https://github.com/SKT-AI/KoBART
https://github.com/monologg/KoELECTRA
https://github.com/Beomi/KcELECTRA
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E 1. =0 54 =kl EY BE&5 Benchmark (KLUE-TC).

Topic Label Headline Examples #Training #Test
IT /Science 0 Uld A 5GE Pt 807 sHF. .. 20231 609HAT) | 4,824
Economy 1 FAT AT A2l ufjgo] Bt FAE 1% AASET) 6,222
Society 2 AL A 28 HFA... DA Aot 5 = 71dEs 7,362
Culture 3 AE Lol Eof 271t &A7t= 5,933
World 4 F71%&9 9 FA 2ol % 2 FIHAYS =ASS 7,629
Sports 5 ofAIRt] A HE YA A BA.. BIE 32 55 6,933
Politics 6 SIATEA EHAFAIZK - - EAIHY 222 2] e MOU 6,751
Total 45,654 9,131

2.4 KcELECTRA

KoELECTRAE :Z
A mEAEL gRE @
tolEE 7IHte g i
QEH} & TAAO

i A ES 17HH ?:5}%01 Transformer
2o 917, 5

3 @ 7ol
= A 22704 Yehix) g B@so] ¥
st S8she askoﬂ/\i g0l ozt

KcELECTRAE Y|o|H {29 a3 otz oF 17.3GB,
19J8 AT o0 BAL %Ha, EAutol 49t ELECTRA
248 X2 HE Pretraininggt ELECTRARE 2, 9jo} &
Tasko A /-5l Holutt.

NSMC Tasko]| ] KoELECTRAZ} 90.63919] 1)l KcELEC-
TRAL 91712 52 452 1ol T 9ick. 2l ol2igh Aol
7S whol Fhto] A FEEe] EY BE BAoAL 2
5= 7|Hall KcELECTRAE 285141 tt.
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=
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3. Ad
3.1 Task

%-2]& baseline5 9] BF2Ql 452 HlWst7] 9Js KLUE-
TC benchmarkE AFE5}I$tt. KLUE-TC+= Yonhap News
Agencyof| A 2016 1€X ¥ 2020 129712 =5t 74 3
CElE2 2AE o] 9l ZF F =gkl EL2 IT/Science, Econ-
omy, Society, Culture, World, Sports, Politics & 4579
ZeArr BERHth B[] KLUE-TC taske] Zt EQH o 4]
o} 553t Bkl AHS-E dlol e 45 Yepdch ek, 2R
KLUE-TC task9] Z} topic & H|o]E 9] H|&2 Ho|Srt.

Hlo]Aghl2 7|Eo| BFE HIXntA A5 H w7t HA] o2
AlZof] @ 2% Y|7}A] gHEo] large-scale language model €l
KoBERT, KoBART, KoELECTRA, KcELECTRAS A5}

Society

IT/Science

Sports

1% 2. KLUE-TC benchmark®] Zt EX & djo]g] 4=9] A|Z+
s}.

Method Accuracy
KoBART 85.62
KoELECTRA 84
KcELECTRA 84.57
KoBERT 86.7

¥ 2. KLUE-TC benchmarke] tj$t KoBERT, KoBART, Ko-
ELECTRA, KcELECTRA 9] A& A},

A t}. Evaluation metric® 2= accuracy & AH-g5tct

3.2 A7t

E Pl= KLUE-TC benchmarke] ozt d|7}x] Hjo]Az}tel
BHYE9] accuracy 52 LEPHTE o] A oA KoBERT 2]
A5o0] 86.72 71 =911 KoBART: 85.62, KcELECTRA
L 84.572 247} 7)1E519th. KoELECTRAYE 714 WHe 848
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Method Accuracy
KoBART 90.24
KoELECTRA 90.63
KcELECTRA 91.54
KoBERT 89.59

H 3. NSMC benchmarke] gt KoBERT, KoBART, Ko-
ELECTRA, KcELECTRA®] A9 Azl 7 mgo] Ao
7| &of Z7= NSMC benchmark A1'$-E 9] protocolS 1t =2
weba] Aagehec.

Hyperparameter | Value
Max length 64
Batch size 32
Warmup ratio 0.1
Epochs 4
Max grad norm 1
Log interval 200
Learning rate 4e-5

=

4. Ao AH83F KoBERT R 9] hyperparameter.

S =5t

E 3Pl A NSMC task A%5-2 HH KoBERT7} 89.59& 714
o HEE 71251993, KoBARTZ| 90.24, KoELECTRAZ}
90.63S 747k 919171, KeELECTRAZ} 91548 714 =2 A%
2 Hlth NSMC benchmark®] A3}E KLUE-TC benchmark
AT v w e Aute] o] A7t 4o A H=d o]& Fdi
KLUE-TC benchmarko]] thafj4]= 2 & Ato] == H]S=5FA|Tt
St=o] wikiE ARES}o] pretrainingst KoBERT HElo] =
o 9171, Fe2e, HRSIP], T2l mo] WEA AF Hlole S
A8 5to] S14417] KoELECTRA , 18] o] 2 2
Y92 HlolEl2 AHgshe] 8h&9t KELECTRA Bk 4ol
2 ot A2 o & At

FERt 7]1E9] HA7HA] noiseE F7toto] Shagt BARTS}
k27 Text infilling St7}A] ko] ZHF £7}61o] pretraining
g KoBART <A] KoBERT Xt} 50| WA Uittt ol=
KLUE-TC benchmark tasko]|4] Text infilling noiseqt 37}
Sto pretraining ot=A 5ol A FFS A U=
ofm i,

Ao AFHE KoBERT 229 hyperparameter—= &
2y,

gt=ro] AEA Y steds] =24 (20214)

1. FE
o] Bol A $eli QIzkat o] Fo| onjshi utE Agtal
A F2Y 4 Qe £L Ado] ofd] BLL oW 8t 232
5 Bz WA}

49e ek

Aol A} v|71A] #lo] 22l 5 KoBERT 9] accuracy 45
o] 86.72.2 717 7] kth. o] Bo el 7lzo] o2
o] EEo] 27|71 vl -9 pretrainingo]] AH-&5h=
corpus A1} noiseE W= HHH o] KLUE-TC benchmark
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=, t=to] 2El 9] pretraining®]] AH-&-E
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g5 d32 = KLUE-TC benchmark A% 7HZo] AF
KLUE-BERT$} KLUE-RoBERTao| tjojA%: ¥]<3t
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