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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)
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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
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E 1. =0 54 =kl EY BE&5 Benchmark (KLUE-TC).

Topic Label Headline Examples #Training #Test
IT/Science 0 W A 5GE 7} 809HY S .. 2023 60T | 4,824
Economy 1 FAT 7] Q) ugee] vis . FAE 1% AFSE5F 6,222
Society 2 AL A2 2 AL e - ARt 5 =3 eSS 7,362
Culture 3 A& Lol Ed rtet 2= 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 xZ3
AE RS2 i FE o=
dlolHE 7vte g 51%5_} ozt ?011]

Qe 5 FAAR S|4 YEA] gk S0l Bl
SHA S sh= askoﬂ/\i ‘0] Bojxith

KcELECTRAL Yjo]H] 4 0] tiZa} g2 oF 17.3GB,
1o8%RHAY o] e] w2 s, E=ol#2F ELECTRA
248 X2 HE Pretraininggt ELECTRARE 2, 9jo} &
Tasko] A /50l Fojrit.

NSMC Tasko] 4 KoELECTRAZ} 90.6391€] 53] KcELEC-
TRA+= 91712 w2 452 Hol1 ot $2]&= o]t Ao
AT ot BTl e AEet) £ B BAGAE BL
Ao 7|tjs] KcELECTRAZS 2H8519it}.

o

sha) 7] =9 17HH 6;_}%01 Transformer
o] 9171, ¥ 5
A

3. Ad
3.1 Task

¢-2]= baseline5 2] #7291 452 Hlwst7] $1s) KLUE-
TC benchmarkE AFE5}I$tt. KLUE-TC+= Yonhap News
Agencyof| A 2016 1€X ¥ 2020 129712 =5t 74 3
telER A E o] 9l ZF =gkl 52 IT/Science, Econ-
omy, Society, Culture, World, Sports, Politics & 4579
Az B2t 12 [[2 KLUE-TC task®] z} EXH of 4]
of 5t} 710l AFE Plole] S8 thehiich Eg, 1S
KLUE-TC task®] Z} topicH S5 do|E 9] H|-&2 Ho|FTh

Wlol2atele Flzo] Ea WAR A Blist B4 oFe
AlZo] @ ZF Y|7FA] §H=o] large-scale language modelQl
KoBERT, KoBART, KoELECTRA, KcELECTRAS A5}

Society

Sports

1% 2. KLUE-TC benchmark®] Z+ 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] gt KoBERT, KoBART, Ko-
ELECTRA, KcELECTRAS] Ad A}

t}. Evaluation metric® 2= accuracy & AHE5FI T

3.2 Az

E 2= KLUE-TC benchmarke] T3t J|7}2] Hjo]Az}tel
R2dl=9] accuracy 5= HERHTE o] Ag o4 KoBERT 9|
A0] 86.72 7H =911 KoBARTE 85.62, KcELECTRA
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Method Accuracy
KoBART 90.24
KoELECTRA 90.63
KcELECTRA 91.54
KoBERT 89.59

F 3. NSMC benchmarke] tgt KoBERT, KoBART, Ko-
ELECTRA, KcELECTRA®] A% A7} 7 melo] Ao
7| &of Z7= NSMC benchmark A1'$-E 9] protocolS 1t =2

ek A aetsict

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

Aol ARG KoBERT 2.4 9] hyperparameter.

23519t KoELECTRAL 7} e 42

=2

NSMC task 4452 B H KoBERT7} 89.59=% 7174

T |3 A
8 £ 71559, KOBART7]— 90.24, KoELECTRAZ}
.6 Y7y A9]31, KcELECTRAVZ} 91.542 7P =2 A&
2 Hlth NSMC benchmark?] A3}5 KLUE-TC benchmark
AA¥ Bl et o] Ayt e A H=d olE F5i
KLUE-TC benchmarko] tjsjA= RE Alo] == H|=5FA|qt
Sh=o] wikiE AF85}o] pretraining$t KoBERT R & o] oh=
of 9171, &, FRI7], 28| BFo He] AlF HolEE
AH-g5to] 8H5A171 KoELECTRA |, Z12] 11 H|oH A Higx
= dolE & AHg-Ssto] k537t KcELECTRA Xt} /4d50]
A U Ae & 4 UsdH

g 7129] thA7HA noiseE F7kste] SH5T BARTS}
tt2 A Text infilling SH7}A] o] ZHF $7}5}0] pretraining
5 KoBART 9A] KoBERT Kt} A5o] Wb Lpgfch. o]
KLUE-TC benchmark tasko]| A Text inﬁlling noiseqt 7}
5}o] pretraining H=7] s IA AFS F2] FUSS
ofulgiet.

Ao AFHEE KoBERT H2 9] hyperparameter= E |42
2
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X
o
i
ol
-
30
rr
OlII-N
rlo
N,
re
2
o
el
ko
in)
(o]
2,
&,
<RI}
AN o

Q9e At
Ae Ax} Y 7FA] Hjo] Akl F KoBERT 9] accuracy A5
o] 86.702 71 7] Lt ol 2 Bo] el 7 2e] 9
ghato] BelEo] 7|7} H|$ ¢ pretraininge] AF&5H=
corpus AJ 3} n01seT‘Z:— JEE— HFH o] KLUE-TC benchmark
oA 35 Mol & I
Hel0] @ 4 88 BT

=
olzft AFA R 2= F9,

o pretraining ‘jo]' HE
H

- .

%
Z ko] B 9] pretrainingo] AHEE
A3} 8450] AFBFIE corpus T4 W
= K] o o] Aofateh L A7,
TS A2 = KLUE-TC benchmark A5 #HZof A}
KLUE-BERT9} KLUE-RoBERTao] tisi -z H|<=3H
benchmark A% E4-& E35j] RoBERTao]| 4] NSP task7} A5
Aol & GFo] Tt AS VAT AXY TR large

scale language modelo| A& o] 2§t A=2] 9] B A8 ZI5)s}

—

. .

+ noise generation HJ
=

()

| thel 22 3ol

E

ox H oo
Ir AN A

217 gt
Zagd
[1] K. Cho, “Natural language understanding with

distributed representation,” CoRR, Vol. abs/1511.07916,

2015. [Online]. Available: http://arxiv.org/abs/1511|
07916
[2] A. Ahmadvand, H. Sahijwani, J. I. Choi, and

E. Agichtein, “Concet: Entity-aware topic classification
for open-domain conversational agents,”
of the 28th ACM International
Information and Knowledge Management, ser. CIKM

Proceedings

Conference on

19, p. 1371-1380, 2019. [Online]. Available: https:
//dot.org/10.1145/3357384.3358048
3] J. Li, A. Sun, J. Han, and C. Li, “A survey

on deep learning for named entity recognition,”
CoRR, Vol. abs/1812.09449, 2018. [Online|. Available:
http://arxiv.org/abs/1812.09449

[4] M. Namazifar, A. Papangelis, G. Tiir, and D. Z. Hakkani-

Tiir, “Language model is all you need: Natural language


http://arxiv.org/abs/1511.07916
http://arxiv.org/abs/1511.07916
https://doi.org/10.1145/3357384.3358048
https://doi.org/10.1145/3357384.3358048
http://arxiv.org/abs/1812.09449

[5]

[6]

7]

8]

19]

[10]

[11]

A|339] o=

=)

understanding as question answering,” ICASSP 2021
- 2021 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), pp. 7803-7807,
2021.

W. Xu, B. Haider, and S. Mansour, “End-to-end
slot alignment and recognition for cross-lingual NLU,”
Proceedings of the 2020 Conference on Empirical Methods
in Natural Language Processing, EMNLP 2020, Online,
November 16-20, 2020, B. Webber, T. Cohn, Y. He, and
Y. Liu, Eds., pp. 5052-5063, 2020. [Online]. Available:
https://doi.org/10.18653/v1,/2020.emnlp-main.410

J. Zhang, Y. Zhao, M. Saleh, and P. Liu, “PEGASUS:
Pre-training with extracted gap-sentences for abstractive
summarization,” Proceedings of the 37th International
Conference on Machine Learning, ser. Proceedings of
Machine Learning Research, H. D. III and A. Singh,
Eds., Vol. 119, pp. 11328-11339, 13-18 Jul 2020.
[Online]. Available: https://proceedings.mlr.press/v119/
zhang20ae.html

C. Si, Z. Yang, Y. Cui, W. Ma, T. Liu, and S. Wang,
“Benchmarking robustness of machine reading compre-
hension models,” Findings of ACL, 2021.

X. Zhang, J. Zhao, and Y. LeCun, “Character-
level convolutional networks for text classification,”
Advances in Neural Information Processing Systems,
C. Cortes, N. Lawrence, D. Lee, M. Sugiyama,
and R. Garnett, Eds., Vol. 28, 2015. [Online|.
Available: https://proceedings.neurips.cc/paper/2015/
file /250cf8b51c77313f8dc8b4be867a9a02- Paper.pdf

S. Park, J. Moon, S. Kim, W. I. Cho, J. Han, J. Park,
C. Song, J. Kim, Y. Song, T. Oh, J. Lee, J. Oh, S. Lyu,
Y. Jeong, I. Lee, S. Seo, D. Lee, H. Kim, M. Lee, S. Jang,
S. Do, S. Kim, K. Lim, J. Lee, K. Park, J. Shin, S. Kim,
L. Park, A. Oh, J. Ha, and K. Cho, “Klue: Korean lan-
guage understanding evaluation,” 2021.

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit,
L. Jones, A. N. Gomez, L. u. Kaiser, and I. Polosukhin,
“Attention is all you need,” Advances in Neural
Guyon, U. V.
Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vish-
wanathan, and R. Garnett, Eds., Vol. 30, 2017. [Online].
Available: https://proceedings.neurips.cc/paper/2017/
file/3f5ee243547dee91fbd053clc4a845aa- Paper.pdf

J. Devlin, M. Chang, K. Lee, and K. Toutanova,

Information Processing Systems, 1.

gt=ro] HHEA

5F

)
of

[12]

[13]

[14]

[15]

[16]

[17]

=] =24 (2021)

“BERT: pre-training of deep bidirectional transformers
Proceedings of the
2019 Conference of the North American Chapter
of the Association for Computational Linguistics:
Human Language Technologies, NAACL-HLT 2019,
Minneapolis, MN, USA, June 2-7, 2019, Volume 1
(Long and Short Papers), J. Burstein, C. Doran, and
T. Solorio, Eds., pp. 4171-4186, 2019. [Online|. Available:
https://doi.org/10.18653/v1/n19-1423

Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi,
D. Chen, O. Levy, M. Lewis, L. Zettlemoyer, and

for language understanding,”

V. Stoyanov, “Roberta: A robustly optimized bert
pretraining approach,” 2019, cite arxiv:1907.11692.
[Online]. Available: http://arxiv.org/abs/1907.11692

A. Radford and K. Narasimhan, “Improving language
understanding by generative pre-training,” 2018.
A. Radford, J. Wu, R. Child, D.

D. Amodei, and I. Sutskever, “Language models
are unsupervised multitask learners,” 2018. [On-

line]. Available: https://d4mucfpksywv.cloudfront.net /

Luan,

better-language-models/language-models.pdf

T. Brown, B. Mann, N. Ryder, M. Subbiah, J. D.
Kaplan, P. Dhariwal, A. Neelakantan, P. Shyam,
G. Sastry, A. Askell, S. Agarwal, A. Herbert-Voss,
G. Krueger, T. Henighan, R. Child, A. Ramesh,
D. Ziegler, J. Wu, C. Winter, C. Hesse, M. Chen,
E. Sigler, M. Litwin, S. Gray, B. Chess, J. Clark,
C. Berner, S. McCandlish, A. Radford, I. Sutskever, and
D. Amodei, “Language models are few-shot learners,”
Advances in Neural Information Processing Systems,
H. Larochelle, M. Ranzato, R. Hadsell, M. F. Balcan,
and H. Lin, Eds., Vol. 33, pp. 1877-1901, 2020. [Online].
Available: https://proceedings.neurips.cc/paper/2020/
file/1457c0d6bicb4967418bfb8acl42f64a- Paper.pdf

M. Lewis, Y. Liu, N. Goyal, M. Ghazvininejad,
A. Mohamed, O. Levy, V. Stoyanov, and L. Zettlemoyer,
“BART: Denoising sequence-to-sequence pre-training
for natural language generation, translation, and
comprehension,” Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics,
pp. 7871-7880, Jul. 2020. [Online|. Available: https:
/ /aclanthology.org/2020.acl-main.703

B. Kim, H. Kim, S.-W. Lee, G. Lee, D. Kwak, D. H.
Jeon, S. Park, S. Kim, S. Kim, D. Seo, H. Lee, M. Jeong,


https://doi.org/10.18653/v1/2020.emnlp-main.410
https://proceedings.mlr.press/v119/zhang20ae.html
https://proceedings.mlr.press/v119/zhang20ae.html
https://proceedings.neurips.cc/paper/2015/file/250cf8b51c773f3f8dc8b4be867a9a02-Paper.pdf
https://proceedings.neurips.cc/paper/2015/file/250cf8b51c773f3f8dc8b4be867a9a02-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://doi.org/10.18653/v1/n19-1423
http://arxiv.org/abs/1907.11692
https://d4mucfpksywv.cloudfront.net/better-language-models/language-models.pdf
https://d4mucfpksywv.cloudfront.net/better-language-models/language-models.pdf
https://proceedings.neurips.cc/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://aclanthology.org/2020.acl-main.703
https://aclanthology.org/2020.acl-main.703

A|339] o=

=)

sho] A A e stats] =84 (20219)

S. Lee, M. Kim, S. H. Ko, S. Kim, T. Park, J. Kim,
S. Kang, N.-H. Ryu, K. M. Yoo, M. Chang, S. Suh, S. In,
J. Park, K. Kim, H. Kim, J. Jeong, Y. G. Yeo, D. hyun
Ham, D. Park, M. Y. Lee, J. Kang, I. Kang, J.-W. Ha,
W. Park, and N. Sung, “What changes can large-scale
language models bring? intensive study on hyperclova:
Billions-scale korean generative pretrained transformers,”
ArXiv, Vol. abs/2109.04650, 2021.

[18] P. Vincent, H. Larochelle, Y. Bengio, and P.-A. Man-
zagol, “Extracting and composing robust features with
denoising autoencoders,” Proceedings of the 25th inter-
national conference on Machine learning, pp. 1096-1103,
2008.

[19] K. Clark, M.-T. Luong, Q. V. Le, and C. D. Man-
ning, “Electra: Pre-training text encoders as dis-

criminators rather than generators,” arXiw preprint

arXiv:2003.10555, 2020.



	서론
	Language Model
	KoBERT
	KoBART
	KoELECTRA
	KcELECTRA

	실험
	Task
	결과

	결론

