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Abstract It has been proven through many previous researches that the pretrained language model with a large
corpus helps improve performance in various natural language processing tasks. However, there is a limit to
building a large-capacity corpus for training in a language environment where resources are scarce. Using the
Cross-lingual Post-Training (XPT) method, we analyze the method's efficiency in Korean, which is a low resource
language. XPT selectively reuses the English pretrained language model parameters, which is a high resource and
uses an adaptation layer to learn the relationship between the two languages. This confirmed that only a small
amount of the target language dataset in the relationship extraction shows better performance than the target
pretrained language model. In addition, we analyze the characteristics of each model on the Korean language
model and the Korean multilingual model disclosed by domestic and foreign researchers and companies.
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1. M2

| large-scale Hlo|EE 7|90z Hajg 7|9k XA
Aojxg] AL &4, 719 HFolA EEs] o] FojA| 1L
t}t. Foundation modelll]l, GPT-3[2], Prompt
tuning[3] 5% 22 &3 2dY 54T scaling
law®} 22 0|24 $HZ & & dolHY an
gol gk B2 A7t o]FoA 2L Qi

ol2|gt 719 with= Wit ¢ TEAE 3l A
A 859 TransformerZ@olt}, Transformer Z&
[4]2 sequence to sequence 7|8} full attention &
doln] BERT[SIE AI&C22 RoBERTal6], XLMI7],
BART(8], ELECTRAD] & %2 W3 L9E9 54
o7 g2 AAojH 519 AAHEY A5 UE
FIAFHE. 92 T2 AFE2 dojEdo|g= Bof=
o & 3o ST Foke X 7MY &gt At
o]FofZ| 1 qlrt. A XYL Q= thF2o] Aoj=d
A= 8 YA TBAE 8ct= HIAE Shsol
&5t oy gE7 7H Fa% 84 5 sholth
a9y o]k dojrd Atoll= IA 2714 AR
EA3it.

AR Aold A Holt}. FA o]FoA L Y= HF
9] ddojHd A1 trpes FolE 7|HeE o]F
ojx 1 Sitt. Y7l otoll= 303FY o7t At
o, TA49 o] 7Fd B2 Fol9] B 6¥inkd oY
EA7E EAe} §HE, At o)At sjgste 15459
ojoll= 19Hd9] AT EA45kA] =t gh=told] 4
5 °F 529HA9) FA7F &3 Qlom, 249]o sfgeih
SEARE o]i= o3| o] &A HiH| 8.5%9] Fct=
FA] o]t

=4 2d4 Aot <5 HolH Y F2 Ao
o] Hsof AAEE gQ4o|tt & o] AU B4
o] WS B Ads ol qlof FollEol E = A
EE2 mBERTS Z2 Multilingual 222 53f o
AolE BAlo shte] REE ShEol= WRICE S
of, AetglE|oj9} 2 AAHY Aol & =
4 UL, o]= skl " agt wejnlE et Bdo] 77

£ /SFSHOR F7HIA AT £RY] B
23pt,

ot 22 ZAE dHEsh] fote] 7 =2
Cross-lingual Post-Training (XPT)[10] & 0]
&oto] A 7E A8 A7Y BRAPCE o T8

‘go] ZzHe BAFZ Eopoll H&sjE et XPT
&, R4 AUH HHoz @37 goj=ut shgH
of HeloA A2 g F A
Hoto] E3 <oj9] BdZ 7]
Set & shsg Attt & HE o] ARASHES Wdst
A ot FHrh= 7 et E3 F o] 7+ A
o]F Sh5ote JULE ot= A8 TEZ F7I5] olF
1o} 7+ Aol g= 7heA gt

At 22 AFH vEo] £ =52 A9 71glA
S7het HEHR] Fh=ro] ARAERS Ao (Pretrained
Language Model, PLM)Z} A AlAH 0 & F7el gh=o]
t}=o] 9dojr@(multilingual Pretrained Language
Model, multilingual PLM) 249 tigt ZAE 13
stglow, oo tigt £ Wds| A5k

Transformer 7|5}

g TR REg

¢

o

ol

o ok
]

o]

N

2. =0 PLM 9G4

gh20]9] A% TransformerE 7|Hto 2 ARHsh:
H 2EZ QESPAY ATet A7 &A%t v
g REE9 AFE0] 98 =204 874% & 55
A71A] B8kal ot KoBERTD, HanBERT2), KoELE
CTRA [11], KcBERT[12], KcELECTRAI13], DistilKo
BERT [14], KoBigBird[15], SKT-AI KoGPT23), Hyper
CLOVA [16], SKT KoGPT-Trinity¥, Kakaobrain
KoGPTI[17], KOBART®, LG Al - EXAONE®, KE-T5
[18], ET57 & ©Fe Aso] S4shH Ao
Z ndEE Aoty ol Fig. 19 Ag=] At} 2
A FEH, g3 121 IFE-H I FRE o
TEstelon FAEA] 2 A disi= ~E 77
SkoiTh &, Ay F5cte] JEE & ¢ §le EAY0]
A9 A% *& #®7]5130

2.1 710 SR ¥=0f PLM 217
[20194] H=4AEAI AT A(Eri)ol A 29 g

1) https://github.com/SKTBrain/KoBERT

2) https://github.com/monologg/HanBert-Transformers
3) https://github.com/SKT-AI/KoGPT2

4) https://huggingface.co/skt/ko-gpt-trinity-1.2B-v0.5
5) https://github.com/SKT-AI/KoBART

6) https://www.lgresearch.ai/blog/view/?seq=170

7) https://aiopen.etri.re kr/service_dataset.php
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PLMQ! KorBERT®E 20199 6¥o Z7Hst3itt. ol=
Transformer® Encoder #+Z& ©o|FofA 7]&9
BERT R4& gh=ofof] A&s17] s o] w29
WA 0 2 HE &3 23GBY HlolEE Sh5E K
do|t}, metulg 37]= 110M°]X, Morpheme %
WordPiece tokenizer[1915 AH&I3 21, vocab?]
371% 30,349(Morphemes), 30,797(WordPiece)o]tt.

0|3 SKTellAl KoBERTE 20199 10l 375ttt
KoBERT+= g0 91713 t]op)o A ] 5HTHe] &4
o2 g =) SentencePiece tokenizer[2015
AE-SFATE. vocab F 71+ 8002019, 29 mtatv]E
37]+= 92Melth

[20204] 20208 1€ TwoBlock Al°IA &7Hgt
HanBERTE €¥HEA ¥ 53|24 70GBE SH5E%L
o 2HA|H o2 9= Moran tokenizer7} AHEERiTt
vocab F7|= 54,000019, Z@ wmEHE H7|=
128MoJtt. o|2j5t HdE2 BERTS} 5 Y% Masked
Language Model®} Next Sentence Prediction®Z
AP SHEE QU

SKT& 20209 2€9] g WH9 GPT2[21]
ZEol KoGPT2E, 20209 120 $h=o] wz9
BART EdQl KoBARTE 3ottt KoGPT2:2
GPT2%} "FH7HAZ transformer decoder #+2&
7HX 3L R1.09™, next token predictions Sl APHSHS
Ak ko] f7]E o}, A, UHER17110), HlolH
F3} 27, g0l commonCrawlll) 58] TRt Ho]
HERE 223 152M9] B4oE sk&E o, 7]
29  byte pair encoding(BPE)[22]  FollAl
character-level® tokenizer’} ARE-E|Jth. Vocab
F71& 51,2000]2L €A 125M =mth]E Q] base Bdl
Tk 709l KoBARTE BARTS} vRbbA|2 Q1=
g-giy #£2E 7FA2 J2H denoising auto
encoder {0 & APHSHEE ]I R0 §17]¥]to},
2 B opyet A B0l Tg]|12), goir] =4l
Y133} o] T oefst 0.27B9] TlolH 2 SEE I
KoGPT2¢8} uE7tA2 character BPE tokenizers
AREBFR 9 H, vocab= 7]+ 30,0000]1 2E T}t E
A7]+= 124Mo]t.

[2021%] 20214 1€°] 37HE KoreALBERT([23]
£ A SDSOlA B7ist dlojch. ALBERT[24]9 2
o] Masked Language Model®t Sentence-Order

Prediction WHOE APASHS HQIth go] £17]9
oot & Y79)7], A, Mo gRE AL 43GBY Tl
B2 k55 %91 SentencePiece tokenizers ARE-
sto] BAJRIT}. vocab I7]&= 32,0000 RES
12M9] base @7} 18M9] large Z@o] 7= A
=2

AR &AFHKETDAAE 2021 4€
KE-T5 & 3gh=xolet go] =AY Text-to-Text
Transfer Transformer(T5)[25] YL 753
g5l gheoiek gof dlolE7t 7:39 HlER 4%
30GBY] Hlo|E7} AMEEGleH, o] HolH F gh=o]
£ KETIONA gHsta Q= B8 E TeAE AA=e
tlolBe} HEo TEA F UHRE o|FolH Sirh
SentencePiece tokenizerg AR5 9H, vocab 3
71 64,0000 @A F/E Hdo] duE=
247Mo]3L T5 ZEAd} ZHo] mask-fillH4 02 APAS)
FEA

20219 59¥ol+= SKTolA KoGPT-TrinityE 570
St KoGPT-Trinity= SKTOA A #-=3t 1.2B
9] Ko-DAT datasetO 2 s5Elon wdo] 37|%
1.2BO|t}. vocab size= 51,200°]% next token
prediction® & APASHFE T 0|9} H|SRE A7]9|
Naverol4 HyperCLOVAES ¥#35}99t}. HyperCLOVA
= 74, 7H, EEO, A4lin, EEA, HF 5 vlolH
W AMo] 518" EA%} 2R TFA, ghato] 97
o} 5 HFe EARFEE FEI HoJHE SEE
om, shzof AMEE HloJEo= 561.8BY EFCE
Ao 9Tk E3F 1.3B, 6.98B, 13.0B. 39.0B. 82.0B
T TRt 2719 2do] Aot AAet HE2 |
Elo] A gk EZE KB 72304 AA /a8 Erd
o] E3l®l B9l KB-ALBERTIHE 20214 6Qol=
25T 20219 11499+ KLUE-BERT(26], KoG
PT, ET5 Z@o] 37]¥|glch. KLUE-BERTE =]

8) https://aiopen.etri.re kr/service_dataset.php

9) https://ko.wikipedia.org/wiki/

10) https://namu.wiki/

11) https://commoncrawl.org/

12) https://corpus.korean.go.kr/

13) https://www]1.president.go.kr/petitions
14)https://github.com/KB-Al-Research/KB-ALBERT
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Trainin,
Architecture | Name 0 Tokenizer Vocab size Corpus # Params Published by
objective
KoBERT MLKM,NSP Sentence—Plece 8002 Korean Wikipedia 92M SKT
30,349
Morpheme, (Morphemes), MNews,
KorBERT MLM,NSP i 11om Etri
WordPiece 30,797 Encyclopedia
(WordPiece)
General document,
HanBERT MLM,NSP Moran 54,000 128M TwoBlock Al
Patent document
16,424 9oM
) (Character), Korean Wikipedia, (character), Seoul  Naticnal
KRBERT MLM,NSP WordPiece
12,367 MNews 96M University
(Subcharacter] \sub—characier)
Morpheme-based hodo-Corpus, NamuWiki,
KLUE-BERT | MLM,NSP 32,000 P B 1M kue project
subword CC-100-Kor, News, petition
o Korean Wikipedia, NamuWiki, individual
DistiKoBERT | MLWM,NSP Sentence-Plece 30,522 27.8M
News, efc. (Jangwon Park)
Korean Wikipedia, 12M (base)
sel,
Encaoder KoreALBERT | MLM,SCP Sentence-Piece 32,000 Sejong-Compus, i8M llaroe) Samsung SDS
Book Corpus, News, elc. uel
Korean Wikipedia, NamuWiki,
KALBERT MLM,SOP Morpheme, BPE 47 473 Web, - individual
Book Corpus, News, etc.
KB Kookmin
KEB-ALBERT | MLM,SOP - -
Bank
Korean Wikipedia, NamuWiki, individual
It I
KoELECTRA | RTD WordPisce 35,000 Mews, Messags, Web pags, | 112M )
(Jangwon Park)
etc.
individual
KcBERT MLM,NSP WordPiece 30,000 Naver New Comments 109M
(Junbum Lee)
) Naver New Comments, MNaver individual
KcELECTRA | RTD WordPiece 30,000 124M
New Reply (Junbum Lee)
Korean Wikipedia, MNews, o
- individual
KoBigBird MLM.SOP WordPiece 32,500 hodo-Corpus, Commen | 113.8M
(Jangwon Park)
Crawl, efc.
Korean Wikipedia, NamuWiki,
N M Revi
KoGPT2 NTP Character BPE 51,200 ews, Movie Review, parsed 1250 SKT
korean
commanCrawl data, etc.
KoGPT-
§ NTP * 51,200 Ko-DAT dataset 128 SKT
Trinity
Decoder KoGPT NTP ! 64512 ~ 605 kakao brain
Korean Wikipedia,
Modu-Corpus, Documenis | 1.3B, 6.9B,
Morpheme- Aware
HyperCLOWA | NTP Byte-level BPE - allowed to be searched on | 13.0B, 39.08, naver
e-level
MNaver (News, Blog, Web | 82.08
document and Comments)
Korean Wikipedia, News,
KoBART DAE Character BPE 30,000 Book, Modu-Corpus, petition, | 124M SKT
stc.
Copus, a mixture of Korean .
) Korea Electronics
Encoder - (A corpus buill on its own
KE-TS mask-fill Sentence-Piece 64,000 247 Technology
Decoder and Modu-Compus) and
Institute (KETI)
English.
mask-fil Korean Wikipedia, Newspaper
ETS DAE ' Sentence-Piece 45,100 article, broadcast/movie/drama | 60M Elri
script
1.3B, 13B,
- EXACNE - - - - LG-research
39B, 175B
Fig. 1. Figure of the summarizing the properties of the Korean PLM. MLM and NSP indicate Masked

Language Model and Next Sentence Prediction, respectively. RTD, NTP and DAE indicate Replaced
Token Detection, Next Token Prediction and Denoising Auto Encoder, respectively. For items that
were not disclosed, it was indicated as ~, and the tokenizer built by itself was indicated as *.
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HA S Ho]eQl KLUEA] Hlo]AZIRIC R AREE|
e mdlg E—,—«] Wa], CC-100-Kor!®), Y5971,
T2, B Y BA0NA FE3 63GBY HolHE
SH5E 2t Morpheme-based Subword Tokenizer
£ A&, vocab sizew 32,0000]2 29| F7]=
111Mo]ct,

KoGPT+ kakao brain®l4 5703t @2, GPT3
HdS fAmpste] k= g0} PLMelt:. 200B9
EZoZ s5H 6BY 2AYEEHOH, vocab sizeE
64,5120t} GPT RdE} vp7HAl 2 transformer
decoder?:&& ©o]Fo]x QI

ET5& T591A9Y mask-fill#F GPT3949 Next
Token Prediction FAJ0 AP8ls3 mdlo|ct, 97
Wt AZ7IA WS dE, gt/ St i FollA
FE3 136GBY] Hlo]HZ 855ttt SentencePiece
tokenizers O 2 45,1009 vocab sizeE 7HItt
Hdg9] 97|+ 60MelH, IFZH-HFH {25 7t

npxgto g2 202149 129 LG Al researchofAl
3703 EXAONEL HIAE, 34, oH|X|& HEgo=
sk&E HE| 2P (multimodal) EEE A o]u] 2|04
HAE, HAEOA 4 5 AFAHE #gd & itk
2499 37| 1.3B, 13B, 39B, 175B 528 A
Hdolm, oba] FA=A] ekt

2.2 AN S7het ot=0{ PLM ¢

SACAE  Aedietart Ad 20208 8¥
KRBERT[271E 3706ttt KRBERTE= 71& BERT
T3 o7 2 MLM@ NSP WA 08 Abdekss
zdojt}, vocab F7|1E= 16,424 (characten)®@t
12,367 (sub-character)]2l WordPiece tokenizer
£ ARSI 24T19] o] Y7ot H A &
oz s , gtolo] EFE L i A2
BERT €< ?l‘éfﬂ GRS

2.3 J4210] 70t o+=20f PLM St

7Hede] 0%t #22 =0l PLM2 20194 11€
o 37} KALBERT10°0]t}. gh=to] f]7]z|t]o}, 7}o]
AE W BFAN7) 9 AlE BFA|18) Hlo]H 6GBE o
4% 2d= BPE, morph tokenizer’} AREE ST}
ALBERT 2@ vlX7IA2 Masked Language
Model¥} Sentence Order Prediction ®WHOZ ARH

k55U

o]& 20204 19¥oll= KoBERTS} 53t tokenizer
9 AASK: taskE ARSSH DistilKoBERTZF 5705 A
o} 27.8M9] wEtnlE 27]1& 7HK o] Hdl2 7]E9]
BERT ¥ st=o]7]¥te] BERTREEE Bt 277} &+
t}. gh=o] f17]mj ot ‘/}-‘?—-?47], & GOE 0]Fo]
A 10GBY t©lo|g&2 sk5EQloH, vocab 7=
30,5220]ct. 20209 4¥ol= ELECTRAY] ¥t=of H
%9 KoELECTRAZ} 37H= it

7129 gt=o] PLMo] tjRE 3=l 97], w24
71A & BAE dHolHE HIE R g Hdd
2Roksto], Hlw A A=A A Alxo] 9 QERAE
th=F 236l 9 $ho] 9 (Korean Comment)
Ho|E 2 gs5H 3o PLME 5735H3itt 20204 7
2ol 371% KcBERTS} 20219 420 F7HE KcELE
CTRAC|t}. & 2d@ o} WordPiece tokenizerg Ar&
s, vocab 37]+= 30,0000t} KcBERTY g5
AHEE dlolg9] A7)+ 12GBolH, BERTS: nhit
7tAZ AFAE<5o] Masked Language Model®t
Next Sentence Predictiong -85t} KcELECTRA
= KcBERTHET B2 9F (17.3GB)9] HolE & sk&E|
Act. Replaced Token DetectionO & APHSHEE
om wdlo] meh|g F7]= 47 109Me} 124Mo|tt.

20214 1029 370% KoBigBird= 252 WaA],
Sk=to] 9J7], Common Crawl, 72 Ho]& 5 70GBe]
sh=o] tlojH&2 S5H  BigBird[28] ZEdoltt.
BigBird 2@} 7R 2, 7|& PLM REE Kt 8o
9 71 sequence input¥ WE 4 U3 random
attention & TSt attention®Z 4% sparse
attention mechanisme &-§3t Hdo|c}, RFo o
A, sk=o] 9471, Common Crawl, FAZRE FE31
70GB9] doJHZ  Sk59lHOe™,  WordPiece
tokenizerg® AMEFSFATE vocab 7|+ 32,5000]H,
model®} next sentence

At F7iEl HEo] shetu]E

masked language
prediction® APk
A7|+= 113.8MBe]t}.

15) http://data.statmt.org/cc-100/
16) https://github.com/MrBananaHuman/KalBert
17) http://semanticweb kaist.ac.kr/home/index.php/KAIST_Corpus

18) https://github.com/coolengineer/sejong-corpus
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Architecture  mPLM Training objective Tokenization Vocab size  Corpus Prams #languages W/ko
mBERT (uncased) [3] MLM, NSP WordPiece 105K Wiki 167M 102 |v
mBERT (cased) [5] MLM, NSP WordPiece 120K Wiki 177M 104 | v
distil-mBERT (cased) [45] MLM, NSP WordPiece 120K Wiki 134M 104 | v
XLM-17[7] MLM BPE 200K Wiki 570M 17 v
XLM-100 [7] MLM, TLM BPE 200K Wiki 570M 100 |v
XLM-R (base) [46] MLM SPM 250K cc 270M 100 | v

- XLM-R (large) [46] MLM SPM 250K cc 550M 100 |v
mLUKE [30] MLM, MEP SPMd 250K :ék‘ * 585M 24 v
infoXLM (base) [32] MLM, TLM. XICO SPMd 250K cc 278M 04 v
infoXLM (large) [32] MLM, TLM. XICO SPMd 250K cc 550M 94 ¥
XLM-E[33] MLM, TLM, TRTD, MRTD  SPMd 250K cc 278M 100 |v
XLM-align [34] MLM, TLM, DWA SPMd 250K :ék‘ * 278M 94 v
AMBER [47] MLM, TLM, WA, SA BPE 120K z:l b 172M 104 | v
Unicoder [35] NI, T, BPE 250K . 270M 104 | v

CIWR, CIPC. CIMLM MT
mBART-25 [37] MLM, MDP SPM 250K cc 610M 25 v
mBART:50 [38] MLM, MDP SPM 250K (\‘:l:k:' 610M 50 v
S MLM, DAE, XMLM, - ; Wiki + ; i .
XAE UN corpus

B TS (smalb [41] MLM-SC SPM 250K mC4 300M 101 v
mTS (base) [41] MLM-SC SPM 250K mC4 580M 101 v
mT5 (large) [41] MLM-SC SPM 250K mC4 1.2B 101 7
mT5 (x1) [41] MLM-SC SPM 250K mC4 378 101 v
mTS5 (xxl) [41] MLM-SC SPM 250K mC4 138 101 v
ProphetNet-X [48] MLM, MSP SPM 250K (\i‘:k‘ e 616M 100 |v
VECO (small) [42] IS-MLM, CS-MLM SPM 250K e 247M 50 v

OPUS
VECO (large) [42] IS-MLM, CS-MLM SPM 250K i 662M 50 v
OPUS
CC+
MultiUN +
mT6 [43] MER TEMARCEE. ooy 250K OPUS + § § v
PANT i
Wiki +
1T Bombay

Fig. 2. Multilingual PLM with encoder and encoder—decoder structures. § indicates that an element is not

specified in the references

3. Multilingual PLM

tHto] AEG BEL ofg dlol shte] rE
38 A5HL HejEth ol ofF ol 3F
o}z 412 sto] A2 ool thet B ks
98 AT 92 AGA dof 2d Hgw
53R 2 ool Holee] o BAZ ReRe %
S Aol EAV A, ol AES 2EE

il

AFgsH 1A
ol F& sjEdg & St
Sl AR ool &
g Shatr] 913 oo 9 o] HolEg 4%
2L HwE 7RpEA A ofet olR &,
Aole] olold 4

she

1A dojel AR o]
(cross-linguality) 2 # 88 4 9ok, 149 o
oj9] BEZ HIFO & Fh=ro] FA 9] HAINA Fs

Aol

o gste] vlojel A

AE

Siek. A ol APE:



Cross-Lingual Post-Training (XPT)g 9/8t 3t=0{ & Ct=20f olojza ¢z 83

=Y 4 Ak AR theto] ARSks 2ES ol &
AL o doj o] ARRE FAsfof sk
2, 430 2 dHE ASS 8%t ol wEulH
$E I7HA B9 77t 7shESEoR AdE
ofu|st, of2] AfB|AcA ARESL7]O] OB Z?ﬂ
gt dE E0], &Y Qo] ZE BERTY 7
110M9] m2tu|e] 5 71 Sl W, th=to] BY
%l mBERT= BERTO] H[5f 1.54] ©2 167M9] n}t
u]EE 7ML Qlet. o] @ Qlof mdo| opd o=t
o] o] wehg ARSSIH, ok 1.54) o g2 HFH
ZAAE 85k Aot

o] AlHSks 2dl EfARNO gAY A
glo] QT AFoZ 4 AT 3 Bt QF
o-t 3 729 APAskss o] glct. Bk ofygl,
O3t AZo2nt o]Fojx ¥nd E3t th=to] 1E
2 ERE 9ot B M)A 33 XPT 2}
=015 ZFol= tho] A 2E] 45 HluE
QJoff BEe] LxEE tho] APdeks R dis) Z
Als] E-Agtct.

Fig. 2& 1ol & Shgol S t=to] AP
mdof gt 2 E S5l gt W8-S 8.9t Ao
o 34 d=Ele} QlAH- ﬂ:’ti TRE FESIG o
SME0] A G HHEL §2 H7|FHYLh

3.1 QT (Encoder) T£Z2] mPLM

AT AFCET 4% th=o] ARdehs Hd2
AL Aoj9] AAo] ofsf (Natural Language
Understanding, NLU) BlA3 A58 =0]7] 9st 77}
ojFoj L Ut 7] t=o] ARdEE HHQl
mBERT+ BERT®} 543 WO theo] IWAS
SHSATH3]. BERTZF AR83F Masked Language
Modeling (MLM), Next Sentence Prediction
(NSP)59] et Hog t=tolE dh5ste] AAHY
Qofo] thet ‘g5 ¥Y 4= = Aol HEF, o]
A7+= th=0]9] 39l Cross-lingualitys 88202
k5517 flof ohefet APk We A8sigith

o[Z|gt APdStE WHol= A oE B¥E dHoly
Aol YA EAT i g2 AZste] dHdE 4
Sh= Aol ¥HQl Translation Language Modeling
(TLM)[5,29], MEJEje]l mpATE o] o]F o &3l=
A =85 19l Masked Entity Prediction (MEP)[30],

throjof] MLMZ A-85to] miATS AS5l= HIA =
5H5<1 Multilingual Masked Language Modeling
(MMLM), HE dlo|elflo 9] A AAE 42 & ol
B8l Alternating Language Modeling (ALM)[31],
HA] dojeF i Aojo AlEA AHY] fAIEE o
Skt Cross-lingual Contrastive Learning (XICO)
(32], ELECTRA AbdEls WS 2x3E Translation
Replaced Token Detection (TRTD), Multilingual
Replaced Token Detection (MRTD)[33], 38 &4
Ato]9] tho] HE S k&3S Sk Cross-lingual
Word Recovery (CIWR), ©o] Ato] ZE3} FH9
Lo]25 J&35t= Denoising Word Alignment
(DWA)34], YAl g3} 51 £749] 9|7t 5YeHA|
B3l & ARo]9] Cross-lingualityE 8hs sh=
Cross-lingual Paraphrase Classification (CIPC),
th=to] BA{o419] MLM= 3519 document-level 9]

perplexityE @3+ Cross-lingual Masked Language

Modeling (CIMLM)[35] 5-9] tioFst APdEhs HPES
o] 85h= th=o] APk Zdo] oh

3.2 C|F(Decoder) 7£Z2] mPLM

Oig ASUHOR o]Foj thato] RE2 o W
2 gelulg £8 7 B9, By og GPT-3
7F itk GPT-3& 9] ZHAoA 23 of2] o
ol2 yMUZE Aot shEStlL, HiEF 120719
AojE ZejIct E3F GPT-3+& GPT-29F o] ¥
9] cross-linguality 28Z Shgote AR W
glo] @3] Casual Language Modeling (CLM)TES.
2 cross-linguality® =%t GPT-3= &% 3ol
EZO0= SEHARE HlolHAl Yo o7 o 5ol
g0l MY 59 HAALE $PT 4= §lof th=ol
ndlg Ba9t GPT-3% in-context learning®.2
F7HR1 7HSA] gHolE glo] HiAA AHW (Task
description)¥} £29] A (Examples) THOg& 2
3l Few-shot inference®@ BjAIE 3ttt o]=
oAz Igel HQskA] Yob Unist
(Generalization)o|Al #A+9] H71E dh=ct

SIAT, GPT-39F 22 "2 gh=ojek 22 A
A dolo) gt g ai EAE FEsH=s Aol ofd
EAIFo] A5ttt 1) GPT-3+ 17589 27|12 Hi5
Hog AN £ Qe 3719 Hdo] ofywH, 2)
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GPT-39] 35 HlolEAl Wi 120719 211 & 92.5%
gojs goidl wh, ohgol ZE d=ole 24
0.01%= Joiol FH3] HF=A At o]t o=,
Hze Asozgt 49 t=o] Abdeks Xede A
A Aofoll ARgsl7l= o tha 727 HH36].

3.3 QIFGH-CIFE (Encoder—decoder) 7222 mPLM

O] FHof|A] cross-lingualityS SH&53}0] A}1o] o]3f
HAIE $3cke A olle, Aol B4 (Natural
Language Generation, NLG) BlA3E $3517] Y3t
AFE-HIH ASS HF 7H tho] APHes 2
o] ek t#EH O mBART[37.38] % MASS[39] &
g2 A2 91019 714 Y 52 =ol7] sl ok
dojo] Fgo| &2 & ¥ & L Edste=
Multilingual Denoising Pretraining (MDP)}& %8
sto] thE dojof gt BEES ShEokTh

XNLGI40li= mBART®} fAFHAl 49] 95 EEZ
A1 AR ESZ W= HOoE o &44& &
F39] Y-S BUst= Denoising Auto-Encoding
(DAE), ¥ FHAE AREoto] YA £33} B3k 27
o st EZ d|&3]= Cross-lingual MLM (XMLM),
A 24 5L Ao £ A/dske DAE WA
9] Cross-Lingual Auto-Encoding (XAE) APHSHs 4
THE A XNLG 22 MLMI} DAE AFdSls:
HATE o dstHA &Y o] EFE (monolingual
representation)& E5FHA, XMLMY} XAE AHdst
& 23 E =3 oA cross-lingual RS
ggsto] Ao 7t ekt Ado] A HiAT Y s
=34

Eg, HdY FAV|E TlskEgAlE 7194,
Span-Corruption Masked-Language Modeling
(MLM-SC) AH#Ieks BiATE &1, Ho[HAlY £
ARYE 55 sh5SE mT5[41), ©gddojo] st
MLM (IS-MLM)2.2 2o} o]sf ejAazof thet A5
< ¥0]1, t5dofol] gt MLM (CS-MLM) BiA=
£ 8251 Cross-lingual generation E{A=0] T3t
‘d62 =% VECO [42], E 432 &4 tisf npA7iel
spane 9&3l= Translation Pair Span-Corruption
(TPSC), ©giole] &) s AT E spang 9
&3+ Translation Span-Corruption (TSC), H&
Zog BAL Uk & tIYsh= F219 sk vl

Partially non-autoregressive decoding (PANT)E
&3 mT6[43] 59 Aol B AT w2
4= AT AFE-HIH th=o] ARdEs Hdo]
Atk

4. Cross-lingual Post-Training (XPT) Bi#i=

E =72 Cross-lingual Post-Training XPT)%
HEE o]8slo] IAAFE Edo] F-Eolal o]E 3=
PLM¥} SH=+o] multilingual PLM¥}9] H|w EA4S
AgPstaAt sict. XPTY ZE sh5ag2 Fig. 33
2ot APASHE BgollA YAl o] Bdo] niEtu|E
% FYugt gaugE AEste] B Qdoje] 2dS
z7131Rtt 11 & ASAIS, d¥d AS 121 &9
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Shoh vpRet o ® 3 iAo ojet wARE S XIF
gtk oo WA APASkE: S DAEE Alest,
IAFERY vARY DAE "YU A=ttt
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gt & kgl ERol e AT HA ¥ ASS
TEske 2ol AwEofoF it
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9
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language. ITL (implicit translation layer) refers to the Adpater layer
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T3tk 11 % [CLSJOll sfgok= hidden state vector®t
AR&35lo] Linear LayerS 3 419 7l AQos
HYT ¥, softmaxE B3 BAE ASTch

5. 4

oot

U N3z

5.1 HO|E{Al

A Aojrdle] XPTe5= 93l =0 f17]9d
o2 ARgsith 9y|mtjolEE7] (Wikiextractor)
(4415 AR&ote] AR &0k, 253 EAE 24
A2 B35t SentencePiece tokenizers ARE-of
of EFUolAeth 1 2, 4.19M9] S FET
o o]& gxdolE 4M, AISHolE 100K 11
EIAETHo|E 88KE F-Edto] Shgof ARBRItt

olgA gr&H XPT Zd9 #AFE 45%7IE 9
sj4= KLUE-RE H°[EAlS AR&_tth. KLUE-RE
[26] TlolBAl 32470709 Sh<5HlolH, 7,765709
HAStel" & /4= lon HAETHOHAZ
S7M5HA @43k71 wiizoll A5 T olHE HIAET o=

stof 4% 24 2@ vlma,

5.2 24

£ =EoAE BERTY Tl 44 nta?] EAE
343 RoBERTaS AR&3tch RoBERTa-base@loj|
ghto] 91713 tof HloleE A&t XPT ohs<
Agygiet. h5E o gk w|A|2gA] KLUE-RE
tlolE A AREste] TAFZ Higt 452 STt

S HdZ ghato] APSks Ky} H|ws}|
KLUEBERT 242 ARgslo] BASE oo ST

O

1

E, 7129 multilingual @3] HwE 9
mBERTO| tiet A2 ds& A S4s1o] vt

Ho|skEs2 Hix|Alo]Z(batch size) 256, SHEE
(learning rate) le-42 & A®(totoal step) GOKTHE
S50l o] FojXIt}. mARA A= B | Ate] Z(batch
size) 32, 5E(learning rate) le-52 159
(epoch)THZ B3ttt

5.3 Tt X|&E

IAFZE Hst Hs H7F A H(metric) 2.2 =
micro-F1& ARESIch uN|RGA] AREs]= HlolEjAlCl
KLUE-RE= 328 E4F0] 7] Wi, S84
W AE 25 785 micro-F1S B/ ER AR

Kissg

54 HA

XPT Hd 2 Hud 7lezdo] et
KLUE-RE Hlo|E{Ale] #AFE 52 Table 19]
At A¥ Z3F}, Cross-lingual Post-Training
XPT) 299 AL 61282, 7|29 multilingual
model?l mBERT®} Bl wslH21 6.01 FAE 2=
Holth o]& & A g9 =& o] Holg tte g
i FHAE ShEH APAShE: HdET 55
4= Hole A& IAT & At &, gh=o] APASH
< 299 KLUE-BERT®} Hlwot3te off thefk 3.85 &
7Fooith. ol= WHiet o] HHE Qo] ZWAR T3
H HdS AMGShe AR YA of ARdSkE 2
9] getuBE doo] wet A&Esto] shsst= Aol
o ot AL U 4= ok B3 A5 ASE
g-gsto] Adof 7te] Aol & T5otA st Ao] S5
28 &0 =& F U2E ¢ 5 Aok w
A, Aol FE3t qlojofl A ARk dlojRdE S5
5t7] s e ZHAE FSotes AR Ao
THE Aoj9] AR BdE E-85t= Ao T &&

Aok A & 4 Ytk

Table 1. Experimental Results on KLUE-RE dataset

Model Micro—F1
RoBERTa (with XPT) 61.28
KLUEBERT 57.43
mBERT 55.27
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