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ABSTRACT

Recently, a technique for applying a deep learning language model pretrained from a large corpus to fine-

tuning for each application task has been widely used as a language processing technology. The pretrained

language model shows higher performance and satisfactory generalization performance than existing

methods. This paper introduces the major research trends related to deep learning pretrained language

models in the field of language processing. We describe in detail the motivations, models, learning methods,

and results of the BERT language model that had significant influence on subsequent studies. Subsequently,

we introduce the results of language model studies after BERT, focusing on SpanBERT, RoBERTa, ALBERT,

BART, and ELECTRA. Finally, we introduce the KorBERT pretrained language model, which shows satisfactory

performance in Korean language. In addition, we introduce techniques on how to apply the pretrained

language model to Korean (agglutinative) language, which consists of a combination of content and functional

morphemes, unlike English (refractive) language whose endings change depending on the application.
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7HA S (self—attention) FARS A% AT

BERT ¢lojitdllo] =i} &2l N79| dof(&

72 229 HEE sk

APAERs EH/\ELE— Masked LIM(MLM) EjA=
9} Next Sentence Prediction(NSP) EjATE -85}
ok A WAz, MIM Bl 3 dojg &
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&% Reprinted with author’s permission from https://arxiv.org/
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In meteorclogy, precipitation is any product
of the condensation of atmospheric water vapor
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Precipitation forms as smaller
droplets coalesce via collision with other rain
drops or ice crystals within a cloud. Short, in-
tense periods of rain in scattered locations are
called “showers”.

What causes precipitation to fall?
gravity

What is another main form of precipitation be-
sides drizzle, rain, snow, sleet and hail?
graupel

Where do water droplets collide with ice crystals
to form precipitation?
within a cloud

Z£X| Reprinted from https://www.aclweb.org/anthology/D16-1264/,
CCBY 4.0.
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BERT 1| @l base HEO] 742 12 layer, 12
multi—head, 7683} B2 WE] 2 L4511, BERT
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BERT 91012218 31452 917k Ho]e|2 Books—
Corpus(800M o) 2} Fo 917]HK2,500M Thoi)
£ A48 SIS, 1 o 16GBelct, )
7852 256 W] (batch) & ARE-51], 1M step 31
ok st

BERT 10X g2 30,0007 2] & =3 A (Word—
piece) -201] TR L Balelo] el
KTt
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75, I;GEE]' =2 82, 1% (BERTLarge, single model)

= 7153131aL, SQUAD v2.0 57} At 71E #aL
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SpanBERT, RoBERTa, ALBERT, BART, ELECTRA,
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L(football) = Lyram(x7) + Lspo(X4. X, P7)

an  American football game

L[ [ [ [xa] [ xs [ [ x| [ % | [ xs |[x0] [ xi0 |[ xur] [ x|
Transformer Encoder
Position . -
bmbeadings | PL|[ P2 [[Ps [[Pa | [ Ps [[ Po[[Pr|[Ps |[[Po]| Puof[Puf] po |
+ + + + + + + - + + + -
Token |Super‘ |BUW1 || 50 || was ‘ |[1\'U\SK]| |[M-‘§SK]| |[MASK]| |[MASK]| ‘ to ‘ |determiue|| the | |cl|ampinn|

Embeddings

£X Reprinted with from M. Joshi, “SpanBERT: Improving Pre-training by Representing and Predicting Spans,” Accepted at TACL, 2020.
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[11], SpanBERT?] =8 7HA W-8-2 Span Masking, 2 J&S 7244311, NSP AT E A Qlsto] sk5

Span Boundary Objective, Single—sequence training®] 3} -9, Ad5°| 7IAE& EAiTt,

Al 7] o], SpanBERT ¢10]5 2.2 BERTLarge * &7} 53t

3 A, Span masking BERToIA 2} =22of v wel AMgs}gom], S50l el = BERTS}

A qEH o g [MASK] EZS WSk Aut & 3 BookCorpus 2 o] $J7|M1}S A}g-5}o] 3k

P, 245l s G 2 sl ol (MASK) - Sfsie], ARISHS: 256 buch A, 240
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o} oJo] 9J7|MILE ALE-3}e] 8K HHA] = 100K step
H53519S 49, SQuAD 2.0 F1 7]% 87.3%0]
L}, 3}5H|o|E|E CC-NEWS, OPENWEBTEXT,
STORIES H|o|E& E3510] 160GE 583l 500K
42 SQuAD v2.0 7] F19]
89.4%71A] GFAYE|9l. o o]= BERT & XINet &
OhE 7|E AFtE Pt s e B
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3. ALBERT

ALBERT%:= 20199 99 Googleol| A 578t =5
© 7 BERTLargeH T} & RS gata oz 3}
sto] s 7IAdsh ] 913t 'S Aet =
tH13],

%7] AF 07 24 layer®] BERTLarge 22 1024
Al WE o] 4] 20482+ Wl 2 27|15 7|e
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Z£X Reprinted with author’s permission from https://arxiv.org/abs/1909.11942
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A|ereteitt, ALBERTO A A|QFsH HPH-S- factor—
ized embedding parameterization, cross—layer parameter
sharing, inter—sentence coherence loss ] Al 7}Z| o]t}
A WA, factorized embedding parameterization-=-
BERT 5lo] 57]2} o] =2t Qi) siefue)
L 2 Bule] S0 slep|elo]n, EaAm
w dolo] tje] SIE Wels i Bulg
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Z45101, 1282FY 2] HE]S FENNS 0|85}
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SUspA 483 ol 18l 49t o] 2 o
olole] e uElet 22 Ml Aole] 12 disance
2 cosine FAFEES AAFSH A3} parameter sharing
2 AST AL DA e APuC Y7
(Smooth)2] ¥ISHE WIS Slalslaic)

A WA, inter—sentence coherence loss= 7] NSP
B} 237} segment®] A (topic) ©] HHE= ASh=
2719} segment7h 2128 Coherence) & QI ABRE &
A7t o] 98-8 AHeka, 24 Q14 2l
A|A3E7] $Igt Sentence—order prediction(SOP) Efj~
= AlItel3Aet, SOP i 5 wAfolA &
£ 0Z Y segment a®} segment boy| T3l A
50%= L AR AL, 50%= =AE HHY
A dEste], A7E BHAIEA] oS A s
B0},

ALBERT 1o{% 98 RoBERIa®} Zo] 160G H]
olf| = 3h5ofal, 4K iR 2719, 1.5M step oF

531}, SQUAD v2.0 EIAEA A 57} Au
Single model> RoBERTa %9 89.8% F1:t} 1.1%
222351 90.9% F1 A5S B0, ensemble 2

= 92.2% F1 452 HAT

4. BART

BART (Bidirectional and Auto—Regressive Trans—
formers):= 2019 10 #|o] 5ol A F7Heh ==
o[th14]. 7] BERT % & 117} Esfizesrm
9] QIS (Encoden)The ARERE 21} &, Q151H
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S, DREelA oA HAe] 2E A
S the DAY o= ARE-(Auto—regressive)
Edfi QAT AR A9, oY BEF
2l =2 27} 2ok Alofo] WA, BART
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or ru lo fo
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BART+= APdehE BlAZT R token masking, token
deledon, text infilling, sentence permutation, document
rotation®] A k5 Bl AT E A|okslgi o, o] =
text infilling> 2] Zo]o] BIAE spand 52
MASK] £50 2 Wgshe Zlojch, ¥z tha) €]
AE pun 9] ARIE A7) WAl S-S w
26} Lol F3L(Poisson distribution) & AME-S}S
o (=35 ARSI Text infilling A, 0—Z0]
pants. [MASK]E Wgksto] 5 9Jxjo] Bz &
0] QIO SRS RS gl 1
S BARTS] text infiling 43 o} WojZch, A o}
=2 = 0 4o text infilling o|A0]3L, B th&2] _
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Bidirectional Elr> Autoregressive
Encoder Decoder
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Z£x| Reprinted with author’s permission from https://arxiv.org/
abs/1910.13461

21215 BART 2% text infilling Gi|]

tjsE] 12 o], MASS, GPT, XINet, UnilM &=
g 2o} vl AR 5to] ARt Bt o] 942
ar2 Wi}

BART 22 BERT?] 24 layerg 915
g2 12 layer2 E3H5to] 2ElS
RoBERTa®} 22 160GB2] 3150l el S AR5}
Ak, ghgoll ARg-E #iA] =27]+= 80000]4L, B
step= S00KE AE-515Tt,

A% Ay}, BART= 2lofo|s)| gjAFof|A] Ro—
BERTa9} H|S:3E 2320] A5S Eylon,
BERT % RoBERTaof|A Z-80] o]z]g o] A
(Generation) EjAF o)A E <=3t A5 H T}
2lofolsf ef2=Ql 7] Al=3l SQUAD v1,09 A=
RoBERTa¢} 3t F1 &S B3O, SQuAD
V2,00 A= RoBERTaS} 0.2% 2}o]Q1 89.2% F1 A
oo 23t} o] A BiA=2] XSum QoF B

] 12 layer,

/33l

_l°1’
i)

1812 oloj= el 7|& S8 15

FoA= Ay A+ FaL Ad5< 31.27 Rouge—L
ARt 5984 =2 37.25 Rouge—L HE &5
Bl

5. ELECTRA

ELECTRA= AEHEZET 9 Google Brainof| 4] <=
&5t AR, ICLR QZ )i Alo|Eof 7|5}t
ICLR 20209 &3 <21 Ato|tH{15].

ELCTRAA s Astaiat oF EA4l= N7J9| ¢
g B2 F [MASKIZ HIZHE 15%0f| 41T loss FEo]
A7) wZoll dojmde) g5y aaAdo] Hoj
Zth= Aok, ol s dstr| $fsto] N7je] A=
BT ANA lossE AXFsE7] 917t S AIjkst
ST,

ELECTRA =24l 35 oAl= 219 63} £t
$4l, BERT®} 5 U3HA 15%2] Bl tisiA]
[MASK]Z 38t} o]3F Generator FEYS 0]
§5to] 7} [MASK] =2 tisfiA] olS dols 5

3} Discriminatoro]| 4] Generatorof| 4] FH2Fat Q)
do} .= B30 o3 original F1= replaced o5&
B}

ELECTRA= Generator ¥ Discriminator (-%5 A}

sample
the —> [MASK] —> --> the —>» —> original
chef —» chef —> chef —> —> original
Generator Discriminator
cooked —>» [MASK] —>| (typ|ca||y a F-> ate —> (ELECTRA) — rEplaced
the — the —> small MLM) the —>» —> original
meal —> meal —> meal —>» —> original

£X| Reprinted with author’s permission from https://openreview.net/forum?id=r1xMH1BtvB
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90 xuNet_ __ 200k steps. _ 300ksteps . ADOKGzteRs
_BELECTRA- Large T
’/ 100k steps lT)%EEsE;s
85+ ECTRA-Base

__eBERT- fal:ge
/ p‘BERT Base
E(Ec;‘rRA—Small
joceT
/

@
=

GLUE Score

75 4| #BERT-Small

®ELMo
704

eGlovVe B-m Replaced Token Detection Pre-training
*—s Masked Language Model Pre-training

T T T T T T T T T

0 1 2 3 4 5 6 7 8

Pre-train FLOPs 1e20

EX| Reprinted with author’s permission from https://openreview.net/
forum?id=r1xMH1BtvB

71217 ELECTRA B2 k8 &

Both= Aol 4] GAN(Generative Adversarial Net—
%2 7}A A, Generator©]| A]
e Thojel FUT THolE WY 47 original =
25k, 24 $H4=7] DiscriminatorS 450]7] $J3t
loss7} P Maximum LikelihoodE ¢3¢} Loss2h= 4
oA GANZ} Z}ol = 71Tt

ELCTRA 2@l 32| €|AEQ] 1597} opd A
Al QI AEZRE los7} ALHE7] wiszoll 2718k5
Sz wEchs S 7Y, 9 73 el 5

U3k APSks FLOPSE A 2]8l%l& 735, BERT—
Base, BERT—Large, RoBERAaY T} 931 455
Helct,

ELECTRA®] sh5H|o|8 = XINew!} F U7t H
o[E|E AMESIRIL oF 142GBo|t}, iR =7]=
20480111, 1,75M step SH52 438510, o]=
BERT Large 5@l thu] oF 4 4uf 8152 =303+ 2
¥}o|, RoBERTa(4.54H)9} H|S=Rt =<=9] oh5 2
o|et,

AY Avk= 9 89 £tk SQuAD 2,0 HIAE
Al 7)Z, RoBERTa & 89.8% F1, ALBERT 90,9%
F1Xth %t 91 4% F gt Az
ALBERT: ELECTRA =gt} 108 W2 k5 of
4k sk

Iv. =0 Eai'd ¢10{2 & KorBERT

= Hof

.

= ETRIONA APkt @] geid glof
I2dl KorBERT | thsf] 2x7i2HeH17].

Yo dlolnde TS B2 a9z PRI
F, £ B2 Alo]9] AE st mdo)]

. SQuAD 1.1dev  SQuAD 2.0dev  SQuAD 2.0 test
Model Train FLOPs  Params EM = EM F1 EM 1
BERT-Base 6.4e19 (0.09x) 110M 80.8 88.5 - - - -
BERT 1.9e20 (0.27x) 335M 84.1 90.9 79.0 81.8 800 830
SpanBERT 7.1e20 (1x) 335M 88.8 94.6 85.7 88.7 857 887
XLNet-Base 6.6e19 (0.09x) 117M 81.3 - 78.5 - - -
XL Net 3.9e21 (5.4x) 360M 89.7 95.1 87.9 90.6 879  90.7
RoBERTa-100K 6.4e20 (0.90x) 356M - 94.0 - 87.7 - -
RoBERTa-500K 3.2e21 (4.5x) 356M 88.9 94.6 86.5 89.4 86.8  89.8
ALBERT 3.1e22 (44x) 235M 89.3 94.8 874 90.2 88.1 909
BERT (ours) 7.1e20 (1x) 335M 88.0 93.7 84.7 87.5 - -
ELECTRA-Base 6.4e19 (0.09x) 110M 84.5 90.8 80.5 83.3 - -
ELECTRA-400K 7.1€20 (1x) 335M 88.7 94.2 86.9 89.6 - -
ELECTRA-1.75M 3.1e21 (4.4x) 335M 89.7 94.9 88.0 90.6 88.7 914

£5X Reprinted with author’s permission from https://openreview.net/forum?id=r1xMH1BtvB
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E20iR |2 7S s SY/IEHEREAD E20j2 4 ElAT ZIASSHEl A2 EH/EMER e~
(DI 452 85.77%) (KorQuAD devAl 94.18%) (CH2AH#215173.73%) HOIA 45:81.85%) (KorQuAD dev 90.68%) (E2faH#=213166.3%)
Ao T E U Y ey AOoj2E T E 2 e YE e

S T N I £1 £N B BN BN BN i3

g5 [ [ | ] o) ] = FEE
EEI e l}J’}' z"E‘E“"(M‘ultl head Self- \At;ent\un MudeD %EI-QIEI}J'}—;:}%E’% (Multi—h;‘d“self—ﬂttent\'on Maodel)
EAlra IGcERE| || EEEECt
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