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2 & 7|AHY E4 d&(Quality Estimation, QE)2 A 4 (Reference sentence) {lolx 7|AHY Ax}9]
AL ried £ glow, F8Ev EoE Hod 1 "»QAo] diF:EI Utk Conference on machine
translation(WMT)ol A wd ©o]et &St shared task?t ] I FHIZole &% dlolg] 7|8t Pretrained
language model(PLM)& 83t 50| 2 Y= Ut} £ =R 7|AHMY E4 d& taskol digt A
9 A o] gt ARHAQA surveyE IBPL, T A5 S&E= PLMO EAEC] tisf Fstairt. HEo] o4
Z-849 H7}F 9l= multilingual BART 222 o]8sto] 7]& 552 XLM, multilingual BERT, XLM-RoBERTa%}
o Bl AY 9 A4S APt A 2} oid A Sh5E thslol 2ol QEo A& Wl 7P BIHARIA
FRIotAE & ofyEt multilingual BART Z29] QE HA3 A& 7Ms4S A

FHO 2 1A FE GS, JATAEY 71AMS, dad, 2ol 87, AdRdeiA

Abstract Quality estimation (QF) can evaluate the quality of machine translation output even for those
who do not know the target language, and its high utilization highlights the need for QE. QE shared
task is held every year at Conference on Machine Translation (WMT), and recently, researches applying
Pretrained Language Model (PLM) are mainly being conducted. In this paper, we conduct a survey on
the QFE task and research trends, and we summarize the features of PLM. In addition, we used a
multilingual BART model that has not yet been utilized and performed comparative analysis with the
existing studies such as XLM, multilingual BERT, and XLM-RoBERTa. As a result of the experiment, we
confirmed which PLM was most effective when applied to QE, and saw the possibility of applying the
multilingual BART model to the QE task.
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1. ME S vt Qloh 2 ==2olA= mBART] HiRt Aat

¥ (Machine translation, MT) A7} 4]
Hof w2t ¥E I A "EF(Parallel corpus filtering,
PCPF), 7149 &4 dZ=(Quality estimation, QE),
7IAMY A5 AR W (Automatic post editing,
APE), 358 7HMetrics)2t 22 MT9] sfgliofo] of
gt TAlo] FH=EAL . 5] QEl gk &Sl <
T7} o]FojA 2L QUTH1,2].

QEH AF EA(reference sentence)= ZIld}A|
& A4 B (source sentence)¥} 7| A Y EXHMT
sentence)‘?}% &85t 7|AHY Ao gt FES
dl&shes dAtolth3,4]. QEClA= 7IAMY &gl o

&4 =

l

gt %@3 2 B oF "9 72 FE F4

(quality annotations) &5l Yebdict. o]& &-&5}o
of2] 7IANY AAF F ojd A|A”S] HY Aupr} 7}
=3 é.Q_X]E- AestAY, Zato] et &9(ranking) S
i 5= Jqo5]. E Fo ] 22 7AHY 249 A4
$, ofd S92 B2E B A4S E8sto] Edol ¥

2 ojdekS SAvtowx *} ﬂ’ﬁ Alags =9
Ut} olet o] ZIAAF A QEE Z42 &80 75
Slth= HolAl 1 F8/J0] B4 itk

1A BopollA 71 F3FE e AHAA F o
42l WMT(Conference on Machine Translation)®]
A 20129 71322 QE task?t vid 7R =L 9L
ot T 7S ATEY ARH siGE thEedo]
(pre-trained cross-lingual language model)ol 7]
JFsto] QE taskE AdPshe 4-¢-E0] g ol A
6,71, 71& AFEY A XLMI8l, multilingual
BERT(mBERT)[9], XLM-RoBERTa(XLM-R)[10] 5=
g8ots AFS Btk 2=y AR g5E oEddod
Hdlso] Bk Blart AR o2 A ZEE gl
H, £ 71& flo] &&= th= MojlA HHsid =
4S E4517171 ofgth= ARl Sl

£ =2oflA= WMTE 71822 AvEQl QE A+
of i3l surveys AP oM, T A5l ot A
A 5 tEddo] REES Aeyoz &8e 4= 9]

155 A
L& 7 mdlso] digh gk i 2 E4S00 dis) a9
k. T 2 Aol EH:?‘} 3]
o &84 H = A
multilingual BART (mBART) 1€ AEA &-8sto
QE°] H-&3|E¥rt. mBARTE 7|AHYA 7 £2
‘g6 Hol= oyt QEolA+= o] Hisf 7]&of &

I:H =2
W 7120 B8 mEso] s vl ABe A
B0 QF HAIA ofd BYS0] £ 4
A5 gelsha Adto] vhat B4 ARt

2 =5e thewt go] PAE. 2gelME Al
QB 7ol s8o| tsl d¥stn 34elAE QEYl
sub-task Sl el A745tH, 4go1AE H4l QF task
o4 EREE A1 S5E THEelol =Y 8 mBARTO
ofel AR SHoIAE 4golA Ee thgelo] v
D] thol 22t QF rask 4HE APty 49 Bake
% 6ol 2o vpResi,

2. 7|1HHY

2 5 ot

2.1 I‘IEI-IO| 7|7:”I:|-|0=| EJéI 0:“5 0=|

SHL

ATHQ QF =2 = F4 dF g5 A%
e FE51A Y feature extraction) AFES AAF
E(feature selection) ¥4]o& Pt = A4
Alofl&= 2 Gaussian Process, SVM(Support vector
machine), Regression Trees 5 7|4+ 41 d&SE
= FE ZESI0IH12,13]. A 329 A% delEEel
sl =tA(parser), EA(tagger), 7HAIE 4471(named
entity recognizer) & 2% AY(external resources)
£ &8slo] AojskA AFA(linguistic features)o|H
pseudo-reference A2 52 F&JcH14,15].

=y ol AHdEn B 119 B8 dALS
o= o o] oA low, HAHskd A
AA W 223 gge s A 9He Q7510
A7 A3

2.2 WMT1652E WMT1977IX|9| A4

WMT169] QE taskolAl= BA7I8F HAES €8
Sl= A=} HEo] Yald(deep learning)S 285t
AFE0] 54317 AlZA. Cdacm[16)7 ZFga)
St (Postech)[17]0141= &84 (Recurrent neural
network, RNN)[18] ZE& HT7] = (Long
short-term memory, LSTM)[19]1& &&3}3loH, o]
E2 717} phrase J¥#} sentence FEoA 195 X}
A3t

WMT179A R 8= it A4t7t d2idS )5t
02 AY=|c}. E3] Postecho|A] Predictor-Estimator



A 7S 2 o5 27 39

F-ZE AEA ARbste] IE sub-taskollA Y29l s
Fe HolH 1915 AAIFEH20]. Predictor-Estimator
T 2V7y e8A A3 Rdz2 FAFEC Predictors
150l 9 Rl 7vh 3T do] 24 Hd
(word prediction model)Z, -89 ¥ WX &
Bl 2o FRIE ©olE A"l mpAFsta oE
d&3it). S Alolle a3 B 2 Farsh,
dl&3t ef7l Tolof] st 4] AH(Quality estimation
feature vectors, QEFVs)= Estimator #+2& Ag
(knowledge transfer)®ltt. EstimatorollA= QE H|°o]
S Z8dto] FH(sentence), Hol(word) X
(phrase) HH9] sub-taskE $33ic} o] L& AFt
H 9] 71AN] F4 dlolElo] s 7t HeF HE
TEAE &8 & YLE oA Holy &= ZAE
Azt 4= Sllem, Al HIFER] 5 A olF
ojfity, AI/AE o] +2E WHE Y &&= 4
o] Al&sA] o]FojA| L Qi

WMT189)4+= Predictor-Estimator -2+ At
QE brain[21]°] 1915 AA ¥} QE braine & 714
ZZAAZ XY=, Transformer[22] ZES T8
sto] AL FESte WAL P D=
(Bi-LSTM)E ©]8st QEE 2 dst= g0 Qict. =
A FZ& o Ae 229 B B 7 1429 T
FA 9u] #Ed(high-level joint latent semantic
representations)&< HolH ol& I7to] TE A
(human-craft features)® Zgsto] Estimatoro] 2]

PN
Ir

[e]
ofy
o

TI

=
=

A At
Pretrained language model(PLM)Y] T3 C=&
WMT198E+E oo 7[5kt AFEo] AP

Unbabel[23]° 4= Predictor-Estimator?] #+%& &}
&S AYsHHEA, Predictor FE-& AP sk BERT
= XIM 222 fiAet A5 A AP ETRI
olA= mBERTE 7I8tC& QE taskell thof Abdsks
4 v 2FE APSHATH24].

2.3 WMT20 ¢4

WMT200A % PLME &-8dt= d7E0] &EstA
Y= Qich B O] sub-task 19141 1915 &A%
Transquest= MonoTransquest, SiameseTransquest
9] & 74| 2 E AIRMACH25]. Ax= AR S o
S0l Bl XLM-Rof| tisf] vlA| 24& IR, &
A an 2 B 2 42l dish 7 XLM-R
HdS ghgsto] ZF A ol g ZARI fARE

(cosine similarity)E &7l &4 8ol oigt ¥ &
g &3t} Sub-task 29] To] HE F gol-5YUo]
QEolIA 19 523t Bering lab ¥A] XLM-RS &-&
FaL F 7HA] sy AAE ARTH20l. A HA ShsollA
= ¥8 IeAE 8ot pseudo WY FE
(Translation error rate, TER) F4E W&ol Hlo]
H 70 AAgoH, XLM-R AFd s mdlg 23t
% pseudo HlolEo] thsl Sh5Z AFF). o]F WMT
oA AlFst= HolHE E-&sto] wA|2F2 AAIRTH
Sub-task 29| gol-Fdo] £ d & tof I F
Fol-=ololA 19E AA§ Huawei Translation
Service Center(HW-TSC= AFd g5d AdojrndlE
28okA] dtom Abd Sh5H Transformer ZES
PredictorZ, taskoll TABRE 39 2 577 |(task-specific
regressors or classifiers)& Estimator &% 7155}
of Sh5o XFFCH27]. Sy IYollAe Aoleksel &
&2 /N8t BT overfitting)= TAISH] s 3
& ojE] Z(Bottleneck adapter layer, BAL)S A&
Al F7Vck. T3 APE shared taskoll A Al&sk= dlo]
B 9 WY HES 285t Hlojg S HAAIS s
FAFE ZEFT Sub-task 29] Fol-F=ro Tof #E
oA 19= 3t TencentoM= Predictor-Estimator
TZ5 ZEHcH28]. o5 Transformer 7[8H} XLM
718te] & 7}A] Predictorg® &-832H, Estimatore
LSTM ¥+ Transformerg ©]-&3l%T}

AR g thEQlo] BEl2 W2 dojg d of8=F
9] HloJefo] tiaf Shg= AT 7] w2l ZAojA =<
oIt sub-taskE°NA =3 A4&Z Holal Qlth. QE
taskoA& o] 83 AF FE o|FL 3o
WMT210M % o3t FHo] d=8oz &84 A
oz Holth

3. 7|t EA 0= Sub-Task A7

WMTS] QE sub-taske Wil 2F4 HAEY 4
4 gl(sentence-level), ©ol #¥l(word-level), &
A FEl(document-leve)Z FAEc} Z+ sub-taskol
net &8 S5 E YT & 9oy olE2 F &8s
HeliM= AT gk ofsi7t Ag=]ojof ditt. B
9 cho] #HE2 20139 Ao 2 mjd dejl glom,
EA FEo] A9 201599 A task’t ERct

2020¥19l= QEY] sub-task’} &% H49] 2d ¥
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7Hsentence-level direct assessment task), ©o] &
4 o] A 3 H(word and sentence-level
post-editing effort), &4 HHe] 7|AHS £2 o=
(document-level QE)9] Al 7HA] Eoprt AP = et

3.1 Sentence-level direct assessment task

Sub-task 12> &% =#'¥9] A3 Hrlol™ 202040
AEA =J=. o] taskoA= 71AHY g o
ot E4S 21 57 A4(Direct assessment, DA)Z
Ueh=dl, o714 DA 45t Fojx 39 HY HE
7Feol AlH DA 4ol w2t 0-ollA 1003 Afol=
71AHS -EJP«] E4E Y1 gloltt. HolEe &A
24, 7IAHY £, DA A5t ol EEIRE 1Y
Bt 5o= :rL*éE]‘:q, % 74 719 5 dolEet 13-
789 H71 Holgg &8st -#Esd Ay B/t A
9] Ho-Z A&sHA Aot

3.2 Word and sentence-level post—editing
effort task

Sub-task 2= ©o] W &4 #HE] ALY =8 A
Lolr}h. o] oA 7ANH FHS ofdvitt
$2(0K) T FEE(BAD)C.Z &3ttt Hlojge &
2 23, A BT AS 18-S J9st £, ol &
2l A 7 EHIL, 1A £ 9 3 B2 gt
: oF F/g=o] Qlrt. o] HlolEE A
FEA E8sto] oo] oA E H1E, £ ol
Ae ASE dSsHA Eok

tho] HEo] AL A4 FAT el B4 ojdE &
Ztol| disfl 7 (tagging)S AFHsH H=dl, B2 4
9] 7§ o] Aol whxl T@ojE0] Sl A-E st
o] o} Atojujt} 74(GAP) HIIE F7I5tkc) el 2%
9] o]d 7|57} N7Hetd, eBi1d o8 g Bl 2%
9] ojdof| siFs= N7 7 B 75 N+170S dst
o] & IN+1719] EH1E d=3ic}

4 IO S task 13} v|55HA 7S] £
Aol gt E4 B7t F4E cISdloF sk, o] o
Hes 59 WY 9%7-&(Human translation error
rate, HTER)[29]& 7]&0 & 3otc). & HY o782
TERZ} H|S2olA S =]=tl, o714 TERo|Z 7|AH
235 AY B33 vlaste] ot HAagke] H:]ﬁo
(substitution), AFAl(deletion), 37Hinsertion)& A3
Sfjof &2 o] H=AE HER Yehd gloloh Fd

=0
A=

lo

s

oL,

g E4T= SR VANY 2
2ol B Hado] 284S AA &L Bgos
% skg2 Uehdch HTERY} TERS R%: W
S5 UYEPEZ Zlo] WE4E HY oF77} Aot

> jo
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>
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3.3 Document-level QE task

Sub-task 32 24| FH9] QEoltt. ZF BAjo] B
9 oj FEo] dupt AR UE=AE AM(span)Tt &
M Zo](span length)Z UeRdt, E3t Q771 Q= &
of dist Azt A= 72 ERske=d|, WY &
UATE Qul= AHR A== B¢ velH(minor),
o] @F7=E olojd L Ho|A(major), uI7t EHX
A=HA FAl E‘rx}i stojg @sfo] AxE E2d
2 4 Q= 9%9] AL I EA(critica)E YERA
IHRES B4 § 979 FE o/ 474 A&
ZoA QE} tolE R A9 =, AW, 4
T A%, oF #3 5°] AFEH ol& A¥zog &

ool 4 Ao 8 Aol Bek

Zl 2~ ol-

J\l rulm ;.L o & L fr e

4. 3 A B oE 2Y

22 A4 SaE thedel BYS B8k 580
wet £ =Rl QEOIA] 2 851 Yt el
of mulo] tha] Afatct. Ea i =FolA 2t A
sk mBARTO] tholAz At

WA ThEelo] wdo] Abd sk Ao 28 Hlole]

© o= 2k XIM3% mBERToﬂ A= 1007H Aot
i3t wikipedia EA5S &850 53 AFJch
XLM-ROJA= CommonCrawI[SO dlolg % 10074
dolo Y= CC100S, mBARTOIA 2570 <1ofof
AN CC25% A el SEFSIct, AL Sl
Elo] Bde S83 7S it Bl a3
—_7—7} AR BhE B vAIRA 52 stk WS
&oh, 29 24 A ghE(hidden states)= &
sto] HE oS 2 Holls HAoE JHr.

F

I

o mﬂ ot

4.1 multilingual BERT

multilingual BERT(mBERT)[31]& GoogleolAl &
3t BERTY] th2o] Ao 1047] 9019 wikipedia
corpuss BF ARESIA] pre-trainingS A=
Z 9o 7]& BERTS} 5YsHA| sh5o] AdPHLh =
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BERTOlM AR &5 Al 283 Masked language
model(MLM)Z} Next sentence prediction(NSP)&
50]0]'74] A-gsto] & WE Ao ol ehsZ 7y otE]
G DFA= 10471 doj9] DA 2 STt o714
BERTS MLMol&t, FAHRE 15%9] EES upAFsH
T ol& &3S o1, NSP= F &40l sl <A1&
HAsto] mEo] Ao it JRE 5 4= Y=E

St

4.2 Cross-lingual language model(XLM)

Cross-lingual language model(XLM)2 Th&%10]
9] representations Sh5oh= B2 07 7= Qojrd
Sy W ES RS £xolrh XIMoAE @Y o]
(monolingual) L&A Hall HA = 55 435 ].__
Causal language model(CLM)¥} MLM 18|11 ¥
L5Ao] s AxeES FPok=  Translation
language model(TLM)S AQtetdct. CLM o4 o
o5 ISty thg @olE ghgshe Edolth. MLM
< BERTY MLM# SUsHA 15%9] F2+9] upAi)e
AZ F o]& A535t=tl, BERTY A= "A7d &
A4S JHeR YolFA XIMO MLMOIAE wha
7E AA E4E(sentence stream)Ol H3l 256 EZ4
o7y Jgog dojErh TLM2 thg<iofol st
A A& A shEol7] Yol 1RbErE. HE HolEHE
-goto] FRR wiATE AN BT deRl(align)
H A 242 d4(concatenation)A|AFIL AT
FES ASoleE it viAE ESS 5T Al F
H Aojo] thgt EHWS st &S JAPstHA &
Alof 3 Yo & HolE o Aol & WS
1% £ QU= sto] tFdojo] gt A4S S55HA
ot B3 o AP EE ggotr] flste] Z oo
gt o] U¥d(anguage embedding)S ARESHH
7k dofe] A &5 UERY
embeddinge AojEZE Y3ict.

8 position

4.3 multilingual BART
multilingual BART(mBART)= BART[32]E t}=o]

2 33t AL F AJEA(sequence-to-sequence)
Fxolch. BART= W89 gof o TEA o tish
B39 £45 4AHsentence permutation) T2+
2 EZZ upAF(token masking), EZ AHA|(token

deletion), &% % Xol%& EX(Poisson distribution)

o] w2 A Zo](span length)E sh+2] [MASK] EZ
902 X|ZHtext infilling), T4 & TR EZS Ho}
1 E@ez AR BAE
rotation) kO|ZE F7}5lal o]& Transformer +-3%
= ET—.Q_‘G]—O:] Qb5 E_ﬂ]_,] Ao g Host= I;]}EO]X]
(denoisiong)& AFstct. mBARTY] 4% tt=o]9]
2F o TFXo] 5] sentence permutation¥}
text infilling¥ &8st} HAEE Edl= Hleo]
A AP T2 R oA mBART AMA 52
Negele oA WA Qlofo] ohet HuHel E

(universal representation)& =53 4= it}

H—‘:(document

4.4 XLM-RoBERTa

XLM-RoBERTa(XLM-R)= XLM& A3t fLxo]}.
1007]¢] 1o1E E3dlok= 2TB o442l CommonCrawl
glo|gof 3l BERTS MLMZ &-8510] sh5S A
ot @Y ?1of Hlojelg 85t HIAE S50 E thF
o] Ed(cross-lingual representation)2 53t

XLM-RoJME t51o19] A (curse of multilinguality)
E BA 43 29 =83 (model capacity)S 34 &
Aok £40] St} 5ol Asst, nd 89
o] agEo] JZ o AojE FIEEE ARole 1A
A AdojE(high-resource languages)°ll 2J3f H|5=3t
A AolE(low-resource languages)?] A%©°] ¥F
A=A B4 oo R Hoj7bH o] tA] siEtet
), A9 ol F71E4E 1Y o] shrt 71A|
= 29 5889 7771 Eoj50] A Aojof gk
At "olA= A ittt ol s 2 =&
A4S 37 FHFoEN ARY doje] P4 I 1A
dolY 52 AT 5 J=E Fch

WMTZO—J sub—task 2°ﬂ "ﬂ AR Jgsict. o
A2 gol-Fdolo] s KFFOH, WMT209014 A
} s 9 7} HolHE E&slIeltt. tsdo] &2
XLM, XLM-R, mBERT®} QEolA= A2 Al=st
RTW}Z] 57HA] AP kg o] s A
., HuggingFace[33]914] ¥lEZ3l= ARA Sk

ol
Ea o rlr

[y i OH

=
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FI[I

29g BT B =ES Tl mud vAx
2 Bk St mH ok A 7H4el o
oY 5748 deh) e
AR Aol A S5E ndse 27 gow
P8k, 2 mHe] nhxet 24 e gillast hidden
A

state)& A% E5H7|(linear classifier)o] ¥olFil &

2ol digt "4 g2 okl 5= =S ot &4 go
2 A9 Fot FE A 719 AlolE 5] 9
8 mean squared error(MSE) &4 +2 283519t}

o1
N

d
oot
1o
ne
ko
0x

N

N

hEE WMT shared taskolA 7F
T7] 9%t A7ake WSk Qiek. of
= 35 9 HIAE flojgjo] 9JE&Zojn, dlo]
grAow gd Wk ohe} og 71% ©
o] #FpE= TS Elrk HE] TR
9ztel vl glol, F th8w Hojelz APﬂ
-RE 7I¥to 2 QF RdS tiii

fe)
o)
b rf
i
1 o

il
>i

¥
N
E

oo oo
r'?ll‘ oft
rQ rlo T

o o
&4 q

3

8

3
o 2
2
ot l{]

oy o
o
+ )

o
O
ot
>
—
=
=

ZLEWr 2 =22 Hlolg 579 a3 Sl o
Aojmd 7he] &3t 5 Hlarh Basittal Pz of
WMT 209] task 28 7|5to2 tiIZQl thg<lo] g
ZhBla A7-E AAYsk.

5.3 &g A
Sub-task 2(E% gl Alz A 8 Ar
A AR o mdd oRge AgTE

1} 2.

task)ol
Z3= Table

Table 1. Fine-tuning results for cross-lingual language
models in EN-DE subtask 2

Model Pearson r MAE RMSE
XLM[8] 0.332 0.158 0.200
mBERT[9] 0.449 0.179 0.229
XLM-RoBERTa[10] 0.501 0.144 0.185
mBART[11] 0.477 0.140 0.181

A% A3 XLM-Ro| "ol A 0.501°0% 7Fd
£2 45 B3th mBARTS} mBERT7} 242} 0.477,
0.4499] ¥53t 58 HYa, XLME] 4%5°] 0.3322
7P 2 A Uit Mean absolute error(MAE), Root
mean squar error(RMSE)S] A$-o%= XLM-Ro] 7}
2 243t vttt

XLM-Ro] th5:dlo] Bl & 7P $&
BRIk 4= 9ltk. XLM-RQ] % 10074 °1°1ié
olde] & o] dis AR ShsE A
—”_930‘:‘1 ]h o2 mdlso] 53t HlolEof His) A
Wisitis a0l Qlth Fig. 12 Ed Addow
CommonCrawl 8|7} wikipedia Hlo]E|Er &4
H 1 2717} 29, AR Aofof disiM= S5lu o §
L golHE 7T Y&S & 4 Utk = wikipedia El
o] E+= 25711 Aol&E F/dE CC25 HoJHE a3t 7]
& Tdof| vlg} XLM-Ro] B4 o B2 sisaat el 5=
S3(model capacity)22 AP sh&Pcks Hol F&
o] st 7P 2 golog sjM= 4 Qirh
F7Hog XIMI9| BluAd moj& AL

0.169 2= 2 4% T F& HJl o= Hof
XLM-R9| AP &5 Al &-83 ZH A o] A5 T
o & JFE Vo, V& HdASET F2 452 K
9eg ot 2 ot}

mBARTOIA= ol § yobrl £ A H7
olet ole] BEg s nparsl] oj&sies sl
Z=71249] o] HAZhS Algsto g2 = HElHT =2
A9 W 2= Qloirty gk 4 Qjth

oo=&2

o
o
0 of
olr

JEL:?L

o

% 3=
N 5

*d

Fig. 1. Comparison of the amount of data for the 88
languages of the CommonCrawl-100 corpus and
the Wikipedia—100 corpus[10]

7AMSY 4 A& MY £l st oF J=E 5
2)sloh A O o odo] thgh Y =7Jo] Ladt
Ag dEge S8 52 71A9Y sub-taskolth. £ 1=
FolA= QRY 24l 5 survey2} Eig01 QE7} A< 7
ZH WMT128E @A7HA] ojmgt 5508 8 AFE
o] XY= =AE THEUE. 7K mBERT, XLM,
XIM-R#} HEo] 7]& dFolie ol&E=A Aud
mBART 292 QF taskell A-83l=qjth 3% tlekst 7]
Aol HA2] 7|& 5 5Pl parallel corpus filtering
< A8slo] QEY 45 A AFeltH34,35].
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