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Domain dictionary-constrained text correction

technology research and implementation
Abstract:

Text correction is an important application of natural language processing (NLP), which
aims to automatically identify and correct spelling errors, grammatical errors, word order
errors and so on in the text. The main purpose of the text correction system is to help native
language writers express their views more accurately and provide proofreading services for
second language learners. Currently, text correction technology receives more and more
attention from many researchers and has made significant progress. However, research on
text correction for specific fields is still relatively blank.

Unlike general fields, texts in specific fields contain knowledge and information within
the field, which has a great impact on the performance of the correction model. Therefore, it
is crucial to introduce domain knowledge into text correction technology. A domain
dictionary is a specialized dictionary that includes terms and concepts from a specific field,
reflecting the knowledge structure and norms of that field. Building a high-quality domain
dictionary and integrating it into the correction model can effectively improve the effect of
text correction technology in specific fields.

Regarding the above problem, this article first introduces the commonly used models and
methods for text correction tasks. Secondly, this article proposes a domain dictionary-
constrained data augmentation method for scientific literature writing. Finally, this article
conducts experiments on the crawled scientific literature dataset to analyze the impact of

different data augmentation operations on the performance of the correction model.

Keywords: text correction; domain dictionary; data augmentation; Seq2Seq
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Bl 5

SRS B ARE F AP — TR E NV, B AE A SRR A
ARIPHEER . AR, BFREIRS . CARYUBHEARER AL, R, YL
B BRI S T 2N . SR, SO AR S5 A B B R v i B2 2% 1
AAERE, e BLEEHEL T MFIRMELE, Wy, A, 1B B3 ik
o JUH RSN E WU SCAS A FE AU TR SCAR AR SR I VE REAT B IR K5
M o

I B — R LA AR, s 1A E S ARTE A, SR 1%
AT IR S R RNV o AT i) SR 5 U ) SCAR A B AR 55 P BT LR
R DL B2 BB A AR RO AN A I USAR OGO A R, SR A I ER AT (5 . 28
117, GRAAT A R A P A m] JdE AT SCAR 8, 5982 — DA FRFIRABE T R L. H
T BT AUk R] S 2 R SCAR A B ROR, B EARAE LR J LA Bk

(1) Gnf] ey 3 v it e ) AT i o 58Sk U] S 1) o B EL RS R T AR R R e, A
P 5 ST A 3] SR AT T 0 G S AR B, RIS R R I B AT T A i) i
LU B AT R IR A AR AR e o

(2) nAfe A AR A s ] St N B2 B R e, P A R VR AT R B
sk in] S m] ASR A e 2 Ao SAE A, (BBl pe SO A B R A E . R
i BT A BRI A AN SN, AT 2 AR BB At R I LR P AT im] i

(3) ey PPl A5dsk im] S ) AR SCAR L AR BORIROCR - bl F B Z 58— 1 PP AR HE R 5
e, EATARMEXS AN [F 7 V53T A PRI S VT o D8] 1 75 ) 2 T At ot FEE A
ZYEFEHVFINR PR AR £, DU [R5 AN R T L 25
BEXE BRI, ST AR JLAS 5 T T 7T -

(1) Sl T SCARMEAT S B ALRITT %, R0 T EA TR N 555 .

(2) T FRHSOCERE EAE, MR T SRR EBOR B 2 AR IR SR A AR 4
FA B ST 1S9
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(3) MR T SCIFAEAE 55 H B I s BOR, M2 1 — DRSO 1 kA
i, FRARH TR 2 SR A R AR T

(4) fEMERIRHEOCM AR S Bt AT 7 AR st e, IR T 2 4RI T,
BIE 1 AR SCHE H PR USR] i 20 R SCAR B SOR A Rk . SRR ZS KRR, A
SURAEMER AR . A IR Fo o (5 TR br RIS, JUHAE UEAH A IR
A 1E ERIH BRI S .
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FLIE 4

A B QR AEEOR AT TS ST TR, IR AR R SO R A
A2 o

1.1 REH AL R

B S SRR, BB IEAE DU R R . AT B ARG 5 A3
R R kRO, HLAs B shab B 7 OZET B TN TR . (o BRES
WEFR — T EENH, SCRMEEAREHFEEETNAZ, AR TR, 5§
TR B AMTREAT 38 IR S )4

TN R G0 1 BRI R T RO B 798, BT E BB R, e XL R
WBEAT A IE o XA 792 R e IERG 2 B0 LA R, B A A ROR 58 A MO T 1) 28 R
W BIEFIR . DN T R T R0 B 20 55 772 00 JR BR %, Brockett 25 MM 27 Sl SUAR A BT
FEAFREATS, R 73T Gt MU B E G A e, 8l . 55
FAB B n-gram FRBOCAKFHE, XHE S BEAT @ HEHH ARz eRe iz, H
(IRENREZY L3 N

ITAER, FETME MR T HAA R SR H SR e S e 1, EHRES
AEFRU AT R 7RI . VRO SCAR A BRSBTS, KA
REEIENETAERNEE S, BHEEENATENBERES. XF7EEH TR
Je it WA LA B EAC AL o B, WA R R LA R B g B R - A AL
(Encoder- Decoder) #5241, ©.J {2 N H T XA, IFHMREE.

1.2 IR

fEHRIE S HARSS T, AMF SRR FBOOR T i@ s, ik
M 20 120 80 SEAIT AR, W FCH MBI T R BRI R SR10, AT PR E)
EEHE SRS AR R B A 2000 A TR H I, Jf HIX SR e R KRR 1
e N G0 S R R
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SR, BTN S AR A B ML 38 2 o) BB R R B 22 (1 e B B 77
HOO LA R 5] T 14 AN FT/INH 3 5248 FH 96 35 —IE 1515 BHEE (First Certifi-
cate in English, FCE) £l IFE 3B B & i Al ia A 1R 92 0h 45 5, X bn S S A4 4
NG TR0 £ 77 92 2 B804 B B R 7V e A, DL RARAE S5 51 1 R FUE B2 %0 .

e NORITEWAE T 2 LRSI — 5y R, P RELMZ CoNLL-
201481 JL AT 55 R0 BEA-2019M L2455, AR BE R I RE G K T KA =f5. K,
R 2B et 1 R G AT SNBSS, AR A T8 R (Neural
Machine Translation, NMT) LAY, RIS RORs A 52 U A1) B0 B R 1 B A%
H)Fo BRI, IXFPITVEM—ANER SR T NMT 1 R 4075 2 KR GEE 4 pe ks
RIFIIEER, MVE2E S M PAT SR B R A B . F Al 5 I D1 2 4 A A
i 7 5121 7 51 1 Transformerts), K iK & AN THE AT HIZR . Grundkiewicz
SO TR ) 77, FIFRIEEAE R 1 2R T 3B R TIZ 5 . Kiyono
LT At FEAS [ 0 B e SRk 0T L S 1) B R A B AR A AT T SRR, AR AT 7000
FiN NTA)F5t

HCHA R R FEEERNES 2 —. SIEARPIZE, DOEBRA 3N
MEHEA, FFHEFAREE -SEMZMITA. Bk, JEHEN LT TEE
O I & AP TRV B IR R AR B LAY . SR SCAR A B D a2 p 1 KR OIS
TRFE SR, (Hrp s st R 2 . Bl RIHE TR 7%, A5/
“HCdmT R B FHEHTIEIE, BRAE TSN E S IE P SCERAR R I AT
Mo ZE/NE ST SR R ST C (4 77 VR R RS T ) B Ry o M R D7 VAT R 1, TR 25
B 534 R RV FRAE . NLPCC-2018 3 5 MO 38— A e ydsix —F 5t i
L EAESS . /2 NLPCC-2018 Z i, KZH TAE R IE—MEM PR, andin
BRSPS HHR . NLPCC-2018 JLSAT4 (k& sR B AN A A AL, R 5-

gram % E BRI HE A O,
1.3 WX A A MG ZHF

B 5E, ARSOH H AT SCAR L AU ) LR 1A, IR A R B SR A
HIR, A T RHESCRE VRS SR i WS DL Fa AR, SRS 1At
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SefiR] S 2 SRR B 3G 5 U7V, A 0 W SR 4 SR AT DAIE A AR SCHR Y R EHE 4 R 0T
MIA RN BF, ACEE T AR A CZAL, FHEE 7N B irm. &
MEB IR, SR Hn

1 E: &R, ARETEFER RIS SME R, L& H BT RS AT 5T
W

%2 B: AFHREHW|ENH. AEND T CAUEEF A S BALE
QUkACTTE S

5B 3 E: S RHECR UK SCAR MR IR . AT G T R AR S5 A i
BRAHISEIG B E, WIRERE. SHE . I iabess, JFodr 1R SLaG 25
R

5B 4 & GEARARMEIEEIR. AT ORI AR RS A EE T i B
e SCA AR U (B G s R, JRSEH 17— Al QUsk ] S 20 SRR A 18 5 7 vk
fJa, AFEDH BRI R SIS AR, UESE T A A R

BOE: BEERE. AEEENECHATREERBL LRE, A —EAL
ZAEBATY RIFIR I T BRI B AR
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F2E ESHEESHERNE

21 %X

SCAS A EAT 5550 SCAS HR AR TR 2EAT B ST 2] I o 2 AE 55 AL IR TR IR IR
ARG EIRA B, A IR RAE SRR, P E R AR R R .

#£ 2-1: FRRER

R BT T IR

vint! PR RS

P FAE RO E IR SRR AR L E AL AT,
27 HEFEANFRREFIBRETEENE .  FENTRR G ST
DS PR EAAS HRARAS

PR R TR, IR NI ?

2 EHILTELRTHDH . L TEEMPMH KT .

R 2-1 R 1WA ORI RG] SR B EW DLy Ay =R BT IR,
ISR AR TR PO Oy <A RIS ER TR, SR N TR R A
g, WEE=0ThE2RIEREN. AN WAT RS 2R R,
T RINA L. — SRR XL T8 MRt — P N TR, TRIEES
AR, BARTRAE 2.3 T4

FOL R SR AR 55 1 22 H 52 3 B BB AL & S HER IR IE B 2 A
LN AR T B R RS, TR RUHESE. 8 ih 5% 0810
SMEF I N E, BATCHAS T RZF MR, SR, B0 A [E S8 ) SCAR 20 B A 7858
BONZH, Bk, ASCE T FR S OCERTE,  IRI RSO S 1R 4w I
iR LR A A R 34T B Bh A Ik
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2.2 BB ERAI XA SR

SCA LS AE A 22 0 285 [ B 32 R FH B A 28 = mT DLy 2k, P21 3 7 31
( Sequence-to-Sequence , Seq2Seq ) 15 & L K& J¥ 1] £ 9w 4 ( Sequence-to-Edit ,
Seq2Edit) A,

2.2.1 5B 5 E

BEE R EZ ST B, DA HLE B AT HAh Seq2Seq E55 A BTSSR,
NMT HAHY REICAMUEAES . HXTTES SIS #IE (Statistical Machine
Trans- lation, SMT), NMT A ] AN KALHP LR 48 RV 2B AR, THER T &
T SCAS A T RFAE TR FR K . RV NMT AR B, (HAE X R B E55 E e 4k
BT RSB PERE . NMT SR g i 25 -SSR HE 2L, 2 A 4% 1 2 e RO A\ e 271
X = (g, oo, 0p) IR GRS N BBUIRES s, R RIS S AR S S A\ e 91 X AN R Pl
AL HAR] 1, e, yeoq TR ATy, RAERIH TSy = g s ypr)

TI

p(ylx) = l_[p elyis v Ye-1,%) 2-1
t=1

ANTRI PR X 8 R 1l B8 HE FH T AL SR g 28 A AR 25 . =R LI Seq2Seq HRAL 2
RNNU2 CNNU A Transformert®
RNN % 942 2% (Recurrent Neural Network, RNND & —Ff % [ H T 4b 8 5 41 51
PERIPR NS, HAERmE 2-1 R, —/N LAY RNN 2280 N2 . B2
At Z . T A B ARIOC R, TTERITEE T RNN. BN R A LY
RNN 7 K 02 2% (Long Short-Term Memory, LSTM) U4 BT ] #2125
JG (Gated Recurrent Units, GRU) IR, RNN 7EIX =~ Seq2Seq 18! i 45
HHESCAR LN 854155 . Bahdanau 5812 5N 7 —FPyE s U HLHDR LA KR, TR
1 7 AL HERE H4 5 1 PEAE. Yuan F1 Briscoel'®) B V2 T 36T NMT B SCA A 45
Pio FAEALEH —/NXH RNN gafid a3 fl— AN T2 710 RNN D3R . Xie 45
U7 P SCAR AR il 7 75 2% RNIN R . BEoME 080 st s i R A Al R R T —
FPEET LSTM 7 SRR SCAR A 5 T7 72
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0 o 0
t-1 t +
v |4 Vv 1%
w ¥ J S,
RER /AR > Al > : > O[ I
R LR wox W x W
U

U U U

WAR @ Xt *y Xiel

2-1: M L2 LR LR > IR 25 S0k

Y

Y
O

CNN Kb 27 50 5o (1) 55 — ML AL 2 B AR 2 M 2% (Convolutional Neural Network,
CNN), HZ MK 2-2 fizs. CNN HERZ . ILREMAERZ L X HES . ErLl
13 B 2 BRI R 3G B, R IE RS = E 2, A
RO R BOR S I E Gk, R A 2 i 28 45 - . Kalchbrenner A1 Blunsom!!”!
5K CNN B AT NMT, {HE 3 Gehring 220K JL/ CNN JZ2HESAE—i, ©A1A4
% RNN IERERR . 2 TAEMIE &, Chollampatt Al Ng' 42 H T —Fh il TS0 A 4
fE55 1 7 )= CNN BB, ZEARATIBAS b, 538 B R SO AER N AT R
BRAERER, W2 BRSO 2 R AR . R AT NMT A,
PERE S E LT 2 AT 5T SMT AL

24@48x48

8@128x128 24@16x16

8@64x64

i

I
4 [

T

Max-Pool Convolution Max-Pool Dense Dense

B 2-2: BRI 28 45K, BRI B SOk

Transformer 2017 £, MR I T Transformer™ 7%, AN[HF CNN Ffl RNN, iX/f&
AN TE AN T B BRI N RN Seq2Seq 5%, Transformer [ [
HH DLSRmt O LA B AT 55 BB IR 480 . 2 BT TAE QAR T NMT X SCA L B
R, W Junczys S22 S G INALER R ARAGIETY, Zhao SEZILEAAY s fin &
MU, SOV B RS A S ] T, IR A A BT 55 a5 H AR )
HREES, SHIHUHYRK Transformer T4 BN HHE 55 HITAT B AR LM . X
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Transformer ZEA I ) — AN RE A CUMEAS 5% P BOVE R UL, DASRS2 AN 78 70 A1 4
SR ETRSCE R BN, Kaneko SEP4 Ry AR ¥ BERT oA A SCAR QA (RN L
TICAEE, T Yuan F1 Bryant™WESCR th RN 7 Z BT #IF) T, Zhang SRR A
NN T T B RNER R .

H1F Transformer & REHEARKESE, MCAAEE S N ZREHE AR,
BTN 25 C O R 2 B RGPS TERAE . 55— 3E T Transformer HZH 5T R 42278
B H AL 55 X Transformer AFAGASHEAT 7 H0INZ%, (ELILJS 5E% WL A2 A6 & it
B AT N ZR . BEA-2019 JLEATSS th b 55 — B0 R G PTIR s e 0t O 21 i A 40
AL 5 O B dE XS Transformer AEARYHEAT 1 HUUIZR, (EARA TR NS e b B (175
AR -

2.2.2 P B gmig &l

BIRKZ BOCAR M IER I N A TR DN EIE R IR T, H Seq2Edit 15
R R — R 5%, DN FRIAGT, W38 2-1 Fros. BT 2BRHESS T AR 215
HH P 3k R R KR 3 1A e BB A ], Stahlberg 1 Kumar®WA Az iR 58 487 51 A2 1R 9%
(K)o T8 A B B AR T A 2 e B R F, Seq2Edit A5 AL i FL AT B PR ) HE HE
PEA A BT RO LB R GEER 5 21 10 £ e SR AVE R — AN IR A2 g SRR AR AR AL
e A TR IO, PR AT N JE i IR T R 2R I 2 ] e 1 1 2
R 2-2: Fp A B R 7 TP AR O G s

Source  [FJH} HEN FE By M ot B BTE
Target  [AIA HEN R ORI I i RE A
Edits KEEP KEEP APP KEEP KEEP KEEP REP KEEP

FHEE T Seq2Seq #7Y, Seq2Bdit BRI F 2 72, BT R I 39 i
TOE BRI AT R, T AR AR ) B R AR AR eI EES AE, BT
Seq2Edit 7Y fE A% & B S5 B9 i B, i DA BE AR BE AR T2 i 2 o T R G A 4
AN TR A R I S H0T4A 1L, SeqEdit R LT iE M 1. Beat, efilE
BN L AR AR R /NITE . BRI, AR SOR SO A B A — A
Seq2Seq 1£5%, FKH Transformer 7Y {F Ry 34 AL,
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2.3 BUESE

AT ETNE T AN BESHEM RS, EENDR T RBOOR SRS &
Rl 5 AL

23.1 BEHAHEE

FHEE T B ARE T AR 1 HABAT 5%, SCAR Y S5 AT 55 I B i 4 8 A Fdh . 1@ A
(AR SESEAR 2 £ R 42 = 45 NLPCC-2018. HSK. MuCGEC, % 2-3 fizxs.
K 2-3: hCCAR MR B

NEIBTER TR R

\ﬁ‘,: ‘% = N > “/\
1E]1£LI§§ }131\_ Eii = ﬂ&Fgéé i%éfﬁ?
NLPCC- Train 717k+ 14.1m+ 4 B
2018 Test 2k+ 61.3k+ 4 W E R
Train Ok+ 3.18m+ 4 ik
HSK
Test 2k+ 1.06m+ 4 AR
Dev 1.1k+ 50k++ 19 AR
MuCGEC
Test 5.9k+ 228k++ 19 i, 51, MG

NLPCC-2018 NLPCC-2018 FLZAT550TR 58 — AN 58 4l FH il 15 E AT 2 B L AT
%5, BRAN T 717000 ML) T, XLELA] T2 A Lang-8 I S 58— MBS B 1
S IREL . Lang-8 & — /N2 HIEE % I3 X, 1fi Lang-8 HIRERE Tk E
Lang-8 Wi )AEIERA) ¥, MAE)FHHIEBHEMIMESF I E RS, It BE# i
ATAHE . R Lang-8 EECKMIATF O] BRI EZ —, (HE M2 am iR E 2 —,
DR 9 5 E 2l HAR ) P i A 2 Lol R 4R L. 5 Lang-8 #¥i%E—#¢, NLPCC-
2018 Hdfn G iy FoAt FH P R AL T IR, RIMAE T8 S /KPR R AT . 2L AR5 )
BB R F AR S SRR, B 2000 M) TR, BAME R AERS .
HSK HSK iR AL 15 5 R M (A E SR E 381 I HE, A8 T B0E
ACPERMNE B W), B TR H A % . LT Lang-8 #d4E,
HSK 4 St 20 214 T AR E N ibmi i) o7 AR 21, B i 28 m .
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MuCGEC MuCGEC #& M4 ) I B3 et i v SOCAR AR 45, B 85 7063
ANA)F, 20 278k NFAF, FEASF IR EH T NLPCC-2018 IlZ54E. NLPCC-2018 M4
A HSK ERHER . PrA e T2 N IR be, EMER VARSI . g9
B IR 19 PR RZRAEAT 028, G 5 Fh 3 B R RAUR 14 Pk EH R

2.3.2 S EAEE

N T RBOR SRR U ) E i, ASCOIRHL 1 A Bl 15U 2 (China Computer
Federation, CCF) HRIZEARIRIE, BFETHHREALRFAMEBR GRS T7H, A
THERE HENLE . BB S, PS5, WRRME LA T. JFE
P47 FALFEAN N TN . FAAERAEL T -

(1) BEREFEEF ARG, WS S5 SCRER ) .
(2) M BREdE G B A AT AN HdE

(3) W IEEAR) T HEAT N TINME S BTAT A XS, W1k 2-4 flos . BARORUE, X F405E
AR E T, IZJTIE BRI LT A e (OE RS, GRS,
(i) 3l A IEZS A FRAE I BE LA 7T, BLRGv) TR B SRR ot . BARSRIRAE S
gl WA, IEEHEGE R T R

R 2-4 NTIMMEAE RS )57

JFha )T AR IR RE L 5 X RAEZ B — RS K &
AR <mask>ACRHAXT RIEVES X G 2 18] B —Ff R OC &
LGN B S HL A AR 22 40 H A 1T 3l R R

T B FAT AN 22 4 A0 H bs TR 3 1S o
LGN FRAESRBUR: — L5 46 (R N\ (10 3cdis 248 L U/
A TREFEPPRFAE SR BURE — L8 S AR fA i\ 10 it 248 72 sl
LGN ROR BRI AL — s R (138 U P I A

{735 ROR BB AE et R [ 38 U Y e A
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ik 1 TRk
Bl LY el
HiA: THUEEE D,
1: Dy = {}
2 b = (fmask, Hdeletes Pinserts Fkeep) 2 f = 1
3 for Y € ['do
o X=)
5 for je(l,..,J) do
6: Bl L e B Fp 44
T if Pl 20 F then

8: 1y A X

9: else if HUFEAE 2D then
10: ¥ < mask > WA X

11: else if YEHUFEAE L4 then
12: continue

13: else

14: Ffy; A X

15: w o FPRHE P BEPLE - I (AR A
16: fFw A X

17: end if

18: end for

10: D, =D, u{(X,Y)}

20: end for

it S, BZSR1S 339023 XPATEESE, AR ST ABENLRAE 8000 X 4T
A)FAERNIGUREE, TR0 TR Z5
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B 3 E FHXMRBOCm SR S A U R %

AREE A TASCRI R RS . B4 T BMER T N S B LA
RS SHBENVF RIS . &5, 2 7R R A Seaa 45 R

3.1 YRR

3.1 R

ARG SR BN Seq2Seq 155, F1K H Fairseq! 14 4 1) Transformer 17!
B ZER B 3-1 FTow

Output Probabilities

Linear

L
Feed
Forward

Multi- Head
Cross-Attention

I
X N

Masked
Multi-Head

Feed
Forward
Self-Attention

Multi-Head
Self-Attention

[ Embedding Layer ] [Embedding Layer]

[ Source Sentence ’ [ Target Sentence J

BE3-1: SRR, [ S

HERINTAX = (xq,...,x7), SeqSeq BMEIH FFHY = (yq,...,y7). (EIXAIT
FEH, transformer B E T 2 E A as TH R M &R ~H = (hy, ..., hy):

1https:// github.com/pytorch/fairseq
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H = Encoder(xy, ..., Xn) 3-1)
Horp gt s 1 hE— R A N EAT 2 RIEE TP transformer Bt
XPRIN T FUREAT it i, AR 2 A P e N 21 %) e ) 2 T g 5 R A A B
1% 120, BIER MRS LA MR AR AT 26 i ANA e yi, BRI S 2R .
Vi, h{i = Decoder([H; hé, ...,h?_l],yi_l) (3-2)
b s a2 AR A S BIER NI transformer Bt

3.1.2 Hir ¥R
ISR R, BARER B S MU A B AR 45 289, TE B R A

£6) = —log(P(y 1%:0)) = —log ) (PO | Yt %: 0)) 3-3)
t=1

HPo N NGRS, x NIRRT, ¥y = (v, Y2 -0 YRR EE n AMA T
R BWAT S Yo = Dn Y2 Ve MRRVIZRRT DA ¢ ] WL IR G .

FEMERLRERE T, A SOR T R4S 2R A0 i o e KA SR AR P (v | x; 0) K4
B Ay

3.1.3 VIR

TN GG AL R 48R R AU I TR vE Rl ok 7 S 16 S Rl R, AR e Kix st
FORRLH B R ERREAES T, ] DUA R o) & RE RN R RAR A B ARE S
WEFRAE S HIVERE . BRI FER B, TSRSy, it BARTBAAT TSB3, wf RICK
PR SUARU AT S5 AE M SKTF AR IR JE IR BB Rk, AsCidk—S 4 H BART k4
AR IR MR, ‘25 Transformer & 52 AH [R] AR 2 4044

ASCKH T i HuggingFace Transformers®> T H AL 2 SEIL A+ 3¢ BARTEY, FE7E
Fairseq MEZETPSEILE . FAARSKRE, BART IRk 1V 25 WY, Bt
ARSCNYEEE FRHE R E RN T 3866 NI TF AR RAF S, FESCARLEEEAE XX
LEHTA N B8] ST HEAT BE LA AR A AT 2R

2ht’[ps://github.com/huggingface/transformers
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3.2 BELREE

3.2.1 HELE

B 5, AR SCAR T AR SO A B T 38 P i £ NLPCC-2018. HSK AT MuCGEC
TN GRFEERE A . Bk, ASC{#F NLPCC-2018 F1 HSK 1E il 4, MuCGEC
WU ERAE NSRS, FHH MuCGEC MRS RMIAEE . & EUREMSiHE
% 3-1 iR

®3-1: BHEEESITER

EETE S TR X (%) Hii&
NLPCC-2018 1,220,906 89.5 Il
HSK 15,6870 60.8 Il
MUuCGEC-dev 1,125 95.1 LN
MUCGEC-test 5,938 92.2 IRy

A, AR SO TR A3k P9 M SR X A R AT Bl . FLrh i8R 500 26\
TARVE PR SCHER AT P47 A X5 A 500 4555 CCF SCHR B k47 38 515 21 1 Oy 5L
PR, BARSERR SR TR AL T —F g, S ERENGTHE B & 32 .

322 25 E
ATCFET 3.1 5T HE AR AR B SR 5 B I AR A

(1) ASZEGK A Fairseq A48 32 TR, LT 2080Ti & < HEAT R AY YN ZR A0 BETEAL o
FEEAERIE ] 6 2wl et . 6 Engesaety, Bl N=6.

(2) A BRI, BACR AR 2N 5e-05. Ja SR ik A Hdl gt
ATTAI, AR 52 31508 1e-05, AL #RECK A Adam.
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(3) BALYNZRIS, B #IRBHEAE 128 M PATHIXS, VAT IR KK 200
ANy, R A R R B 0 R AT

(4) FEARSCHATI AT M2 PP SEgar, $RH B=0.5 A

® 3-2: YHESEESIER

Fig A= H % (%) R U

YL 331,023 89.5 Y2k

ISUFEE 8,000 95.1 LNl

5 1,000 92.2 W
3.2.3 TEYIRAR

G HT A BT T A B R UAT KPS A — Tt Fp 0308 MaxMatch
(M2) PBEopds. Bk, M?1Erdse — M TSERER, B ARG ERER
WEHNTIERNZSEREIATIE, M REmESSERBILE, Wit —kE
FATE (TP, iR SAEMTSH g AAILES, WHE— AR (FP), 4n
REF g AR EAILES, W EB—KRPIME (FND. 3% 3-3 2&MIGHH
NI

—EIEEE TP, FP. FN HUREAT L AR (P) MARIE (R) 705
RN G 4R LA B LG AN G 4 P 2 25 g B O, BEm AT TSR FR
H A SRS T 70 5 LR R R B p=0.5. TEIXFIIXE S, HERGR IR E L H [
RIS, PR T A8 RGOk UG, 85 HER R L A IE T A iR L

#3-3:M2 i) BT
TP FN FP
Original | likes to drive a Dbicycle .
Hypothesis | like to drive the bicycle .

Reference 1 like to ride a bicycle .
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TP

P=Tpsrpr S
TP
R=TpTFN S
P xR
Fﬁ=(1+ﬁ2)><m (3—6)

i g S R RE R — R e, 8 SRR BT R IE A e . i,
Y’ [has eating—was eaten]t 1] LLSZE N[has—was] fll[eating—eaten]. U1 5 H
g5 VX IR AR R AR 225 i, B g 48 B4 77 A T A IR RO I,
TR TP, BRIk, RGP AR I & L 502 A HERI Y .

M2 it ds I BIET L ALAE T, EAE SR IR AR R GifR v 2 18] H T Levenshtein %
U, B HAIR R AR AL S T7 20, PT84 o KRR 2 L DT P 2%
BRI, EReik T HOO FE AT 55 il FH 1T 20 25 AT BE 3R [R1 65 VR 2 B IR 25—
WA TAEMAE—HSHEREN, M2 Sk —HS %, JFREA Rz
Ml a) 5 A AR R I S5 e

3.3 SERMERE T

B, AR transformer B HOR H IR BRI LIG W E, 3+ 3-4
TR T R T B
X 3-4:FEUER AP BE

fe HER 2 (%) # [712(%) Fos

AL I MER Y 30.0 19.3 27.0

N Tt P IAIE BART TSR A0S SEAER R PE BE AR, A SCINAZE T BART
FITI Rt . 3% 3-5 104 1 B HT s in /5 B AR AR g .
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R 3-5: TN G U AT RO S 36 4 R

I HEH R (%) 7] 2R (%) Fos
SCAS 2 s FEE R Y 30.0 19.3 27.0
TN T A R 1) 3 v A Y 50.9 (+20.9) 30.5 (+11.2) 44. (+17.9)

EIR SR A RER Y, AT SRR R R (R PR REAT 2 4R T T
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F4E SPIRRARPYIRELGSE

AT TSR A B S B G5 7%, IR RSO URR T
Tl B ] 24 AR R B R iR TR o SRR AE RN, MR AR R O B mT LA
b mE R AR M R R IR T T

4.1 A S

IR B — PR, RS R E SR RS . IR, EE T E
SR AERAESS, WISCAr R (E B R AL A5 SE . UEiA s m] DL BT 5
AL BE S L B R R 5 TR SCAS, T g e B PRI 5 AL BT 55 VR PE AN IR o 45Uk
e T DUE N T s B B sk THRMORRE R R B, N\ A5 4idsin] i
i SRR AN e, H TR B U T KA B, B s TR BOAK R R
SERORE . RARAIMES, IRJE 8 Ge it J7 iR ML &8 5 > SRR 5 MR LE ATV 2 e A
KMo

SCHR R 5B 1] e 3 SCHR L AU KRl M CSCE ARSI 30l
i, JFReRARICNE T, AT SRR SO B BORTE o SCER IR b RN 50k
B HI SCERA 2 25 U EAR B B2, I SCBEA] 2 SR A B A5 2 AN iR

PRIk, ASCIEHL T 2k Bl CCF SCRROGBRER], JFREATILE, fRE IR
T 10 S B ] ) R AR S, R R ILAT B 23923 Al

4.2 FEWEDCR

4.2.1 FBEMEFEARNA

It A X 2% R AN A Jee s ELASE AR 0 RS AN T, N SK0x e ot B 0 1) 5 oK
HIERWIIG K . SO A AR A AE K 5 I R B — B VB V2 21 B A0 T s P K
AN T K AP IAT Bda % Lang-8 AL 200 3 MA) 74, Herp i SO ) B 2
Mo AT KR B AN 2 PSRRI A0 H 1 & A EvE S R . 2RI, RN TRt
B e 5 SCIN A, BRIk, A B SRl i b I vh AR S P AT TR I R 15 3]
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TTZ R . W fEa) AR, IR IL S AT Iex, AR RS AT
ERLE . Ad BB 5 07 VE AT DA T SCOE R 2 BB MR R A R RRE I G . AT
VB M B A 38 5 1 5 V2 3 A B R e [ R M

HEREE AN L&BIEER RN —F 52 THIEFSOR, RS EAIERH. X
S AT DA TR0 e P R B AR A AT IR TP A R . B
FEME S P AR A RAEAR R I BCR R B R SE R, BV EA TR EIIAE S HRAL,
WA EINRE IR . FE AT A N PIAPSERL . TR0 0 7 VA AT T R 6 5
Pio (L BT A 10— T35 BT RL R VA 0 75 (1 S B 5 12 e AR 4 —
LETE SRR N FH — R ATl KM BRI AR S1EE R f) 71 . Ehsan
A Faili T E SRR O BRI — /M iR, X SRR AR B 35 44 1%
Jrid]. HiEE R4, Lichtarge M hdd kR, AN BHAZHFFOE, HIEE
HRgINGER TR i I s . (20 FETRTREEAM i A i Bl 1 o —Fh oy
AR EN AR IFAT B R E P 25 LA R . IXRP IV AT DUEAS-5 i B iRt
A ER A B SRR R K A . Rozovskaya Al Rotht3! $2 1t 7 = AN [6] ) 5
FEEORIENTTVE, W pIRIE A BRI SR 0T . A IEJE SR oA, SCEARA IE
o B o A RS I 15 . Felice AT Yuanl J5 Rtz ik AT T udk, 7E7P7 A N T4
RIS H R T SCAR ML POS bRAE. 1 SUBEE A UE B Reil® it — bl Hi e
PR HRZE

SRR ERR S T S 1) B 10 07 A8 B M IR T OB B, IR — AN AUIETR
)T BT RO, SRS A AR A KRB R IR R I N, AR
ETAT B IE PR BEAT TSR, AR TR R Bt . IR A i th 2
N T TENLAR R 2R A O, (HE AT DA N T SUAR A 4 . Rei 216l
VOB S A B S P BRI, Yuan ZE7E Rei SEUOI3ERE B3 hn T —FhIE T
B TINER R TR, DU ORAE BRI 0 B s LU SR IR N\ ) 1R B R
R Z . Kiyono SEMSIUEL 1 5 ) 0 10 75 R B IR 7, ORI I I 3R e 7 AR B
oF. BT, ENESERETT AU, BT R B RR LR, AR A
B bR ET V. R, TSR LR BT R Il FRalit R e i
SRR RUNSGE, DUORAE A 1 S B R rh, SR T TR, R BE AR IR
S IR B R R, MR, I R R 2 52 B I SRt A 2 2R o
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JE BTG T AT A — @A B G2 Bk a) i, (HES R 1) 2 AR IAAS
B o

4.2.2 ETHRUKEHEEHEDA

i LIRTIVERRER A, ASSCEE R R SR AT, B T — R TR H
WS TV, HAARAEDT
BERESR ARTHEEETWSE, BESRSEL M, HiEES i
. MR R PR BN EE T H, it s EE R, f#
VL SO R AR A O R S VARV AT DS SCHREE Al e . VS i,
G 1 FH A8 1 I I R SOOI . BRI, ASSCA# A python [ synonym? 3 Y
[ S Bt , 5 ANTE AT s ] g £ A RV B e AT ] b i A, TR
JAA] SR B A R o
FEFER PIERRERIBCCRE (E Rk 7 B k. S R SR
FELPERAITIAERE, AEcE l FAT . A ERER, SO 5= RS B
FEAe bAk, 578 P He S B X SR N A B AR w22, TR R EE 1)
B B, AT CSC2013 i Ht S &AL S FIRIL T PUB &L T °, Bt
LR R, TR B R R .
WBRISEEIT  (ERRESE R, ASORIUAAE BT SCBR 'S VR I 8 220 ) 1
G, AR SRR G . R CCERE R R A
PEERE S, SVREIBESSEATFHEEAWEM, HE/mAE L, FiBmE &%
BTG SR TVES AR, Bk AR M DB AR SR AR A, B
RS E R AL Bk, ASSCIBR A7 i Elinil, 8w 20T A e
TR Y BRI OCEE, IR IE SRR .
MRS oin HE AT, BTy sk B0, AMIgwE#H
TNV — B VR N AR . ABAESCER S /R, D 1 ARIUESC & W HERA PR ™ 1,
J 12 R Bk G A FH T FR o A R AU I AT FR, SO AE 2R — I B 25 tH AR A
b, St AT i B P E 2 AR AR TR AL A R DGR A, AT BRIL S 4y, I RO
T B R

R S R R AR R B AR TR
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R A-1 AFECE R R AE I B AT

JFha s T PRI I IE R RENE 50 RAE 8] B — RS G R
TR 1 B FRRARACL 20 G M 55 GUE Z IR — PR AR O 2R

Fy IS REAUNILSE B A A 22 40 H AR AT # 3 R a8

) D% B 1 HAARXS 22 40 H bs T 3 10 o

JEn ¥ FRAESREURE — L8 46 (R N 10 H5cdie 248 P2 D>

R R Rp IESRECRE — L8 40 i N\ A 508k 248 P ik />

LY GCINE TRIR BRI AL — s R (1 38 I P e A
M I 08 9 9% B ] RRER iR RCR N8 eI A%

AR R G 55 07 1k e B IR AE W 1 4-1 o BERE—ANET, B s
BUE S e H ) R R ARV, He A B ) R AR AR VR e R AT b 3 DY o
#RAE, BEAIERIRIF MR 0.25,

FTRERER—HE FREFERE—ME R HERERG FRER—MENK
BRMBEIIRK R  BORAREIEIKRER . VA o REBIVRIK R

] ] T T

maaasn | (mETem ] (mpxed | | smnsxes

a<=0.25 0.25<a<=0.5 0.5<a<=0.75 0.75<a<=1

[ a = random.random( ) ]

ﬁ E N0 T AR

[%m%%%%—ﬁ%&ﬁmﬁﬁﬁﬁﬁo]

ﬁ 5 G0 F o B Uil

FERET: FREBEE—F
0 2R A9 VA TR R A%

K 4-1: Hda g smim e K

*https://pypi.org/project/synonym/
*https://github.com/ACL2020SpellGCN/SpellGCN/tree/master/data/gcn_graph.ty_xj
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4.3 HEWIRLIES R

ASCNCHELH) CCF SCRREE 4R KA 50 %), JREH] _E— /N3 @2k 131
WU Kt 1 s A eI B, S 2P AT TR SRR R AT 0, SeiR i E
SRR SO B E A D T UE AR SRR Y 0 et 1 985 VR A R, SR g3
KM B s AN VR PR 7 2P Kt 18 5 e A A VR BE 0 52T

7o

431 HIIVEY

I RHBOCHIR U SRR M B =, AR 500 A N TARVE (7475 5% A
500 A N LANME & Rt a1t ey 20 3 RN A Bl 1 ol VAR Bl . ki
RS —FF, ASCRH M 2 P 83AF 8 Hah P 0 vE Fahs,  SEgnal RAnE 4-2
B o
R 4-2: FAEHGTRLS

Fr TRy HERAZR (%) B (%) Fos

LRI ZRAb (i S HER R 30.0 19.3 27.0

e BR TN AR R ) B P 4 AR TR 485 (+185) 435 (+24.2)  47.1 (+20.1)

TN FTI ZAsE R 1) 35 o A 7Y 50.9 305 449

BN TN A5 B ) i J £ e A 7R 64.9 (+14.0) 50.2 (+19.7)  60.9 (+16.0)

FEXS EREERBATIRA DM G, WA LT L4
(1) TR B IATI G, A SCHE B4 55 75 2400 SEHERL AL 1 1 e A 2
FIRTE, XM MIEUESE 123 98 75 % 1A Rk

(2) WEPATEH, AT, S am BORXHE R ML RE 3R T EE 55
PRI GRS B/, X2 PO I TR ZRAb by, AR T (1 PR e AU
DR AR A BE RO SR TS 1AIAT BRI R BRI ZRAbRing,  SEAERLR 1 PEREA =,
AT IR R R FET 22 1)
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BEAh, ARSCESAS R BHE B e E AT T RhSLEs, R T e A Sk, 4
RN 4-3 frw.

R A4-3: B AfEig o H s is

Il i AR (%) A EZ (%) Fos
Kl 1 RS Y 63.6 48.5 59.9
TRVE 1] B i 57.3 (-7.6) 439 (-6.3) 54.0 (-6.9)
HL 55.6 (-9.3) 44.7 (-55) 53.0 (-7.9)
i Ik e 1] 51.9 (-13.0) 33.1 (-17.1) 46.6 (-14.3)
THI R 350 3 5 ] 52.1 (-12.8) 37.9 (-12.3) 48.5 (-12.4)

Bl e, AN SO SRR S SR EAT T IR, BT LS S50

(1) REE. HIL T RIX PR SRR B AR O A, DR A e g
SUFHREF s 10 53 SR PR ER AR R () 21 1R RE AT IR ER B =, BT AR sk de
SRR RE IR THA R -

(2) HEFEIY A TR, AR TR SR I HHR B S IR AR N, P
ONRERL N BAR SRR TR GBI F 2 RSB, XA R A A S DL
FRAELMEEIR . L, ASCR SR T MESR AT a8 R AT AR,
VERERS B $ETE. HIAT L, JTCE B A HE G SOR A Y T iRoX — N XA
[([p=SibpIRr
N T B BAIE AR SR AR R A 80 18 5 Yk A R, AR SORg R AR

BRI S B AR L O S A ST, TR I ZREE 0T 170, X e T i AR TR AT )

Tro A, ACAEHINGREF RS B AR R, 6 AR B 7R AT I,

X HLAE I AR T ERL R N IREL ) CCF SCIRME SR . fe)im, AR SR T S Ay 1 13 M 7

FRIKCHE 18 5 A 7 5 i R0 PR A0 1 s AR T L, S5 R ANR 4-4 P

R A4 AS[FIEEE Y s A R L S

g Y AR (%) HEZ (%) Fos
B 180 i 64.9 50.2 60.9
S e Bl PR AR Y 53.3 (-11.3) 355 (-14.7) 48.4 (-12.5)
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MO B S B0 45 R Rl AR, A ST M (10 32 0 14 S50 49 53 7 9k ) 3L
AT T S BRI A (1 R 1 oA A . AR AN HLR = e i A
FIEOL T, I E A Ry, RAE AT RIS R, Rl A
RIPEREMIIRTHB LLECH TR -

132 ATV

SENAR, RN LIN T, AT CCF SCRRE S R 2
JIAVBEATINE, FER T — MBI . B, A SO Sk AR A A A
BE5i e RAE R AR I — I EE B EAT IO, IRt AR R A SN A5 2R . 125
AT AT 22 53 BRI S R, BEHLRAE F T AT N V-, AEANRIIE T
ZEROR H R R HT B2 N LA E — A E S PPIrai Rk 4-5 fior.

® 4-5: NIV 4R

i T IE A CIEDSE (1 HER 2 (%)
FE AT 259 500 51.8
G iDLy Rt 363 500 72.6

Lt NIV A, a8 o Y (i 2 B 25 A0 TR ERE T . eid i — 28 )
BT AR SO KR 1 oA R A A A SR R (21 IR BRI BRI 3, AAL
THEMERR AT DL v O B R IR IE . (EAE AR A Rl A R b, SR HER Y
ANECHE 3G A R R SR IBAR L o DRLIG,  FEET X RF 8 U I SCAR Y AT 55 T, P4 23

JRHTRURTIE FH AR A A B AR R R L o 28 K B B R
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F5E RLEE5RE
51 KM%

ALY T HARE S ACEE TR ) — DA BT S, TH R R BRI AT A 2 i
WA LASE S KRR S AE I i &, S D e e s h = AR A . A SO 3 B T AE
DTHRLN T

(1) EECRMEAE S H R RNTE, Bk H AT U S R EEfE

(2) THFRHECCERAEE, HEE T N RREBOR AR E 2RI R 5, b
7 VA AEEE A, IR R AT S P

(3) SE T SCRAMEAE ST I BE I s k. AR T A i, JRR T
A S A R R B R R, S AR R B 1R T T

(4) KA BN TIP IR PP 520, B 2B IRUEAR SR Y Kt 1 oy
IRIA RN . SRS R W], 207 AT DA R A AU S B iR R 4 I |
RILHBRAS
B3, AL TAFMAFES DL AR At

(1) AHELTE U, R e ) e B BE D R o AR SCR P 3 FH A0k L R
e 5 SR TE B AR SCHR A7 2EAT I, B A5 sRERN AR BBk
A ETERER, HHOE 7 SOR MR 3L, 1 20 1 BHOCHR T
IRFIE o 0] A RS SRR AT ) i I B P AT I REE , IR /Bt 7

(2) ASSCHR K 1 5 5 vk R ORVE 5 AUk R] St Y IRRVE AR SR RO B R, (EAn ]
S TSR R VR Y AR BOASL R, B LA TR T AU 5 AU R T 2 T
R, TR RS B AP A SR .

28



TINREAR A T G50

52 RBY

SRERE R K+ JVFE P ORI e S AR KBt e, (EA) T I — 25 5 23k
0o AT AR ARG H LU @

s MLET AR, 5 U A R O RS T0 N AR RE AU K,
Gnfe] B 2R Rl e o A ol 5 A R T [

S AR E GBI SCAR M ST, R SRR TR Bl 2 SRR A 5 0T B LR AT
SR, FFIG VT Us FIRALIE F R B G, 9 1 AR I B R ) A

= RPE SR A, HARISUE B AR AT A ZE RO Ty i
EEPER T RAE R, BEREIE R RITENEENE, /P
WHT.
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Massive Exploration of Pseudo Data for Grammatical
Error Correction

Shun Kiyono *“, Jun Suzuki, Tomoya Mizumoto, and Kentaro Inui

Abstract—Collecting a large amount of training data for gram-
matical error correction (GEC) models has been an ongoing chal-
lenge in the field of GEC. Recently, it has become common to use
data demanding deep neural models such as an encoder-decoder
for GEC; thus, tackling the problem of data collection has become
increasingly important. The incorporation of pseudo data in the
training of GEC models is one of the main approaches for mitigating
the problem of data scarcity. However, a consensus is lacking on
experimental configurations, namely, (i) the methods for generating
pseudo data, (ii) the seed corpora used as the source of the pseudo
data, and (iii) the means of optimizing the model. In this study, these
configurations are thoroughly explored through massive amount of
experiments, with the aim of providing an improved understanding
of pseudo data. Our main experimental finding is that pretraining
a model with pseudo data generated by back-translation-based
method is the most effective approach. Our findings are supported
by the achievement of state-of-the-art performance on multiple
benchmark test sets (the CoNLL-2014 test set and the official test set
of the BEA-2019 shared task) without requiring any modifications
to the model architecture. We also perform an in-depth analysis
of our model with respect to the grammatical error type and
proficiency level of the text. Finally, we suggest future directions
for further improving model performance.

Index Terms—Natural language processing, language
generation, grammars and other rewriting systems, machine
translation.

I. INTRODUCTION

error correction (GEC) as a machine translation (MT) task,
in which ungrammatical sentences are regarded as the source
language and grammatical sentences are regarded as the target
language. This approach allows for the use of cutting-edge
neural MT models. For example, the encoder-decoder (EncDec)
model [1]-[4], which was originally proposed for MT, has been
widely applied to GEC with remarkable results [5]-[13].

T O DATE, a number of studies have tackled grammatical
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However, a challenge in applying EncDec to GEC is that
EncDec requires a large amount of training data [14]; however,
the largest set of publicly available parallel data (Lang-8) in
GEC only contains 2 million sentence pairs [15]. The amount
of available data is insufficient for the model to generalize
to various grammatical errors. Consequently, there has been
much research on methods for augmenting data by incorporating
pseudo training data [9]-[13], [16].

When incorporating pseudo data, several decisions must
be made regarding the experimental configurations, namely,
(i) the method of generating the pseudo data, (ii) the seed
corpus for the pseudo data, and (iii) the optimization setting
(Section II). However, a consensus on these decisions in the
field of GEC has not been reached. For example, [9] found
that a variant of the back-translation [17] method (BACKTRANS
(NOISY)) outperformed the method of generating pseudo data
from raw grammatical sentences (DIRECTNOISE). However, both
the current state of the art model [12] and the winner of the
BEA-2019 shared task [13], [18] use the DIRECTNOISE-based
method.

In this study, we investigate the aforementioned decisions
regarding pseudo data, with the aim to provide the research
community with an improved understanding of the incorporation
of pseudo data. Through massive amount of experiments, we
explore and determine appropriate settings for GEC. In addition,
we validate the reliability of the proposed settings by evaluating
their performance on benchmark datasets. Specifically, without
any task-specific techniques or architecture, our off-the-shelf
EncDec method outperforms not only all previous single-model
results but also all ensemble results, with the exception of the
ensemble result by Grundkiewicz er al. [13]. By applying ad-
ditional task-specific techniques, we further improve the model
performance and achieved state-of-the-art performance on the
CoNLL-2014 test set and the official test set of the BEA-2019
shared task.

It should be noted that a preliminary version of this study
was presented at an international conference (EMNLP-IJCNLP
2019) [19]. Our primary extensions of the conference paper
include an additional experiment (Secion IV-B), an in-depth
analysis of the experiments (Section V) and a comprehensive
overview of previous studies on pseudo data for GEC (Sec-
tion VI). Specifically, our additions are as follows:

i) We conductanexperiment with an additional pseudo data
generation method proposed by Grundkiewicz et al. [13]
(Section IV-B, Table IV).

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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ii) We analyze the effect of changing the seed corpus on
the performance of the model for each proficiency level
(Section V-A2, Fig. 6, Fig. 7).

iii) We analyze the effectiveness of incorporating pseudo
data by comparing the performance of baseline, PRET-
LARGE, and PRETLARGE+SSE models for each grammat-
ical error type (Section V-B1, Fig. 9). Both PRETLARGE
and PRETLARGE+SSE are the proposed settings for GEC
(Section IV-E).

iv) We analyze the scalability of the performance for
each proficiency level to the amount of pseudo data
(Section V-B2, Fig. 10).

v) We summarize previous studies, in which methods are
developed for generating pseudo data. These methods
include both a rule/probability-based approach and a
machine translation-based approach (Section VI-A).

vi) We demonstrate that previous studies used various type

of seed corpora (Section VI-B).

We summarize the use of pseudo data for model training

in previous studies (Section VI-C).

In addition, a number of revisions have been made, as follows:

i) We ensure the reproducibility of our experiments by
publicly releasing the pretrained model files and model
outputs.!

ii) Our conference paper [19] used a randomly subsampled
version of BEA-valid as the validation set. In this study,
we instead use the entire BEA-valid and evaluated our
models. We confirm that our conclusions about the ap-
propriate settings for GEC remain unchanged.

iii) Part of the experiments (Table VI and Fig. 4) are reran
using Gigaword instead of Wikipedia as the seed corpus
because we determine that Gigaword was empirically the
best seed corpus (Table V).

iv) We add several mathematical equations in the problem
formulation (Section II) to describe the GEC task more
concisely.

vii)

II. PROBLEM FORMULATION AND NOTATION

In this section, we formally define the GEC task addressed in
this paper. Let D be the GEC training data that comprise pairs
of an ungrammatical source sentence X and grammatical target
sentence Y (i.e., D = {(X,,Y,)}n). Here, |D| denotes the
number of sentence pairs in the dataset D.

EncDec is currently the dominant approach to the GEC task
[6]-[8]. To describe EncDec, we define X as consisting of
a sequence of I tokens, namely, X = (xy,...,27), where x;
denotes the i-th token of X. Similarly, y; denotes the j-th
token of Y. We define Y as always containing two additional
special tokens; (bos) for yo and (eos) for ys41. Thus, Y =

(Y0, Y15 ----YJs,ys41), thatis, the length of Y is always .J + 2.
Then EncDec models the following conditional probability:
JH1
p(Y1X) = [] pilyo-1, X, ©), o)
=1

![Online]. Available: https://github.com/butsugiri/gec-pseudodata
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where © represent all trainable parameters of the model. Our
objective is to find the optimal parameter set © that minimizes
the following objective function £(D, @) for the given training
data D:

L,

LD.©) =7

Y. lgp(Y[X.©), @
(X,Y)eD

where p(Y'|X,®) denotes the conditional probability of ¥
given X.

In a standard supervised learning setting, the parallel dataset
D comprise only “genuine” parallel data D, (i.e., D = D,).
However, in GEC, it is common to incorporate pseudo data D,
that are generated from grammatical sentences Y € 7, where
T represents a seed corpus (i.e., set of grammatical sentences)
[91. [12]. [13].

Ourinterest liesin the following three nontrivial aspects of (2).
Aspect (i): There are multiple methods for generating pseudo
data D,, (Section I1I). Aspect (ii): Options for the seed corpus 7~
are numerous. To the best of our knowledge, the effect of th seed
corpus domain on model performance is yet to be shown. We
compare three corpora, namely, Wikipedia, Simple Wikipedia
(SimpleWiki) and English Gigaword, as a first trial. Wikipedia
and SimpleWiki have similar domains, but different grammatical
complexities. Therefore, we can investigate how grammatical
complexity affects model performance by comparing these two
corpora. We assume that Gigaword contains the smallest amount
of noise among the three corpora. We can therefore use Gigaword
to investigate whether clean text improves model performance.
Aspect (iii): There are at least two major settings for incorpo-
rating D, into the optimization of Equation (2). One is to use
two datasets jointly by concatenating them as D =D, U D),
and then solve the following minimization problem:

® = arg min{L(D,UD,, O)}. (3)
[

‘We hereinafter refer to this optimization to as JOINT.

The other setting is to use D), for pretraining, namely, mini-
mizing £(D,,. ©) to acquire @', and then fine-tuning the model
by minimizing £(D,, ©'). Specifically, the optimization oper-
ates as follows:

©' = arg min{L(D,, ®)} (4)
)

O = arg min{£(D,, ©)}. (5)
)

We refer to this optimization as PRETRAIN. We investigate
the aforementioned aspects through extensive experiments
(Section IV).

III. METHODS FOR GENERATING PSEUDO DATA

In this section, we describe three methods for generating
pseudo data: noisy back-translation (BACKTRANS (NOISY)), di-
rect noizing (DIRECTNOISE), and its variant (DIRECTNOISE
(SPELL)). In Section IV, we experimentally compare these meth-
ods. Examples of each generation method are presented in Fig. 1.
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Original:
BACKTRANS (NOISY):
DIRECTNOISE:
DIRECTNOISE (SPELL): HE@ o died there ,

He died at there ,

He died there , but the death date is not clear

but death date is not clear

(mask) {mask) (mask) , 2 but (mask) (mask) (mask) is not (mask) (mask
but the death te is not clear .

Original:
BACKTRANS (NOISY):
DIRECTNOISE:

Gre@@ en@@ space Information for GQRE@ rea@@ ter London .
The information for Gre@@ en@@ space information about GE@@ rea@@ ter London
(mask) (mask) (mask) for (mask) (mask) (mask) (mask)

DIRECTNOISE (SPELL): Gre@@ en@@ space Information op@@ r@@ ts for GE@ rea@@ ter London .

Original:

BACKTRANS (NOISY):

DIRECTNOISE:
failure place (mask

DIRECTNOISE (SPELL): The V@@

The cli@@ p is mixed with images of Toronto streets during power failure .
The cli@@ p is mix with images of Toronto streets during power failure .
The (mask) is mixed (mask) images si@@ of The (mask) streets large (mask) power REQ

1i@@ p is mixed with images of Toronto streets during power failure

Original: At the in@@ stitute ,
the U.@@ S.
BACKTRANS (NOISY): At in@@ stitute ,
DIRECTNOISE:
U.Q@ (mask)
DIRECTNOISE (SPELL): At the in@@ stitute ,
em@@ d the U.@R S.

she introduced tis@@ sue culture methods that she had learned in

She introduced tis@@ sue culture method that she learned in U.Q@ S.
(mask) the the (mask) (mask) (mask) (mask) tis@@ culture R@@ methods , she P (mask) the s

she introduced tis@@ sue culture methods that she had 1@@ Gen@@

Fig. 1.

A. Noisy Back-Translation: BACKTRANS (NOISY)

Back-translation for the EncDec model was originally pro-
posed for MT by Sennrich et al. [17]. In back-translation,
a reverse model, which generates a source (ungrammatical)
sentence X from a given target (grammatical) sentence Y, is
trained. Then the output of the reverse model is paired with the
input and used as pseudo data.

Currently, in the field of MT research, back-translation is
considered to be the de facto standard method for generating
pseudo data due to its strong empirical performance [20], [21].
However, this is not the case for GEC. Xie et al. [9] reported that
naively applying back-translation leads to only a minor improve-
ment in performance. Xie ef al. [9] demonstrate that in vanilla
back-translation, the reverse model is generally too conservative
and does not generate a sufficient quantity of grammatical errors.
To overcome this issue, Xie et al. [9] proposed a variant of
back-translation” called BACKTRANS (NOISY). This method adds
7" Brandom 10 the score of each hypothesis in the beam for every
time step. Here, scalar noise 7 is uniformly sampled from the
interval [0,1], and Brandom € Rsg is a hyper-parameter that
controls the noise scale. If we set 3andom = 0, then BACKTRANS
(NOISY) is identical to vanilla back-translation.

B. Direct Noizing: DIRECTNOISE and DIRECTNOISE (SPELL)

Whereas BACKTRANS (NOISY) generates ungrammatical sen-
tences with a reverse model, DIRECTNOISE injects noise “di-
rectly” into grammatical sentences [12], [13], [16], [21]. Specif-
ically, for each token in a given sentence, this method proba-
bilistically selects one of the following operations: (i) masking
with a placeholder token {mask), (ii) deletion, (iii) insertion
of a random token sampled from unigram distribution, and (iv)
keeping the original token. A detailed algorithm is provided in
Algorithm 1. For each token, the selection is made based on the

2referred as “random noizing” in Xie er al. [9].
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Examples of sentences generated by BACKTRANS (NOISY), DIRECTNOISE and DIRECTNOISE (SPELL) methods.

Algorithm 1: DIRECTNOISE Algorithm

Data: Grammatical sentence Y € T

Result: Pseudo Corpus D,
1D, ={} // create empty set
2 gt = (Mmask, Hdeletion Minsertion; fkeep) S-t. Spe=1
3forY € 7T do

s X=0)
5 for § & (Lo J) do

6 action ~ Cat(action|p)

7 if action is keep then

8 | append y; to X

9 else if action is mask then

10 | append {(mask) to X

1 else if acrion is deletion then

12 | continue

13 else if action is insertion then

14 append y; to X

15 w ~ unigram_distribution(D,)
16 append w to X

7 | Dp,=D,U{(X.Y)}

cathOﬁcal distribution (Pmask, Mdeletions Minsertion, /chcp)- The
DIRECTNOISE algorithm is described in Algorithm 1.

Recently, Grundkiewicz et al. [13] proposed another method
for generating pseudo data. The central idea of their method
is to use an off-the-shelf spell checker to generate a confusion
set for a given word. Then, they probabilistically replace words
with ones in the confusion sets. This method can be generally
interpreted as a variant of DIRECTNOISE, in which the masking
operation is discarded and the replacement operation is adopted.
Thus, we refer to the method as DIRECTNOISE (SPELL).

IV. EXPERIMENTS

The goal of our experiments is to investigate Aspect (i)—(iii)
introduced in Section II. We design our experiments to ensure
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TABLE 1
SUMMARY OF DATASETS USED IN OUR EXPERIMENTS. DATASET
MARKED WITH “*" IS A SEED CORPUS T~

Dataset #sent (pairs) #refs.  Split Scorer
BEA-train 561,410 1 train -

BEA-valid 4,384 1 valid ERRANT
CoNLL-2014 1312 2 test ERRANT & M? scorer
JFLEG 1,951 4 test GLEU
BEA-test 4,477 5 test ERRANT
SimpleWiki* 1.369,460 - - -
Wikipedia* 145,883,941 - - -
Gigaword™ 131,864,979 - - -

that the experimental findings are reproducible and generally ap-
plicable to GEC [22]. Specifically, the experiments are based on
the following two strategies. () We use an off-the-shelf EncDec
model without any task-specific architecture or techniques. (ii)
We perform hyperparameter tuning, evaluation, and comparison
for each method and setting on a validation set. In Section IV-E,
we summarize our findings and propose appropriate settings.
We then evaluate their performance on multiple benchmark test
sets.

A. Experimental Configurations

Dataset: The BEA-2019 workshop official dataset [18] is the
origin of the training, validation and test data of our experiments.
This dataset consists of the following corpora: the First Certifi-
cate in English corpus [23], Lang-8 Corpus of Learner English
(Lang-8) [15], [24]. the National University of Singapore Corpus
of Learner English (NUCLE) [25], and W&I+LOCNESS [26],
[27].3 Hereinafter, we refer to the training data as BEA-train.

The BEA-train is tokenized using the spaCy tokenizer.*
Specifically, we use the en_core_web_sm-2.1.0 model.’
We remove sentence pairs that have identical source and target
sentences from the training set, following Chollampatt and Ng
[7]. We then acquire subwords from target sentences through the
byte-pair-encoding (BPE) [28] algorithm. We use subword-
nmt implementation.® We apply BPE splitting to both source
and target text. The number of merge operations is set to 8,000.

As a seed corpus 7, we use SimpleWiki,” Wikipedia,® or
Gigaword.” We apply the noizing methods described in Sec-
tion III to each corpus and generate pseudo data D,.'"" The
characteristics of each dataset are summarized in Table I.

Evaluation: We report results on BEA-valid, the official test
set of the BEA-2019 shared task (BEA-test), the CoNLL-2014

3The data are publicly available at [Online]. Available: htps://www.cl.cam.
ac.uk/research/nl/bea2019st/.

4[Online]. Available: https://spacy.io/

3[Online]. Available: https://github.com/explosion/spacy-models/releases/
tag/en_core_web_sm-2.1.0

[Online]. Available: https:/github.com/rsennrich/subword-nmt

Thtps:/simple.wikipedia.org

$We used the 2019-02-25 dump file at [Online]. Available: https:/dumps.
wikimedia.org/other/cirrussearch/.

9We used English Gigaword Fifth Edition (LDC Catalog No.: LDC2011T07).

10The original implementation of DIRECTNOISE (SPELL) is not publicly avail-
able. Instead, we use an in-house re-implementation of the method with the
hyperparameters described in the paper [13].
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TABLE II
HYPER-PARAMETER FOR JOINT OPTIMIZATION

Model Architecture Transformer [4] (“big” setting)

Optimizer Adam [37] (81 = 0.9,82 = 0.98,¢ = 1 X
107%)

Learning Rate Schedule ~ Same as described in Section 5.3 of Vaswani et
al. [4]

Number of Epochs 40

Dropout 0.3

Stopping Criterion Train model for 40 epochs. During the training,

save model parameter for every epoch. Then take

average of last 20 checkpoints.

Gradient Clipping 1.0

Loss Function Label smoothed cross entropy (smoothing value:
s = 0.1) [39]

Beam Search Beam size 5 with length-normalization

test set (CoNLL-2014) [29], and the JFLEG test set (JFLEG)
[30]. All reported results (except for ensemble) are the average
of five distinct trials using five different random seeds. We report
the scores measured by ERRANT [31], [32]'! for BEA-valid,
BEA-test, and CoNLL-2014. Because the reference sentences
of BEA-test are not publicly available, we evaluate the model
outputs on the CodaLab'? platform for BEA-test. We also
report results measured by the M2 scorer [33] on CoNLL-2014
for comparison with the results of previous studies. We use the
GLEU metric [34], [35] for JELEG.

Model: We adoptthe Transformer EncDec model [4] for each
experiment. Specifically, we use the implementation available
in the fairsegq toolkit [36] and “Transformer (big)” settings
of Vaswani er al. [4], in which both the encoder and decoder
have six layers with 16 attention heads in each layer, a word
embedding size dyoder of 1,024, and a feed-forward network
size dg of 4,096. The dropout rate is set to 0.3.

Optimization: ~ We compare two optimization settings,
namely, JOINT and PRETRAIN. For the JOINT setting, we optimize
the model with Adam [37]. For the PRETRAIN setting, we pretrain
the model with Adam and then fine-tune it on BEA-train using
Adafactor [38]. The detailed hyperparameters for each setting
are provided in Table II and Table III.

B. Aspect (i): Pseudo Data Generation

We compare the effectiveness of the BACKTRANS (NOISY), DI-
RECTNOISE, and DIRECTNOISE (SPELL) methods for generating
pseudo data. To do this, we first investigate the hyperparameters
suitable for BACKTRANS (NOISY) and DIRECTNOISE. Then, we
make a comparison of BACKTRANS (NOISY), DIRECTNOISE, and
DIRECTNOISE (SPELL). It should be noted that throughout this
section, we use (i) the JOINT setting and (ii) all of SimpleWiki
as the seed corpus 7.

As described in Section III-B, DIRECTNOISE contains four
hyperparameters: (Nmaskw Hdeletions Hinsertion: .ukccp)- Running
a grid search over all of these parameters is computationally
expensive: thus, in this study, we exclusively focus on the effect
of Jimask. Therefore we deliberately fix fixeep = 0.2, and use
Hinsertion = Hdeletion = (1 — Hkeep — Llumbk)/Q-ThereSUhs are

!1[Online]. Available: https:/github.com/chrisjbryant/errant
12[Online]. Available: https://competitions.codalab.org/competitions/20228
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TABLE 11

HYPER-PARAMETER FOR PRETRAIN OPTIMIZATION

Pretraining

Model Architecture
Optimizer

Learning Rate Schedule

Number of Epochs
Dropout

Gradient Clipping
Loss Function

Transformer [4] (“big” setting)

Adam [37] (31 = 0.9,8 = 098, = 1 x
10~%)

Same as described in Section 5.3 of Vaswani et
al. [4]

10

0.3

1.0

Label smoothed cross entropy (smoothing value:
€15 = 0.1) [39]

Fine-tuning

Model Architecture
Optimizer

Learning Rate Schedule
Number of Epochs
Dropout

Stopping Criterion

Gradient Clipping
Loss Function

Beam Search

Transformer [4] (“big” setting)
Adafactor [38]
Constant learning rate of 3 x 10~

0.3

Use the model with the best validation perplexity
on BEA-valid

1.0

Label smoothed cross entropy (smoothing value:
€1 = 0.1) [39]

Beam size 5 with length-normalization

11.00
40.75
40.50 1
£ 4025
40.00 4

39.75

39.50 T
0.1

Fig. 2.
DIRECTNOISE (f4mask)-

0.3 0.5 0.7
Himask

Performance of the model on BEA-valid with varying parameters

Bascline |

| Exicdsoamend |

Fig. 3.

Performance of the model on BEA-valid with varying parameters

BACKTRANS (NOISY) (Brandom)-

summarized in Fig. 2. Here, pinask = 0.3 exhibits the best
performance; therefore, we use ji,.x = 0.3 for the remainder
of the experiments.

We also investigate the effect of varying 3;andom Of BACK-
TRANS (NOISY) by evaluating its performance on BEA-valid
Fig. 3). Here, Brandom = 6 achieves the best performance. It

41

TABLE IV
PERFORMANCE OF MODELS ON BEA-VALID: A VALUE IN BOLD INDICATES
THE BEST RESULT WITHIN THE COLUMN. THE SEED CORPUS T IS SIMPLEWIKI

Method Prec. Rec. Fos
Baseline 452 227 3717
BACKTRANS (NOISY) 41.7 312 39.1
DIRECTNOISE 483 254 409
DIRECTNOISE (SPELL)  44.6 29.5 404

should be noted that according to Fig. 3, the performance of
back-translation without noise (3andom = 0) is worse than the
baseline. We found that given no noise, the reverse model
becomes too conservative, and does not generate grammatical
errors, which is consistent with the phenomenon reported by
Xie et al. [9]. As a result, the pseudo data does not provide
useful teaching signals for the model and eventually harm the
performance.

Given the suitable hyperparameters for fimask and Srandom,
we compare the performance of BACKTRANS (NOISY), DIRECT-
NOISE, and DIRECTNOISE (SPELL). The results are presented in
Table IV. The table shows that DIRECTNOISE, DIRECTNOISE
(SPELL), and BACKTRANS (NOISY) all achieve better Fg 5 than
the baseline, which is consistent with the result reported by
previous studies [9], [12], [13]. It is noteworthy that each method
improves different metrics; DIRECTNOISE improves precision,
whereas BACKTRANS (NOISY) and DIRECTNOISE (SPELL) im-
prove recall. In addition, DIRECTNOISE achieves superior Fy 5 to
DIRECTNOISE (SPELL). This is surprising because DIRECTNOISE
does not rely on the external spell checker. We will exclusively
use DIRECTNOISE and BACKTRANS (NOISY) for the rest of the
experiments, because they achieve the highest precision and
recall, respectively in Table IV.

Why do different methods improve different metrics? We
speculate that this result is related to the quality of the language
model of EncDec. In the GEC literature, several studies reported
that a better language model leads to improved precision. For
example, Junczys-Dowmunt and Grundkiewicz [40] incorpo-
rated an n-gram language model trained from the Web-scale
dataset and improved the precision of the vanilla statistical MT
model by almost 10 points. In addition, recently, Chollampatt
et al. [41] used the scores computed by a pretrained language
model (BERT [42]) as features for re-ranking the outputs of
the system; they reported an improved precision over the model
without BERT. We speculate that a similar effect is occurring in
a model trained with DIRECTNOISE, thanks to the existence of
the (mask) token. Here, the decoder of the model cannot rely on
the encoder’s hidden states to generate the sentence, because the
(mask) token removes information from the source sentence.
In other words, the decoder is biased toward developing a better
language model, rather than merely copying the source sentence.

C. Aspect (ii): Seed Corpus T

We investigate the effectiveness of the seed corpus 7 on
generating pseudo data D,,. The three corpora (Wikipedia, Sim-
pleWiki and Gigaword) are compared in Table V. We set |D,,| =
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TABLE V
PERFORMANCE ON BEA-VALID WHEN CHANGING THE SEED CORPUS 7~ USED
FOR GENERATING PSEUDO DATA (|Dp| = 1.4M)

Method Seed Corpus 7 Prec. Rec. Fos
Baseline N/A 452 227 317
BACKTRANS (NOISY) Wikipedia 428 305 396
BACKTRANS (NOISY) SimpleWiki 41.7 312 39.1
BACKTRANS (NOISY) Gigaword 422 331 400
DIRECTNOISE Wikipedia 47.1 258 404
DIRECTNOISE SimpleWiki 483 254 409
DIRECTNOISE Gigaword 473 267 410

1.4M. The differencein F 5 is small, which implies that the seed
corpus 7 has only a minor effect on the model performance.
Nevertheless, Gigaword consistently outperforms the other two
corpora. In particular, DIRECTNOISE with Gigaword achieves the
best F 5 value among all configurations. This is a positive result
for the GEC community, as Gigaword is a collection of news
articles, that can be collected in high quantities at a relatively
low cost (e.g., News Crawl'?).

D. Aspect (iii): Optimization Setting

Here, we compare JOINT and PRETRAIN optimization settings.
We are interested in the performance of each setting when the
scale of the pseudo data D, is (i) approximately the same (|D,| =
1.4M) and (ii) substantially larger (|D,| = 14M) than that of
genuine parallel data D, (|D,| ~ 500K).

In the case of (ii), we expect that the teaching signal from
the pseudo data D,, becomes dominant in the JOINT setting, and
thus, the model may fail to learn from the genuine data D,. We
call this potential problem as dominant pseudo data. In order
to alleviate this problem, we experiment with upsampling the
genuine data D, in JOINT, namely, JOINT (UPSAMPLE). Specifi-
cally, we search for the appropriate upsampling rate within the
values {1, 2,4, 8, 16,25} on BEA-valid. Here, 1 is equivalent to
JOINT (without upsampling) and 25 approximately corresponds
toaratio of |D,| : |D,| = 1: 1. As aresult, an upsampling rate
of 2 achieved the best I 5 on BEA-valid.

1) Joint Training or Pretraining: Table VI presents the re-
sults. First, let us compare the result of JOINT and JOINT (UPSAM-
PLE). In BACKTRANS (NOISY), increasing |Dp| (1.4M — 14M)
does not improve Fy 5 on JOINT (40.0 — 40.0). On the other
hand, by upsampling the genuine data D, JOINT (UPSAMPLE)
improves Fg 5 (40.0 — 40.9). These results imply that domi-
nant pseudo data indeed exists in vanilla JOINT, and upsampling
genuine data can alleviate such a problem.

Second, the table shows that PRETRAIN is superior to JOINT, es-
pecially in terms of the properties of more pseudo data and better
performance. For example, in BACKTRANS (NOISY), increasing
[D,| (1.4M — 14M) improves F; on PRETRAIN by more
than two points (42.3 — 45.6). This is significantly larger than
the improvement achieved by JOINT with upsampling (JOINT
(UPSAMPLE)); it only improves by 0.9 point (40.0 — 40.9). An

13[Online]. Available: http://data.statmt.org/news-crawl/
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Amount of Pseudo Data |D,|
Fig.4. Performance on BEA-valid for differentamounts of pseudo data (|Dp|).

The seed corpus 7 is Gigaword.

intuitive explanation for this result is that PRETRAIN effectively
handles dominant pseudo data, because the model is trained
only with D, during the fine-tuning phase. Therefore, we con-
clude that PRETRAIN is the best optimization setting in Table VI.

2) Amount of Pseudo Data: We investigate the effect of
increasing the amount of pseudo data on the PRETRAIN setting.
To do this, we pretrain the model with different amounts of
pseudo data { 1.4M, 7M, 14M, 30M, 70M}. The results in Fig. 4
demonstrate that the sample efficiency of BACKTRANS (NOISY)
is superior to that of DIRECTNOISE. The best model (pretrained
with 70M BACKTRANS (NOISY)) achieves Fy 5 = 46.7.

E. Comparison With Current Top Models

The experimental results thus far indicate that the following
configurations improve model performance: (i) the combination
of JOINT and Gigaword (Section IV-C), (ii) an amount of pseudo
data D,, in JOINT that is not too large (Section IV-D1), and (iii)
PRETRAIN with BACKTRANS (NOISY) using a large amount of
pseudo data D, (Section IV-D2). We summarize these find-
ings and attempt to combine PRETRAIN and JOINT. Specifically,
we pretrain the model using 70M pseudo data of BACKTRANS
(NOISY). We then fine-tune the model by combining BEA-train
and a relatively small amount of DIRECTNOISE pseudo data
generated from Gigaword (where |D,,| = 250K). However, the
performance does not improve on BEA-valid. Therefore, the
best available approach is simply to pretrain the model with a
large amount (70M) of BACKTRANS (NOISY) pseudo data and
then fine-tune using BEA-train, which we hereinafter refer to as
PRETLARGE. We use Gigaword for the seed corpus 7 because
it has the best performance, as illustrated in Table V.

We evaluate the performance of PRETLARGE on test sets and
compared the scores with those of current top models. It is
important to note that CoNLL-2014, JFLEG, and BEA-test all
involve different domains. For example, CoONLL-2014 consists
of essays, while BEA-test contains a much broader type of
texts, such as letters, stories, and articles. Therefore, achieving
high performance on multiple test sets should ensure that our
model’s superiority is valid across GEC datasets in general.
Table VII reveals that PRETLARGE achieves Fg 5 = 61.3 on
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TABLE VI
PERFORMANCE OF THE MODEL WITH DIFFERENT OPTIMIZATION SETTINGS ON BEA-VALID. THE SEED CORPUS 7 1S GIGAWORD

Optimization Method |Dp|  Prec. Rec. Fos
N/A Baseline 0 452 227 377
PRETRAIN BACKTRANS (NOISY) 14M 492 272 423
PRETRAIN DIRECTNOISE 1.4M 472 233 39.1
JOINT BACKTRANS (NOISY) 1.4M 422 33,1 400
JOINT DIRECTNOISE 14M 473 267 410
PRETRAIN BACKTRANS (NOISY) 149M 508 326 45.6
PRETRAIN DIRECTNOISE 14M 483 277 420
JOINT BACKTRANS (NOISY) 14M  40.8 37.1 40.0
JOINT DIRECTNOISE 14M 480 250 405
JOINT (UPSAMPLE) BACKTRANS (NOISY) 14M 418 378 409
JOINT (UPSAMPLE)  DIRECTNOISE 14M  47.0 28.0 414
TABLE VII

COMPARISON OF OUR BEST MODEL AND CURRENT TOP MODELS: A BOLD VALUE INDICATES THE BEST RESULT WITHIN THE COLUMN

CoNLL-2014 CoNLL-2014 JELEG BEA-test
(M? scorer) (ERRANT) - (ERRANT)
Model Ensemble Prec. Rec. Fps Prec. Rec. Fgs GLEU Prec. Rec. Fos

Chollampatt and Ng (2018) (7] 609 237 464 - - - 51.3 - - -
Junczys-Dowmunt et al. (2018) [8] - - 53.0 - - - 57.9 - - -
Grundkiewicz and Junczys-Dowmunt (2018) [43] 66.8 345 563 - - - 61.5 - - -
Lichtarge et al. (2019) [11] 65.5 37.1 568 - - - 61.6 - - -
Chollampatt and Ng (2018) (7] v 655 331 548 - - - 573 - - -
Junczys-Dowmunt et al. (2018) [8] v 619 402 558 - - - 59.9 - - -
Lichtarge et al. (2019) [11] v 66.7 439 604 - - - 63.3 - - -
Zhao et al. (2019) [12] v 716 387 612 - - - 61.0 - - -
Grundkiewicz et al. (2019) [13] v - - 64.2 - - - 61.2 723 60.1  69.5
PRETLARGE 679 441 613 612 420 560 59.7 655 594 642
PRETLARGE+SSE 68.7 452 622 621 427 570 60.9 66.1 609 650
PRETLARGE+SSE+R2L v 724  46.1 650 67.3 440 609 61.4 721 61.8  69.8

CoNLL-2014, a result that outperforms not only all previous
single-model results but also all ensemble results except for that
by Grundkiewicz et al. [13].

To further improve the performance, we incorporate the fol-
lowing two techniques that are widely used in shared tasks such
as BEA-2019 [18] and WMT [44]:

Synthetic Spelling Error (SSE):  Lichtarge et al. [11]
proposed a method of probabilistically injecting character-level
noise into a source sentence of pseudo data D,,. Specifically, one
of the following operations is applied randomly at a rate of 0.003
per character: deletion, insertion, replacement, or transposition
of adjacent characters.

Right-to-Left Re-Ranking (R2L): Incorporating a right-
to-left model into the decoding process was independently pro-
posed by Liu er al. [45] and Sennrich et al. [46], and consistent
improvements in performance were reported. Following previ-
ous studies [13], [46]-[48], we train four right-to-left models.
The ensemble of four left-to-right models generate n-best can-
didates and their corresponding scores (i.e., conditional prob-
abilities). We then pass each candidate to the ensemble of the
four right-to-left models and compute the scores. Finally, we
re-rank the original n-best candidates based on the sum of the
two scores. We set n = 5.

4

Table VII presents the results of applying SSE and R2L.'
PRETLARGE+SSE+R2L achieves state-of-the-art performance
on both CoNLL-2014 (Fy5 = 65.0) and BEA-test (Fg5 =
69.8), which is superior to that of the best system in the BEA-
2019 shared task [13].

V. ANALYSIS

In Section IV-E, we demonstrate that PRETLARGE and PRET-
LARGE+SSE configurations achieve superior performance to
that of current top models. In this section, we propose future
directions for further improving the performance. We achieve
this by analyzing our experimental results in terms of grammat-
ical error type performance and proficiency levels. Specifically,
we conduct an analysis on the following two aspects: (i) how
the effectiveness of the pseudo data varies across different seed

!41n the preliminary version of this study [19], we incorporated the technique
of Sentence-level Error Detection (SED) [49] in addition to SSE and R2L. SED
adopts an external classifier into the evaluation pipeline of the GEC model: the
GEC model is applied only if the classifier detects a grammatical error in a
given source sentence. While SED improves the performance of the model, it is
not directly related to the concept of pseudo data. Thus, we excluded the result
incorporating SED from this paper.
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Fig.5. Performance of the different seed corpora on BEA-valid across various
error types. Only the 10 most frequent error types are presented. For a detailed
description of each error type, see [31].

corpora (Section V-A), and (ii) the strengths and weaknesses of
PRETLARGE (Section V-B).

A. Effectiveness of Different Seed Corpora

1) Error Type Analysis: In this section, we analyze the per-
formance of the models trained with different seed corpora
through their performance on each error type on BEA-valid."
Here, the question is whether one seed corpus is more effective
for correcting certain grammatical error types than the other
corpora. To do this, we use the DIRECTNOISE models illustrated
in Table V. Fig. 5 presents the results. The figure shows that
different seed corpora indeed have different characteristics. For
example, Gigaword outperforms other seed corpora on error
types such as PUNCT, PREP, and SPELL. On the other hand,
SimpleWiki outperforms Gigaword on the VERB:TENSE error.

2) Proficiency-Wise Analysis: One notable characteristic of
BEA-valid is that it comprises four sections (A, B, C and N)
with different English proficiency levels. Here, A (beginner), B
(intermediate), and C (advanced) are derived from CEFR levels
[50]. The remaining level (N) corresponds to text written by
native English speakers. These proficiency levels provide us with
increased insight into the behavior of the model. This is because,
as illustrated in Fig. 6, the error distribution differs significantly
among different proficiency levels. For example, the determiner
(DET) error is common in proficiency levels A, B, and C, but
not N.

We are interested in the effect of changing the seed corpus
on the performance of the model for each proficiency level, as
each proficiency level should require a different seed corpus. For
example, SimpleWiki should be suitable for proficiency levels
A, B, and C because its grammatical complexity is closer to that
of English learners. Similarly, Gigaword should be suitable for
proficiency level N because its text is written by native English
speakers. We analyze this relationship between the seed corpus
and proficiency levels using the DIRECTNOISE models illustrated
in Table V. Specifically, we evaluated the performance of the
model for each proficiency level. Fig. 7 presents the results.
The figure indicates that SimpleWiki has either comparative or
superior performance to Gigaword for proficiency levels A, B,
and C. However, Gigaword outperforms the other two corpora

ISBEA-valid contains error type annotation for each edit, that is automatically
annotated by ERRANT.
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Fig. 6.  Error type distribution across different proficiency levels. Only the 10
most frequent error types are presented.
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Fig. 7. Effect of the seed corpus on proficiency A, B, B, and N. The y-axis
represents the F 5 score.

by almost two points in F( 5 score for proficiency level N.
These results support our hypothesis that there is a relationship
between the grammatical complexity of the seed corpus and the
proficiency level.

The fact that a certain seed corpus is more suitable for a
certain proficiency level than the other corpora is consistent
with our findings in Section V-Al. For example, according
to Fig. 6, the VERB:TENSE error is in the 10 most frequent
errors in proficiency levels A, B, and C. In Section V-Al, we
found that SimpleWiki demonstrates the best performance on
the correction of the VERB:TENSE error (Fig. 5). This may be
one of the reasons why SimpleWiki shows strong performance
on the proficiency levels A, B, and C in Fig. 7.
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Source Sentence: When the concert finished ,

we went to cloakroom to get signatures from musicians .

Gold Sentence:
Model Output:

When the concert finished ,
When the concert finished ,

we went to the dressing room tc get autographs from musicians .
we went to the cloakroom to get signatures from musicians .

Fig. 8.
indicates the grammatical errors not corrected by the model.
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Fig. 9. Performance of the models on BEA-valid across various error types.

Only the 10 most frequent error types are presented. For a detailed description
of each error type, see [31].

B. Strengths and Weaknesses of PRETLARGE

1) Error Type Analysis: We analyze each model through
its performance for each error type on BEA-valid (Fig. 9).
Specifically, we are interested in the performance of PRETLARGE
and PRETLARGE+SSE compared to that of the baseline model,
which is only trained with genuine data D,. It should be noted
that BEA-valid contains error type annotation for each edit, that
is automatically annotated by ERRANT.

Fig. 9 reveals that PRETLARGE improves the performance
across all error types compared to the baseline model. In ad-
dition, it is surprising that PRETLARGE+SSE improves the per-
formance of PRETLARGE not only for the SPELL error type but
also for most other error types. We speculate that incorporating
SSE makes the model more robust against noise.

Fig. 9 also indicates a major weakness of our models, that is,
they perform relatively poorly for content word errors, such as
NOUN and VERB. This shortcoming is common across GEC
models in general; a similar trend is observed in the error type
performance of systems participating in the BEA-2019 shared
task [18]. One reason for this is that there is an insufficient
number of content word errors in both genuine data and pseudo
data. For example, as illustrated in Fig. 6, the ratio of NOUN and
VERB errors is smaller than the ratio of errors such as PREP,
PUNCT, and DET. Thus, developing a method that exclusively
generates content word errors is an important direction for future
work.

A qualitative analysis through an example in Fig. 8 provides
us with other directions for improving the GEC model. Here,
the model (PRETLARGE+SSE) successfully corrected the DET
error by inserting the missing “the” token. However, the model
ignored two NOUN errors in the sentence: one is to replace
“cloakroom” with “dressing room”, and the other is to replace
“signature” with “autograph.” For the former error, the model

45

NOUN error generated by our model (PRETLARGE+SSE). Bold text indicates the grammatical error successfully corrected by the model. Underlined text

—=— BACKTRANS (NOISY) +— DirecTNOISE

Proficiency A Proficiency B

e 107 108 10° 107 100

Fig. 10.  Performance of the model on each proficiency level in BEA-valid.
needs to know that the “musicians” are likely to be in the
“dressing room” rather than in the “cloakroom.” One possible
way to do this is to develop a methodology of injecting external
commonsense knowledge into the model. For the latter error,
the source sentence does not contain enough information for
the model to make the correction. This is because “we” in
the source sentence cannot be disambiguated: if “we” is the
audience, “signature” should be corrected to “autograph.” How-
ever, supposing that “we” refers to the people from the record
label, “signature” seems appropriate (e.g., making a contract).
Developing a cross-sentence GEC model [41] is a promising
approach to overcome such difficulty of disambiguation.

2) Proficiency-Wise Analysis: We investigated the effect of
increasing the amount of pseudo data with respect to each pro-
ficiency level. If the performance of a certain proficiency level
saturated, then an approach other than increasing the amount of
pseudo data would be necessary to improve the performance.

The results are presented in Fig. 10. Here, the performances
for proficiency levels A and N scale to the amount of pseudo
data, whereas B and C appear to saturate. As discussed in
Section V-A2, different seed corpora are appropriate for dif-
ferent proficiency levels. Thus, we may be able to improve
the performance of B and C by incorporating a seed corpus
with lower grammatical complexity. However, the size of Sim-
pleWiki, which contains only approximately 1.4M sentences, is
insufficient for this purpose; extracting text from a raw corpus
(e.g., Common Crawl'®) is thus critical.

19[Online]. Available: https:/commoncrawl.org/
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VI. RELATED WORK
A. Methods for Generating Pseudo Data

The lack of genuine data D, (i.e., manually annotated error
tagged data) has been an ongoing challenge in the field of GEC.
The generation of pseudo data has been a central approach for
mitigating this problem. There are generally two methods, which
can be divided into the following: (i) a rule/probability-based
method and (ii) an MT-based method.

A common rule/probability-based method involves applying
error templates to external grammatical sentences (i.e., a seed
corpus). Here, the templates are generated from a small amount
of genuine data. One of the advantages of this method is that
a template can be easily manipulated; for example, it can be
designed to focus on specific error types, such as mass noun
[51], article [52]-[54], and preposition [54]-[56], or it may
support grammatical errors in general [16], [57], [S8]. More
recently, Grundkiewicz et al. [13] proposed a similar method;
they probabilistically replaced words with ones in confusion sets
created by an off-the-shelf English spell checker. Their model
achieved the best performance in the BEA 2019 shared task [ 18].

The another rule/probability-based approach is the one
proposed by Zhao er al. [12], which is to inject synthetic
noise into grammatical sentences. This is heavily inspired
by the concept of both denoizing auto-encoders [59] and
pretraining gigantic language models [12], [13], [42], [60].
We conducted an experiment using a variant of this method
(DIRECTNOISE).

A major disadvantage associated with the rule/probability-
based is that it is difficult to obtain high-quality data that closely
resembles the errors present in genuine data such as the naturally
occurring grammatical error. Several studies have reported that
pseudo data may cause performance degradation [57], [S8],
[61]. Recently, the MT-based method, where a model is used
to generate an error from a grammatical sentence, has drawn
the attention of the research community. Here, the model is
typically either statistical MT [62] or neural MT [9], [11],
[63]. For example, Lichtarge ef al. [11] proposed a round-trip
translation. This method regards translation errors generated
by the MT model as pseudo grammatical errors. Here, the
method is to first translate a given grammatical sentence to an
arbitrary bridge language (e.g., Japanese). Then, a sentence is
translated back to the original language and used as a source
sentence of pseudo data. Another MT-based method is a variant
of the back-translation method proposed by Xie et al. [9],
i.e., BACKTRANS (NOISY) (Section III-A). They demonstrated
that BACKTRANS (NOISY) can generate sentences that cannot
be distinguished from genuine text containing a grammatical
error. In the experiment, we compared BACKTRANS (NOISY)
with DIRECTNOISE and demonstrated that the former exhibits
superior performance.

Apart from generating pseudo data, there exists an approach
to crawl pseudo data from the Web. Specifically, Lichtarge et al.
[11] extracted Wikipedia’s revision histories and constructed
pseudo data, namely, Wikipedia Revisions. This approach is
orthogonal to our study; one may jointly use generated pseudo
data and Wikipedia Revisions.
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B. Seed Corpus

Historically, numerous types of corpora, e.g., collection of
news articles [9], [12], [13], [S1], [55], British National Corpus
[61], and English Wikipedia [53], [55], [56], [58], have been
considered to be the seed corpus for generating pseudo data.
This fact implies that consensus has not yet been achieved with
respect to the choice of seed corpus. Our research question on
the effectiveness of seed corpus on the model performance has
been formulated based on such a situation.

Felice and Yuan [58] has the motivation similar to our study;
the authors denoted that the variables of seed corpus, including
the (i) topic (ii) genre (iii) style (iv) text complexity, and (v)
native language of the writer, should be considered. However,
they only considered English Wikipedia as the seed corpus;
and thus, the no sufficient conclusion could be obtained with
respect to these variables. In our study, we conducted con-
trolled experiments and compared three distinctive seed corpora
(Section IV-C). We found that Gigaword is the best seed corpus,
at least in our setting.

C. Optimization Settings

As discussed in Section II, there are at least two means
of optimization, i.e., JOINT and PRETRAIN. The effectiveness
of JOINT optimization has been observed in both non-neural
models [57], [58] and neural models [9]. However, the PRETRAIN
approach is being actively explored in the GEC field.

The origin of the PRETRAIN approach with respect to the GEC
model is “partial pretraining” of EncDec. Junczys-Dowmunt
et al. [8] initialized the embedding matrix and decoder param-
eters of EncDec with Word2Vec vectors [64] and pretrained
language model respectively. Further, they reported that both
procedures consistently improved the performance of EncDec.
A similar approach has also been used by Chollampatt and Ng
[41]. However, more recently, “full pretraining” of EncDec has
become dominant [11]-[13], [16], owing to its strong empirical
performance. This approach pretrains the entire EncDec using
pseudo data, and subsequently fine-tunes it with genuine data.

One interesting aspect of GEC is that even though it incorpo-
rates same model (EncDec) as MT, the dominant optimization
setting is different. The JOINT setting is commonly used in MT
[21], [65], whereas PRETRAIN is used in the existing GEC stud-
ies. We compared both settings and confirmed the superiority of
PRETRAIN (Section IV-D).

VII. CONCLUSION

In this study, we investigated several aspects of the incor-
poration of pseudo data in GEC. By conducting a massive
amount of experiments, the following procedures are concluded
to be effective for training the model and for obtaining a strong
performance:

i) utilize Gigaword as the seed corpus (Section IV-C);
ii) pretrain the model with large amount (e.g., 70M) of
BACKTRANS (NOISY) data (Section IV-D); and
iii) fine-tune the pretrained model using genuine data (Sec-
tion IV-D).
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Further, we demonstrated the effectiveness of this proposal by
achieving state-of-the-art performance using the CoNLL-2014
and BEA-2019 test sets (Section IV-E).

Subsequently, we conducted an in-depth analysis of the ex-

per

i

imental results; our findings can be summarized as follows.

i) The suitable seed corpus varies across various grammati-

cal error types and proficiency levels: for example, a seed

corpus exhibiting low grammatical complexity is suitable
for low-proficiency texts (Section V-A1, Section V-A2).

When compared with the baseline, our proposed setting

(PRETLARGE) improves the performance with respect to

all the grammatical error types. However, the content

word errors remain a challenge (Section V-B1).

ii) The performance at each proficiency level shows promis-
ing scalability with respect to the amount of pseudo
data. However, the performances at proficiency levels
B and C seem to saturate when using the largest data
(Section V-B2).

ii)

Based on these observations, several possible approaches can
be suggested to further improve model performance, especially

on

content word errors. For example, developing (1) a pseudo

data generation method that can exclusively generate content
word errors, (2) a means of injecting commonsense knowledge
into the model, and (3) more sophisticated cross-sentence GEC

are

promising approaches.
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SR, #F EncDec W HF GEC f— 4Pk EncDec 5% KB I REER".
AT, GEC HAMATFHATEIS (Lang-8) (V@ E 200 J74~a) 73+ . o] %k
PR R DA SHE BTt A R R . B, A O U s O e e
R AR I R TR R ZH.

A thEdEes, LARE LTI SEIRRCE, (1) EmthBdRny i, (i) thEk
ey FhiERbE . PAK (i) fEfLBEE. SR, 7€ GEC S A ghix 2oy ik i3t
. pign, O Bl EEE ke —4 8k (BACKTRANS(NOISY)) fEF-A IS
A E s thEdE (DIRECTNOISE). i H i fie Ae#EA9 A 12 F1 BEA-2019 3t54T:
FH9FRREH 08 ER6EH T T DIRECTNOISE 75 7.

AW, WNBIFET LA, B EARRROE S B i
APRRE. GE KRS, RAMERIE TAER GEC E. MHh, il it
AR R AR RE R IR Z B B v . JLAORIR, A AT E(E %
MIERECZEBRTOL T, RANA EncDec JriE AU T LA BT ) FEIRIEE R, B
FHif AR . BT Grundkiewicz % A\ (SR EE . B A BSMOIE 52
PR, TAIPE—4E8E THEMAE, H7E CoNLL-2014 fili{#f1 BEA-2019 JL=4F
% WA EHUG T RSB HERE .

R . ABFFA W BUA R A — 4~ E R £ (EMNLP-LICNLP 20191')
LS. ROV SVGE T R EBAIF— ey scsd (55 4 358 197), X%k
REWAM (5 5 #) AEXMZAIXT GEC thEdRtfRayemitt (% 6 7).
JLEORIE, RAMECT AT JLEFMNE:

(i) FAi1E A Grundkiewicz % AN H i a9 B O Bt A= iy b f T 79688 (55 4
WE 2, #3).

(i) FAVMF TARIES TUCER FER e SRR g (58 5 %5 197, A
5. [#6).
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(iil) Fefilid i i R iEE S A 4L | PRETLARGE #l PRETLARGE+SSE
B a AR TR S BRI (BB 5 W 29y, [ 9).
(iv) Fefi1arth TARIES K EFhEdsatEaE T gt (B 5ESE 297, B 9).

(v) HAEETTRIAMBIZE, fe TAEMMEERI T, GG TR0 R0 ik
AT HlarliFEr i (56 BE 197).

(vi) FRATUESE T LARTAYBRFEME R T AR LB skl e (58 6 358 2 7).
(vii) FRALEES T LARTAY BT (6 v Bt e 2k aafi i (%5 6 3555 3 7).
BESE, FATERLE T & TET:
(1) FeArLm o 277 F I SR T AN B T 6 th S50 o PR By T B = 4.

(i) Fefi1f£iGE3c A T BEA-valid (REHL T REEBUAEAIRIFE . TfEAH
FEdr, WAMEM TEA BEA-valid FH I8, HHEEXT GEC LIEkEm
fHEPRFF A

(iii) F4FCE M Gigaword [ii AJ2 Wikipedia fERF T, BB E
Gigaword JERFHIRFFiBEE (% 3).

(iv) AT HE R GEC (5, FIMER _mhlm &gt

@20 MEn AR

fEiX—wEd, FIERE LT AL LN GEC {£4%. i D & GEC il
HEWR, H—TAEEENERG X MM A&EEGEHE Y i, B D =
(X1, Y1), (X2, ¥a). oo, (X, Yoo | D) SARBERE D ) FaTasaics:.

EncDec 2 H i GEC {£:4 %™ 19 3% k. # T #iik EncDec, 12X X
ETA S THRE, B X = (2q,.oxp), o RRFH) X W5 o LY BROF
B FRARIC, < bos > R wn, < eos > H oy I Y = (yo. 01, v, 1)
Bl Y BYCRER J + 2. FYRA EncDec %FPAF SR HBESE 1T B0

J+1
p(Y1X) = [ pluslvos+1. X. ©) (1)

=1
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O FoRER B EIrH gAY BE. A E RS ERNSEEE D fEEA
trEfl L(D,0) f/MErRESHE o

1

L(D.®) = D log(p(Y|X.©)) (2)

| |{X-F}ED

Het p(V[X,0) FR Y KT X aRHRE. EfnlEn gy atEs, Hiri
fiife D Hug “HIEM” W78 D,. AW, 7 GEC v, ¥ & higkn T
Y e T i th¥cd D,, Joep T SR Figpeh g2,

FMNEPEET AT =AEE M. (1) s D, FEMTE (F=%).
(ii) FprFElE T pimf S . WIRMIrm, o ifet o BT R A RE Ay il A
JEEA . FEAIHS T=--i8# ., B Wikipedia, SimpleWiki il English Gigaword f
g —iR . Wikipedia §1 SimpleWiki 7RI, (HiFEEREEAR. Hi,
AT A RGP R R R PR R E A R T B BT M RERy . RIE=A
ERE S, Gigaword F Ay, FFPAFRITOT A Gigaword 94l S04
BT M IEAE. (i) #F D, ARLE R R8I S —-FouiaER S
R, T HEGH R D =D, U D, BRI R M i E:

O = argmin {L (D, U D,.8)} (3)
&

FEAEE T ORI ik ikl JOINT. —Morii2 i D, sk, Rl
/ME L(D,. ) RfFd €, Rigidide/Me L(D,. o) METHETROE. LR
fEWT:

e = m‘ggﬁn {L(D,.0)} (4)
B = ﬂ-;'g;’mn {L(D,.8")} (5)

FEAFFXFR L LA ##58 PRETRAIN.
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45 3w RO B Ji ik

FEATE D FRAAFIR A By B iy =Fior ik - K (0 8L A (BACKTRANS(NOISY) ).
Hi 4 (DIRECTNOISE) K375k (DIRECTNOISE(SPELL)). fE5MU#EG, &

Ty S g e 17X 2oy ik . R AR Bl 1PR

Original: Me died there , but the death date i= not clear ,

BACKTRANS (NOISY): HEe died at there , but death date is not clear .

DIRECTNOISE: (maxk) {(ma=k) (mask) , 2 but (mask) {mesk) (mask) i= not (mask) (mask)

DIRECTNOISE (SPELL): KRR 0 died there , but the death te 13 not clear .

Onginal: GreRR en@@ space Information for GRE reaf@ tar london .

BACKTRANS (NOISY): The information for Gre@f en@@ space information about GE6 readd ter London .
DIRECTNOISE: (mask) {(mask) {mask) for (mask) {(mask) (mask) (mask)

DIRECTNOISE (SPELL): Greff enfd aspace Information opiff rf ts for GIF real® ter London .

Onginal: The cliff p is mixed with images of Toronto streets during power failure .
BACKTRANS (NOISY): The cliB@ p is mix with images of Toronto streets during power failure .
DIRECTNOISE: The (mask) 15 mixed (mask) images 5188 of The {(mask) streets large {mask) power RRR

failure place (mask)
DIRECTNOMSE (SPELL): The VER 1idd P 15 mixed with images of Toronto Streats during power fallore .

Oniginal: At the in@@ stitute , she introduced t1sP@ sue culture methods that she had learned in
the U.86 5.

BACKTRANS (NOISY): At In82 stitute , She introduced tIsRR sue culture method that she learped in U.d3 5,

DIRECTNOISE: (mask) the the (mask) (mask) {masx} {mask) tis#f culture RG§ methods , she ? (mask) the =
U.88 (mazk)

DIRECTNOISE (SPELL): At the in@@ stitute , she intrcduced tisB@ sue culture methods that she had 168 Genfd
emBE d the U,.88 5,

P 12 R[]y i i ) s B

3.1 R (BACKTRANS(NOISY))

EncDec U411 iz 6 811% 7 002 B Sennrich 25 A7 $iK69. Ra#i% i
T — A RmEER, MaEmBiF F%) A7 Y B4R (dEEE) a1 X,
SRIEAF B B 4 ) S R ARCRT, fER Dh B fE R .

Haj, EVRs8hFprscsig, hT Re#iRaRmetkae™ Y, Sk mid
IR AREE k. R, T GEC RiHdktmtt. Xie A #4&i8, Hai
A B2 1) @i R & S EUERE A U INSGE . ORTE IS ahe) B el §ff b, BIRLE R T
SF. TP R ECRE R AT R AR, Xie AP il TR 6
B2, F1 BACKTRANS. %7 ESF rBrandom BEVLFINE) 55— 098 MR
M58, X HL, FREMEE » MIXE [0,1] PEJZTREE, Brandom € Ro RIEHIEA R
L. MRRIEE Srandom = 0, 824 BACKTRANS (NOISE) 5 54 0]
B E .
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3.2 P DIRECTNOISE fil DIRECTNOISE(SPELL)

BACKTRANS (NOISE) {# il R lal #5284 4 iRAFF & i 09 5) F, i DIRECT-
NOISE f§MEr “E3" IABIFF A Eay 4 Fop20shiehR - JLidoril, d T4
B PAEEAEIT, SRR A TR EZ — (1) (EAHERS, (i) MR, (i)
WAMESH PR BEYLIA T, PAK (iv) fRE R, JUARERGERE 1
M. XA, R TR

Algorithm 1: DIRECTNOISE Algorithm

Data: Grammatical sentence ¥ € T
Result: Pseudo Corpus D,

1. Dy =+} // create empty set
2 p= (Hmaﬁke Hdeletions Hinsertions ﬂkeo_p) S.tL. 2}1= 1
3forY €7 do

4 X=[")

5 for je(1,...,J) do

6 action ~ Cat(action|p)

7 if action is keep then

8 | append y; to X

9 else if action is mask then

10 | append (mask) to X

1 else if action is deletion then

12 | continue

13 else if action is insertion then

14 append y; to X

15 w ~ unigram_distribution(Dy)

16 append w to X

v | D,=D,U{(X,Y)}

B, Grundkiewicz 25 A1) $8401 T 55— FhE BUDEARAT I, FOBO0 SRR
P SR 5400 8 94 ) A FRCIRROA S R 3 P SO S5 o 1 AP B
Sy AT DABAR Y DIRECTNOISE f)—FVSHk, EHOR THRRIE, R T
BidRfE. (i, RA4F% )RR DIRECTNOISE (SPELL).
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B4 K

AT HARRBF S RPN =00, RO LR R MR AR
ROTEER, EHT KM GECL. AR, ST IANFHRENE. (i) fHH
fiY) EncDec B8, SA AT E 5 M RMEBOR . (i) MIRIER EYRA T
RENTESERN . HhmR.

4.1 e

B BEA-2019 B $dREN BRI VIL . BuERM RS0 . %5
Pt AR L SRR —IF BiE ™Y, Lang-8 23 Simip 2 g
T3 Sy K2 S B ERE (NUCLE) 9 fil W&I+LOCNESS 27, 3 {14514
¥dE# A BEA-train.

B 5588 R Bl Transformer EncDec S0, FLERSE ., FRA1{# A fairseq T4
{23! #1 Vaswani 2& A 1Y 1§ “Transformer(big)” &8, G HMISANAa 2.
BIEA 16 MEEIL, iR A KD dunoaa 7 1024, FBIRI9LE KN dpyp 1 4096, E
RREREN 03.

At el HB T FFPEAL I, B) JOINT 1 PRETRAIN. JOINT Jy 3 {# f Adam®”
KT JEAT e k. i PRETRAIN 7300 {# F Adam BiZEI% . M Adafactor®
7t BEA-train X RON. SREENTERESEIME 1 M1 2 Pk

# 1: JOINT fifkiyii s ik

Model Architecture Transformer [4] (“big"” setting)

Optimizer Adam [37] (87 = 0.9,82 = 0.98,¢ = 1 x
10-%)

Learning Rate Schedule  Same as described in Section 5.3 of Vaswani et
al. [4]

Number of Epochs 40

Dropout 0.3

Stopping Criterion Train model for 40 epochs. During the training,

save model parameter for every epoch. Then take
average of last 20 checkpoints.

Gradient Clipping 1.0

Loss Function Label smoothed cross entropy (smoothing value:
€1 = 0.1) [39]

Beam Search Beam size 5 with length-normalization
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F 20 ikt i 245

Pretraining

Model Architecture
Optimizer

Learning Rate Schedule

Number of Epochs
Dropout

Gradient Clipping
Loss Function

Transformer [4] (“hig" setting)

Adam [37] (7 = 09,532 = 098,e = 1 %
1078y

Same as described in Section 5.3 of Vaswani el
al. [4]

10

0.3

1.0

Label smoothed cross entropy (smoothing value:
1, = 0.1) [39]

Fine-tuning

Model Architecture
Optimizer

Learning Rate Schedule
Mumber of Epochs
Dropout

Stopping Criterion

Gradient Clipping
Loss Function

Beam Search

Transformer [4] (“big™ setting)

Adafactor [38]

Constant learning rate of 3 x 105

a0

0.3

Use the model with the best validation perplexity
on BEA-valid

1.0

Label smoothed cross entropy (smoothing value:
ere = 0.1) [39]

Beam size 5 with length-normalization

4.2 PhBdin ik

FArH e T 2k B Py B 1 BACKTRANS(NOISE). DIRECTNOISE fl DIRECT-
NOISE(SPELL) Friigact:. Ak, 1829 iEH T BACKTRANS(NOISE)
1 DIRECTNOISE (i &8, )5 H# BACKTRANS(NOISE)., DIRECTNOISE
DIRECTNOISE(SPELL). {HifiF&EmR, 434, AR (1)JOINT Fikfn (i)
irE SimpleWiki fE-AFpFiEEEE T.

& =% iE . DIRECTNOISE {03 P9 B8 (fmask « Maeletion s Minsert » fkeep)-
MR ST MEREEN TR RNAERS . Hit, 285 R RE e 1E
M. FATACE RE preer = 0.2, HEH paciction= finsert=(1 — Preep—pimast ) /2. E5H
e 2 s HY pes = 0.3 iR . Hitk, ROEFTHERPEH pnas =
0.3.

Fe i1k i 1Pl BACKTRANS(NOISE) 7 BEA-valid 4R BF9E 5, wndom
128kt BACKTRANS(NOISE) 95 m. ifid3as Z B, Srondom= 6 M9YERERLEF.
EHEEENE, WA 3, Sandon = 0 MHERETTTHER, X EH BTERHEER
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T, REEMSERETRYF, AEPEilEiR, X5 Xie A0 e

—Ey. Hit, BN ARRE MBI BB 0B R S I IR 2 S B A P RE -

4100
40.751—

40.50 1—

S 10251"
10.00 4
39.75 1

39.50 T T T
0.1 0.3 0.5 0.7
Himnsk

/ 2: R[5 DIRECTNOISE(jt,0,) F. #%¢¢ BEA-valid FA0HE:fE

A0
1 ——
&«
38 4 1 1 5 | l
- SR (5 I —— ——— Baseline peemeem e e e e e
37 4 - - - - - 1
:u; —
35 *r T T T T T T
0 3 6 9 12 15 18

"’ului-_nu

B 3: Al &% BACKTRANS(NOISE)(Brandom) F . #HFE BEA-valid |- it RE

Bo5 o abr

E5 4 Fp, FRANESLT PRETLARGE il PRETLARGE+SSE F# 38 T
TYATTRRB A TERE. AT, ROPES TARKE SR E RN T 0, il
AT A RHR S B R B SCAE B K R R AR R Bl — . JLHORIEL, 3
XA P T 2T T 204 (1) O BCHRAEAS ) Foh iR 2 o) (A R e n fe] 22 4k

(ii)PRETLARGE [ {0 .

57



FIMNAF AR A Bl (SRR )

5.1 AFIRhT PR AT

BRRRE A, it BEA-valid R RhE R FayEE, ROV
T ERAFFTEEENSRAE AR R, — R ERT S —EHE
PEEA w2 TE LS Rt B Y. Sk, FRANEHI 2 3 By DIRECTNOISE $
B, E 4 S TER. MERTRAFE AR [E 08 iE R aR S A A R AR B
N, Gigaword fEEFRIEM (fin PUNCT. PREP fil SPELL) |t FHMHp 56 .
H—JH T, SimpleWiki ff VERB:TENSE £ itk T Gigaword.

% 3¢ BIRAE BEA-valid [958

Method Seed Corpus 7 Prec. Rec. Fos
Baseline N/A 45.2 22T 31.7

BACKTRANS (NOISY) Wikipedia 428 305 396
BACKTRANS (NOISY) SimpleWiki 41.7  31.2 39.1
BACKTRANS (NOISY) Gigaword 422 331 400

DIRECTNOISE Wikipedia 47.1 258 404
DIRECTNOISE SimpleWiki 483 254 409
DIRECTNOISE Gigaword 473 267 410
T
Il Baseline I Wikipedia

GO el Cigaword B SimpleWiki
0 1

404

Fuos

304

204

LR

% & N 2 &b P Y
Q\E‘-ﬁ’: U-\'.\\E' K‘rl'r"' ?\'QE .-_{i-‘::ﬂ \;‘\;F‘ %?f}"'

B mh

D“dq* -'-.Du? .-;;.'5‘\"?"
d ’ S0
q‘LF‘ b

B 4 A Ja] - iE A R RIS LAY BEA-valid #EEE. XBEEFIH T 10 FiE
B R BT .
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wGKEa T BEA-valid f9— A REFFEH AL B, CHIN U4, 54
AAFEEAREARR . XE, A (9150). B (PR) FI C (%) EM CEFR 45|
k. BFRRA (N) XRTF LASGE RN AT SR A . X B3 30K Y-
IR T ATEIR ERAN TR W 5 PR, AR SOKFRES TR RE
5. B, DET 8HRAEKT A, BHIC PRHAER, B N PR,

Proficiency A Proficiency B

ORTH NOUNNUM ORTH
[l NOUN

OTHER NOUN

OTHER
DET DET

PREP
PREP

VERB:TENSE VERB:TENSE

i VERBFORM
YR PUNCT

PUNCT SPELL VEN

SPELL

Proficiency C Proficiency N

TR Nou x.\l()RPH OTHER ORTH
PREP NOUNPOSS
NOUN
MORPH
DET
VERB

DET

FHEP
VERBTENSE

VERE-FORM

SPELL
VERB PUNCT

SPELL

PUNCT

P 5 AREF KRR . X BRI T 10 Fhind A3,

FRAVEIERA RT3 il F K F EUhp iR B e R w4
MiEFEKFREAFRMGFTESE. M, SimpleWiki &K A, BAIC, BN
ERREE MR EEY I H . BB, Gigaword EHTKY N, FOVEM
AR EHE RIGER ASE R . FRAEH L 3 Frrf) DIRECTNOISE B4 T #
TR EMEBMIESKFZ KRR, AR, ROV TEREE K FRE
PERE. 45 RWE 6 PR, ZEERAEREF KT A, B M C L, SimpleWiki #9465
Gigaword f124, JLEHEF. R, Gigaword FEFEFKY N LTI T iEFE.
XBEER R T ROA BB, AR FER SRR S ET K FZREE—E
P

—AFE R T AR LR R S SR ERIE S K, X SRIES 5
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FINARFEARE AT (P SCER)

T 1A R BLR B . B, R 6, AR RERE KA. BHIC
19 10 A ERcs WY RHRS , £ 5.1 F5p, FRATA I SimpleWiki £ 2 1E 2] iy EHHR
Jriti B Rchf . X TTRERZ P 6 o SimpleWiki £E7KF A, B il C LRI @AY EA
2

Proficiency A Proficiency B

1 4724 4663 4665 | 7
44.66 _
' 4178 4141 4262

¥4 10 4
3 4 04
24 A
10 4 10 4
a T T o

Basolioe  SimphkeWiki Wikipedin  Gigowoed I{w-n! ople Wiki Wi k] ulia Gigawonl

Proficiency C Proficiency N

4 4 10
33.14 3259
%4 o 2778 2168 el
2 1 0 4
10 1 10 4
a 0
Baselime SkmpleWiki Wikipedin  Gigi Baseline  SimpleWiki Wikipadia - Gigawond

6: M EMES KT AL B, C. N i95Em.

5.2 PRETLARGE [{fiks

BARRISY  ROLE S GREREDE BEA-valid EARBUER MBS
AE (P 8) . JUAORIR, WABOGERMRE S LML, PRETLARGE fil PRET-
LARGE+SSE fy¥ERE ., S22 (U B9 dl D, #EA7UI%R. (HISEEARE, BEA-
valid AR Sig R E SRR, i ERRANT HahiEs.

B 8 iR, SHEABAMIK, PRETLARGE $2& 7 i G R IR . o,
4 N JE, PRETLARGE+SSE A {UEHF SR iAET #t% T PRETLARGE /)
HERE, M HAKZBOULFRRD Ehddm THE. HIIRMHEN, A SSE nfpA
(R B fiet: .
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P 8 B T RMMBIRA— P EEE A, WENEE G (g maEh
i) HmpFEBAAE . X ESE GEC BB F{E. ff58 5 BEA-2019 Jt
AR R R IR P WP R . 2 — R B A th Sk
i AR R CRERAGE. flim, P 5 B, NOUN # VERB 5 Ho /)
T PREP. PUNCT §l DET “giimnytbfil. Wik, 75— 1Al sk 3CnlERm
TR AR TIER B E ).

ME T A0 E A AT M GEC B OE T HAR T m) . 7E
A, ERGE AR “the” RICHZNMLAIET DET fik. (H2, Bi5Zng
TR EE A R — AT “cloakroom” ity “dressing room”, H—4~
B4F “signature”™ #HHH “auntograph”. T EIE, BRFEFEME “musicians™ [Vi%
1£ “dressing room” TARTE “cloakroom”. —Fpa] gERY A EREH Z—Fh 5 SRR H
FEABBE . T R, BT R 5 BB T IE . X
ARAEA PR “we” AEEHERECL: IR “we” BMALL, “signature” WiZHIEN
“autograph” . #Ril, R “we” fEATEMR R AEIAYA, “signature” {LITREIER.
TF 4] GEC Bz 2 v lRax bk SR ey —Fh iR A mlai At i .

Source Senicnoe: When the concert finished , we went to cloakroom to ger signatures From o

Gold Sentence:  When the concert finished , we went to the dressing room to get auwtegraphs from muslelans .
Madel Ougpui: When the concert finished , we went o the cloakroom to get aignatures from musiciana

Bl 7 AFERAAEI A A i f . S EAOCR R A A R AR, W
T2 SCA FR R T R A IE A R R

I [ascline
I PreTLARCE

[l 1
I PRETLARGE4SSE

M1

E @ @ o o Fg® oy
P c’.\‘@ o *.;‘Lt"- ol \‘{?‘ o

P 8: BATEFE SR IRIETA) BEA-valid FAYHERE
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WOAEM RONPFZE T M EEE X RE S KPR . kB R AE
AR, SRR TR Ch R B2 A, BB Ok ERE. 458
meE 9 Fin, EFEKFSHR AN (RIS R ERLA. 1 Bl C fIFikF
THAL. B 5 #5881 WHTHERY, RREMFFEREEH TARIES K. K
i, FAVOTLAE AH — MEEE SRR F iR R B 1 C myikRE. A
i, SimpleWiki iy RK/AMUELF KLY 1AM )1, ARPGKFLXAEA. Hit, M
BhiEsbE (B0 Common Crawll6) HHEHUCASE £ X EEA).

—e— BACKTRANS (NOISY) —e— DIRECTNOISE

Proficiency A Proficiency B

10" 0 10* 1 107 1o
Proficiency C Proficiency N

SO0e
2 ¥ 5
N
N
~
5
]
/
f
1
5 SCOTe
= 5

Fy
Fy

10" 107 10° 1 10°7 ik

B 9: BiIFE BEA-valid f98EFE /KT LA9RBL

456w HIDE LR

6.1 7 DhEnng )y ik

RZ EH B D, —HRE GEC FUkiy— I Hhak. Zmx i~ By g0 ik
EhEARA . — B PR, BT R AR T A T LA #R A T ik

— P LAY BT R /R A0 Fr iR A R DA ) T AR (EIRR iR
FE) o MAEARR b B EL SO BAR A A . X RO R A2 — R T DATR 7 5 M R4
. fltn, SRR R TR A ERAE, i, st
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) (541561 | m g T DA S — A0TSR IR . B, Grundkiewicz 4 ALY 4
BT — A Iy . i B EIEPF S e AR QU AR B SR B R, HH
£ BEA2019 St 551 i T Ry & L.

53— Fp TR AR ARG i R A A2 SR i BIE R TR A A
WP % R R OCTEE A2 3 K B Zh 4B 2500 KB T i 5 g 12131, 421, 60)
W% . RAMER XM %R E (DIRECTNOISE) #7717 43558,

TR /AER 0 e — A R AR, WYERSG S BB T A B
(g AR ERTRESR) ERMLIEY SRR, —sepraiun ThEdRTES S
FHEAE FIRAORE BT | o, A RTEURAGE ) T o A R LR B O v
ZH TR, SREN R YIREEIF S PLEE B es, g,
Lichtarget % A" i 7 —Fp0Ua) 8. %7 A5 0L 88 BB =2k i B4l i
RONEESHR. HRS EMIEES TIENEERNSEES (FlnHE) . REF
AFEEEEE S . BRI B — R T LRSI T R Xie ZEAF $1
H 8 Rz o) B iR (&, B BACKTRANS (NOISE). {ifi1iF8§ T BACKTRANS
(NOISE) u] PAA: i 5 BU3E SCA IR A1) 1 fE 3558 v, R /71 9F BACKTRANS(NOISE)
5 DIRECTNOISE #E{7 T H# . S5REWEE A HiFaHEaE.

BT A AR Z b . IR —Fh A Web ITUREHEARAY 2 . JLEAORE, lichtar-
get ZE N SRERAE BT RHAYKETT I RS ORI . X RO i SRR N MBFS R A K00,
o PARK A {6 A O P B e B S RHIB T AR

6.2 P FiPRE

s b, W ERBAEREBOA R RO BAR A R iR . e SCR
GEHAISEUGY | R E R ES, SRAELE RIS ik, 7E
T iR PR O B T 1 AR AR IR AT R iR I P RE A9 A R A
BF 9 v R LR B AR A4 O T R

Felice il Yuan™! gyBFs 5RAVGGHIL. fEHFEH, Fhriiehie a4 S 8.
. M. SCARRZERERN . (U2, M) RICRsCER G R HE i
FE, XX B REG R SO MIS5E . FEARFSP, RAVSEFT TRIESCEE, HH®
T=MARGF . RI%H Gigaword REMFIIF R, EOERNM
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Dowmunt % A 4351 ] Word2Vec [a) ! Ffiilghay i 58I A1 451L EncDec i
ARSI ZEC A, IR BB Ry AR EncDec 91ERE.
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