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(Almost) Unsupervised Grammatical Error

Correction”®

Satoru Katsumata

Abstract

Research on grammatical error correction (GEC) has gained much attention
recently. Many studies treat GEC as a task that involves translation from a
grammatically erroneous sentence (source side) into a correct sentence (target
side) and thus, leverage methods based on machine translation (MT) for GEC.
For instance, some GEC systems use large parallel corpora and synthetic data.

One such large-scale parallel corpus is the public parallel corpus extracted
from Lang-8. This corpus consists of sentences written by language learners
on the source side and sentences corrected by native speakers on the target
side. English leaner sentences are the most common data in the data extracted
from Lang-8. However, these English sentences are very small compared to
a parallel corpus that has a large amount of data used in MT. The training
data in other languages is even less. Hence, the lack of training data is one
of the problems of GEC. In fact, it is easy to obtain the learner sentences by
extracting them from the language learning social media platforms, such as
Lang-8 and HiNative. On the other hand, it is not easy to obtain corrected
sentences corresponding to these learner sentences. The sentence on the target
side in Lang-8 is not necessarily completely corrected because annotators are
learners of other languages; hence, they are not always experts in teaching. It
is costly to have experts correct erroneous sentences. Therefore, it is difficult

to prepare large parallel corpora in GEC.

*Master’s Thesis, Department of Computer Science, Graduate School of Systems Design,
Tokyo Metropolitan University, Student ID 18860621, February 21, 2020.
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Bryant et al. held a GEC shared task, which limited the amonut of annotated
data available to participants and aimed to encourage the development of sys-
tems without large parallel corpora. Most systems in this shared task proposed
the method of creating a synthetic parallel corpus by introducing pseudo errors
to a large monolingual corpus.

We introduce an unsupervised method based on MT for GEC to address the
issue of lack of a learner corpus. In particular, we use unsupervised statistical
MT (SMT) and neural MT (NMT) to make the GEC model.

The SMT methods are based on phrase-based SMT and two phrase table
refinements, i.e., forward and backward refinement. Forward refinement simply
augments a learner corpus with automatic corrections whereas backward refine-
ment expends both a learner corpus and a raw corpus to train GEC model using
back-translation.

The NMT method is based on an Encoder-Decoder model using self-
attention, called Transformer. This unsupervised method trains Masked
Language Model (MLM) to obtain a deep representation towards the source
and target side. Then, this method uses two objectives; Denoising Auto—
Encoder (DAE) and Back-Translation (BT). In DAE, a sentence including
pseudo noises is corrected by the Encoder—Decoder model. It is expected that
Transformer can acquire the representation ability for each of the source and
target sides. In BT, an auxiliary translation model from the target to source
side is also trained and pseudo source sentences are produced using this model.
The translation model from the source to target side is trained using the
produced source sentences and corresponding original target sentences. It is
expected that Transformer can acquire the translation ablity from the source
to target side.

Unsupervised MT techniques do not require a parallel but a comparable cor-
pus as training data. Therefore, we use comparable translated texts using
Google Translation as the source side data. Specifically, we use a monolingual

corpus as target-side data and a monolingual corpus written in another language



translated into a GEC target language as source side data.

This paper makes the GEC models using the synthetic comparable corpus
and a little but well-annotated data. We used the CoNLL-2014 dataset, the
JFLEG dataset and W&IH+LOCNESS dataset for English GEC evaluation and
the NLPCC-2018 dataset for Chinese GEC evaluation. We analyzed the differ-
ence between SMT and NMT for the error correction performance. As for the
unsupervised SMT, we determined the difference in correction via the forward
and backward refinement.

The main contributions of this study are as follows:

e We introduced and evaluated unsupervised methods based on MT for
GEC to address the issue of lack of a learner corpus.
e We used a synthetic comparable corpus, the source side of which consists

of translated texts using MT, for unsupervised methods.

The structure of this thesis is shown below. In Section 1, we show the proposal
and contribution of this thesis. In Section 2, we describe the related works
on unsupervised MT and GEC. In Section 3, we explain unsupervised GEC
method and show how to make the synthetic comparable corpus. In Section
4, the experiment setup and results are shown. In Section 5, we discuss the

experiment results. In Section 6, we describe the summary of this thesis.
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FREEET, ROV ICHFHET - 2R0ELET 2, AMEOFER, (I X —
FWRETR EDTDIZVBDOXNRT =5 2T 5.

T, EETRBUT—Y2H 02 2 LT, FEET —IBPETH 2IRPLICHL
DA TV BWE G DDFEET 5. Zhao © [46] 13 DAE OVl A CRYM T —
Z T 52 8T, GEC ETVOMREILEI NS I L2WMEL TS, 20
WRLT— 213, WEFET—F I LTI VY LICHFER BT 520 8O N TN 7%
D 259252 ETHRRINTWS, Bryant 6 (9] 1&, fHAREZFIRT— % z2 il
BRU 729G GEC OV —7 > ay 7L, SOV =27y ay 7 CRENEE
W L 7 Grundkiewicz 5 [22] %, RBIBZBEFEET — 2 100 L THLER D 2 45
T2 2 & TRUFIBE T — % 21, GEC ETVZHEL T3, £/, KoDF
Ea o FiED GEC ITHEH)IG L 7256 Th, FRRICHRED M T % 2 L 2% Néplava
and Straka [34] IC k> THEIN TV 2



B 3E HENG USGERDETLE

COETIE, MT THAIN T 3 H % L Fikz GEC IS#EINT 5 /5ikicD
WTHR %, 3.0 BETIEEG R L FENII T —2 & LTS 27200 a
NI TINTF = DERTEICOWTIRRZS, 3.2 FETld SMT 2wz L
GEC 220w TR, 3.3 B Tlid NMT #Hw&fii%k L FED GEC ~D#IL T
HBIZOWTHR 3,

3.1 BELlayINZ7)ILa—ISRA{ERL

AL 2 ZliliZe L FERIIBE T — 7 & L THEEEOEAS LI e X
HBEDaV I TN A= 22T 5. FEEE, Artetxe 5 [2] ¥ Conneau and
Lample [13] IZF#7T—% & L TCZNZENDOFEOHREFEI— A ZHHL Tk,

AR TIEEEEORL L 725255 2 DL RN THEEEZIT>T0w5, C
DIERED T2, HINSEEME LR MDA ZERT 205 3H 0, K
e TR A B FH S E LT F ORI 2 7 2 D 21§ 5. BRI,
GEC OXNREHEDHZFE 2 — A2l XEA L LTHML, MU KX A~
DHEFETHARINIHFFE I — A2 L 2 b D2 B2 EEO LG E L
7z, 30BN 2R, 5.1 BT, BPIEEE DX 2ERT 2BEDILDEE
(Language B) 12X % GEC €7 I)VOHRENDHEEIZ O W T2 fTo /.

OB AT LR L 7B ESUTIERE D Ot > BB II S E kv, 2
DIz, KK TIEARNVETIES AT LA ZHBLE LT84 754 VINICFEATL
7o, BARMIZIE, BHiRED A SIS L CARVETIEZ T, 2O i%25E8 L7
MO ETEETVICA LT3,

3.2 {RETRYBIRENER Z B LWV BET R USGER D ETIE

FATY LT ICAIIEIC BT 5 SMT % M7 %dili% L GEC TR 2 —
FafihT 5. KB IE Artetxe & [2] @ USMT FH:% 76 LTV 3,
B, RHEEI— 257 L— RO HEREFE L, Ths 0K



(Monolingual corpora with similar domain)

N [
Language A Language B
- target language (en, zh) - original language
- correct side data (other than en and zh)

translate2langA

)\
Language A
- translated text from langB
- error side data

~

3.1 a7 TN T —FEBICBE T 2 B

B2 WAAREANEOAL LX) EEHT 5, RIS, ZOFEMEIN 20 #ERZ2 T
2, X7 PLVOFPEZAWTZL—RA T =7 V2R TS, ZOD7L—X7—7
WEKEHBET— Y2 HOTHFE L% Nogram SiEETLVEZHOT 7L —AR=2
D SMT P AF LZ2{ERT 5. BB, 20 SMT S AF AL, EGME 7
T OBIER Z W THEF 27> Tw L,

3.2.1 EFEENNGT L —XBASBRTEDOER

RS, HWSREMO ZNnZid 5 N-gram embedding % {E T 5. BARM
I ZNZNOHMFEET — 1B W THEEDE \» unigram, bigram, trigram™ (X}
L T skip-gram [32] OFfilA 2 WG CTHEEDTBERZERT 2. Z20%, fERL
7l 2 DR FRE BB 2 LG SREMI N vy BV 7T 5. Covwy BV

*ZNZNEE T — ¥ NOFENHIZ 200K, 400K, 400K % fif,
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Algorithm 1 ZfiliZ Ufiat USRI 2 F 7 SGER D ETIEE 7L 0 H

Require: J#SiEHIEREE 7V LM,

Require: HWSEEMSREE TV LM,

Require: JRFEMHIFEEFEa — SR C;

Require: HWERBHHFE2 — R C,

Require: fi¥7—% (DEOIFRXNVT—%) T
Require: #0DELE N

Ensure: {53 — HWSE7 L —X7—71 Ps(ﬁ%

Ensure: iS55 — HWSEORMEEA Ws(ﬁl

1: W™« TRAIN(CY)

2: W™ < TRAIN(CY)

g, JYCross_emb ypeross_emb  \ippiNG(WE™Y, WM

4: if forward refinement then

5. PO, « INITIALIZE(W T 0ss—emb Jygross—emb)

6: Wﬁt +~ TUNE(P"), LM,,T)

7. foriter=1,...,N do

8: synthetic_data, < DECODE(PS ™Y La,, wier=b cy)
9: P« TRAIN(CS, synthetic_data,)

10: wliter) o« rune(PYSY | LM, T)

11: else if backward_ refinement then

12: P, « INITIALIZE(WST0%s—cmb Jycross—emb)

13: W,fi)s — TUNE(Pt(i)S,LMS,T)

14: for iter =1,...,N do

15: synthetic_data, < pECODE(P "™V LM,, w1 )
16: Pl TRAIN(synthetic_data,, Cy)

17: W)« rune(PUY | LM;, T)

18: synthetic_data, < DECODE(PS ™Y L, wier=1 ¢)
19: P« TRAIN(synthetic_data,, Cs)
20: W) rune(PYY | LM, T)

I3 Artetxe 5 [I] OFEZMFEHL, izl Ty BV 7 2iT>T\0 5,

11



3.2.2 FELEZAW7L—XT7—7ILOERK

ERL L 72 S EEMEWIIY 72 N-gram embedding 225 7 L — X7 — 7V EZAERT 5.
HARIIZIZ 7 L — ABIERE 7L L EEEERERE TV 21§ 5.

FHEEMO 7L =X e tNT2HNEHEMO 7L =X f o7 L —XBRET L
o(fle) &, HBFESFEMD 7 L — XK LT, HEFFEMBIZERANO 100 5650
HINSED 7L — X% E Lz, 7L —AFREFLDR 2713 dH 3 FSEMD
7L—REHNSHEMO 7 L —RXD a4 YELEZERM L2 DZHHL Tw»
%, BARMICIERAOHE) Th 5.

- exp(cos(e, )/T)
o(Fle P
10 = & explooste, 7))

T IRHWEEMO 7 L — READKREHEZELTEY, 7 X PHOEHEE L H T
DMENNT A= —TH D, 71 Artetxe 5 EFFRIC, H % embedding 12K L T
WD ESEEE D 7 L — XD embedding &, JGD embedding ? 7 L — ZFHRGER DS
RRICR D X)ICHEET 5. PIZIZESEMOHGEE LT “teh” BH D, HIWSGE
R DA HGEDY “the” 72 7 85£%, max log ¢(the|teh) D Kk 912, 7L —ZHER
DAL 55 £ 5 L T, e, D7 L — KRR 1T b
U 7 2HLTED, EEBRIEMUTO L) ICHEHRHCAELTWS

max (Zlogqﬁ FINNz(f —I—ZIOg(b |NN_( )))

7L, NNe(F) EHINSHENO 7 L — R0 L CUR S #BMCREHD 7 L — 2T
H5., HOUSHEMNO 7 L =X § 3 HEEMO 7L — XD 7 L —XFERE 7V
o(@|f) bRk 5.

HEHEMO 7L —X e T 2HWSEMD 7L —X f OFE#EBTE T
lex(fle) &, JEFHEMD 7 L — X NOFHFIH LT, HWSHEMD 7 L —2NT
BIRUHER DS b B A2 S L 2 G L 5, D% ) ERIIE LR 3 71k

FSEEHEID 7 L — ZANOKHEEIC LT ABIEREROEZ v 5. BRIz kR
DEN TH 5,

lex(f|e) Hmax <e maxgb( i|éj)>

12



e IIBT 2 HEBNEE L L WEAD O DERETH 5. AL TIE Artetxe &
EEBEIC 0.001 & L7 HSEMO 7L — RT3 FHEEMD 7 L — XDk
FERE 7L lex(e|f) bFkTH 2.

3.2.3 SMT YRAFLDEHR

ERETERLZ7 L =X 7 =70k trigtam FTL2EEINTEST, 7
L —RABRE T, EEFEREFLZNZTNDOZ a7 b S ERKIY 7% embedding
ZILICHEEL 72 bDTH D, 20D, Fo6Nk7 L —RAT— 7 )VILEiERETN
embedding DIEDIAAREEIIE KA L TED, o 7L —AWIEbE L EFEN
2 EEzoN%, AWZETIE, SMT Y A7 46%2H0WT7L—A7 =7 VOHFi%
T, ZoREICNIGT 5. BRI, SEETAEMHHALZ SMT Y A7 4%
HoTHimzitye, fRonBh o EiET—7 2L T SMT & A7 40D
HHEITH, SBTETAVEHVE LT, XA oh, o7 L —
AREDBIHTE L WIS, ZOHEFAUHEIE Algorithm 1 @ 4-20 fTHIC
MIGLTW5S, SMT ¥ A7 LDOHEFFEE LT forward refinement & backward
refinement @ 2 D Fikz Hv 72,

forward refinement Tl&, MHJ7HOHEFwRRZMEH LT SMT > X7 A DHEH
2119, 97 L—x57—71 PO, t HWEBENOSHEE TV LM, 20T,
HEFEMORZFE a2 — R C; 12T 2 HIWEFEMOEEL 7 — % synthetic datas
2R T 5. o HWEEMSHEERRIR TH 2 BT — % 2 T SMT %24
#, P, 2T 5. 720D SMT v A7 LDEEDEAREDPED T L
T—=8% T ZHOTRET 5. ZOBRELZEVIELE N ZI3ETT 5.

backward refinement T, WHROWMZFAIH T2 LT7L—XT7—7 1D
EH AT, M7 L—25—70 PO, L SEEFL LM, 2w, HINEE
MDHREFFE 2 — R Oy 1T T 2 JEFFEM OB T — % synthetic datas Z FRT
%, ZOREEMPELT =% Lo TS EPNRT — % % AT SMT %4
#, PN, #6730 P, 2T, ESHENORSET—2 C, 2HF,
H S GBS BRI I 72 > T B EHUER 7 — % synthetic datay Z{FKT 5. Z
ol F— s 2T PY), 28T 5. £ P, o PU), #HEH L8, SMT

13



VAT LDEMDOEAEZDVBDTIRIILT—F T IR LTHREL TS, ZOHEE
ZFORDIFEDIRELE N 72 1FFETT 3.

3.3 Za—JZILEMEIERZ AW EBERLR ULIGERDETIE

AfF4i Tl Conneau and Lample [13] & [AfkIC MLM < Encoder % %## L 7z
#, DAE % BT % H\>T Encoder-Decoder #2## L T\» %, MLM D%#H XX
21 DX, FHRFFHEI—NRADOLUIN LT A7 2 AN, A7 LIHiEEY
T3 L9 I¥ETS, 2ok, language embedding & L CAEEMZ LT err &
IR cor 2L, H—® Encoder Z£EH T %, D% L 7% Encoder D737
A —% % Transformer @ Encoder & Decoder @37 X —% O@IH{LICHHT %,

DAE % Conneau and Lample & [FfRICHEHFFEI— R ADLIIWN LTI ¥
LICHGEEWL L < 2 7, HEEHIFR%Z 1T\, Encoder—Decoder % FH\»TILD X%
WT2L9%EHLTCw3, 72721, GEC 3o X %23 IET B8R TH B 7
&, Conneau and Lample & HXRT/ 4 ZDEHWEZHRD TS, £/, BT b
Conneau and Lample & FERIZfT> T3, 23Dk91C, MOERETLVE
HWTETIEXXMIO B F5E 2 — R 212/ L THERR 2 1T\, BEBIER D X2 B L Tw
5. ZOHEMERY CEETIESOHFFE 2 — S A THEE I N2 BHUNER T — 2 2
WTHEDETEETVZYE L0, £, EOERETILICTOWTH FERRICEE
ZfroTWw5,

A TIFETIEE TV £ LT, Encoder-Decoder % DAE & BT #% [RIRfIZ22H
L7ETIVE DAE OATH¥ELELET VEMAVE, DAE OATHYEHELELET IV
IZ, Encoder-Decoder “FEIFIZAND ) £ ADOMAZ 6N XT, ZN%iTIET S
X9 ET 570, #EmRED language embedding (213 cor ZfEH L7z, DAE &
BT T¥H L€ TV, #EiwKO language embedding (213 err ZfHH L T
5. £7- DAE & BT TRKZET2EIE, ZNZND loss ICHAZ 2T,
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BAE JCERDETIERER

E

4.1 RER

ﬂl?ll

F41 SCERY ATECHIT L AT — 5 R — 5.
Corpus H EET—

En GEC JII#5—%

Finnish News Crawl 1,904,880 No

English News Crawl 2,116,249 No

One Billion Word Benchmark 24,482,651 No
Zh GEC §lli#ft7— %

English Wikipedia 2,798,555 No

Chinese Wikipedia for comparable 2,888,276 No

Chinese Wikipedia for LM 10,167,366 No
for CoNLL-14 (En)

CoNLL-13 1,312 Yes
for JFLEG test (En)

JFLEG dev 754 Yes
for W&I+LOCNESS (En)

tuning data 2,191 Yes

dev data 2,193 Yes
for NLPCC-2018 (Zh)

Lang-8 data for dev 2,000 Yes

B7—7tv b AL <TlE, iz L GEC OMWRERGEE L L THFED GEC ¥
A7 L HhEEE GEC ¥ A7 241> 7. HEEFE GEC ¥ A 7122w T3 Mandarin
flikTFZRRE LTS, £ 4112 GEC ETNVOABFICHEML 23T —2% &
BT —% %R d. %EED GEC 122w, HidL 2R Y Finnish News Crawl
2014-2015 O—{fZ HFEICRIR L 72 b D 2R Dl & L, English News Crawl 2017
D—BEFTIEHOINH T —% & LTHWTWw3, STEHMOSEET IV LM, £ LT,
English News Crawl THll# L 72 & DIZEM LT, One Billion Word Benchmark
[11] =&AL b DL T w2, HEED GEC o TlE, English
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Wikipedia ®—i% PEFEICEIER L 22 b D %23 Dl & L, Chinese Wikipedia @
—EITEMOIHET—2 L L THOTWS, SS5ICEMOEEETLELT
Chinese Wikipedia 2 THEH L5 DHHWT W3, F ZHLER D /ERFFORIER
TN E LT, Google #liR% googletrans v2.4.0 Zi@H L THW7,

AFETIEGE GEC OFFEfi7T— 4% £ LT CoNLL-14 [37] & JFLEG test set
(36], W&IH+LOCNESS [9, 20] 227z, %7z, CoNLL-13 data set % CoNLL-14
DRAFETNVIRESR SMT OFEMEDEADIREIIZ, JFLEG dev set # JFLEG
test set DRXZA FETINURESL SMT OHEAPREICH W, 72721, UNMT OF
HBIZOWTIE, N7 XA =7 HRIZ CoNLL-14 b HWTE D, #Hfii& LT JFLEG
test set & W&I+LOCNESS ZH\Ww w3, £7, Bryant & [9] OFfEL 727 —
7yay 7T, FEET—5 L LT W&EIHLOCNESS DB T — % O A S
PN, 2070, AWETIEINZFETIcaE I L*, tune data & dev data &
LT, tune data &R A FETIVRES SMT OEAREI, dev data X7l 7 —
7 e L THwE, £ hERE GEC OFFHli7 — % 1213 NLPCC-2018 DFili 7 —
Z Ml FFET — 2 121d Lang-8 2ot L 72 hEREAEFHE O E 2N 23 1E
L7z 2K X&F (Lang-8 data for dev) Z{#Hf L 7z,

¥ ik GEC T® % CoNLL-14 & JFLEG test set 2\ T, HiZEEl
i NLTK [6] Z M\ 7%, W&I+LOCNESS (22w Tt spaCy v1.9.0" &
en_core_web_sm-1.2.0 ZHiESHEICH 72, %7 English News Crawl T%¥H
L 7z moses truecaser® %\ TR 295357 — % @ truecase Zf7->7. 15
DU Z 1T > 72 7 —#12% L T English News Crawl T4 XL — a ¥ 50K @
byte-pair-encoding (BPE) [41] ZfT\>, HFET —4 ® subword 1Lz 175 7z,

HEFE GEC TH % NLPCC-2018 122w Tid SMT ZHWwWZE4E NMT %
WS AECHENEZ 22 T3, SMT ZHw8413 PKUNLPY %2 HwT
HEES#I 21T\, ZD# BPE 2 W T TOHEICN L T subword k&7 7z,
NMT zHwZ5ad, hERRR T 7E 21T, 2NN OBEEIZZ D £ $I0D

*WE&IHLOCNESS TIRFHEDL NAH 4 BRI h T 57, FHIT2HICEL (A5 K91
L7.

Thttps://github.com/explosion /spaCy

thttps://github.com/moses-smt/mosesdecoder/blob/master /scripts/recaser /truecase.perl

Shttp://www.icst.pku.edu.cn/lewm/pkunlp/downloads/libgrass-ui.tar.gz
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HAXYIY 2707z, ZOHREGED E ) D OHIEICIE Unicode Z Wiz, ZD#
BPE Zf71\>, HEEEDANDHEEIZOWT subword {LZ1T>72. BPE DA XL —
va VUL 30K TH A, FHliT 2B%E, HI3ITOWT detokenize 21TV, Z D
# PKUNLP ZHWCTHFESHIZ{T>7 b D% gold & HMEL 7.

BEMERE A% Tl CoNLL-14, W&I+LOCNESS dev, NLPCC-2018 test
set 12D T Precision & Recall, Fg5 Z#i59 5. CoNLL-14 & NLPCC-2018
DHEA A7 IFE M2 Scorer [14] ZHWVTHMH L, W&I+LOCNESS dev D2 a7
& ERRANT scorer [8] ZH\>TKo 72, JFLEG test set (ZXf L Tld GLEU [35]
ZH\wiz GLEU R a7 z2#t9 5%,

BSMT DFRE USMT DHILIZ DWW TIE Artetxe 5 [2] DFEEY ZEEL b D
2L 72, BRI, T oFEZEML 7%,

o HiIGEHLAL D EEIH

o HIGEHfY, CTHMIOMEERIE (B, Mk, #HA)
e operation sequence modelll [16]

o 9-gram HiiE7 7 A EiEE T

I o OFMIF Grundkiewicz and Junczys-Dowmunt [21] T ] S h 7 F D
5ANR—AFEZRVIbDTH BT, 7, HEE7 7 AFET VG HEEDY;
£ One Billion Word Benchmark 7—% 2T E L, HEEEDOSA Chinese
Wikipedia 2 ZHWTHEE L2, ZORDO 7 725 EL5H 200 & L, HGE
7 7 Al fastText [6] 2\ THEE L 7-.

SMT ¥ A7 & HKIZ Moses [27] 2L 7. 774X Py —LELT
FastAlign [17] ZfiMH L, KenLM [23] ZH\>C 5-gram ST 7V 21EKL 7.
%7, FEOEAPEICIE MERT [38] Z H\WTx D, CoNLL-14 {213 CoNLL-13
IR LT Fos ODEPRRICES LI L7, £/ W&IHLOCNESS dev 7—%

Yhttps://github.com/artetxem/monoses
IOSM FHEIS EHAILDRFIZ DAFEH L 72,
HHEED 7 AFEEE T OVIEER D AKE TV OFLFIFITIIHA L Tk,
THRWFZE O L 72P% 7 — % 1% Grundkiewicz and Junczys-Dowmunt [21] 26 L7 & D &k h /&
C, AN—ZAFEMNE DB > TLEI DFEHAL TR,
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121 tune 7—FIZX LT Fos5 YA ICHR S X912, JFLEG test (21 dev 7 —
ZIZxX LT GLEU R a 793R KIC7% % & 9 ICRiE L 72, NLPCC-2018 test 7 —
#121% Lang-8 2o L 72FA¥ T — 21 L T Fos PR KRICHE D L HITL 7,
SMT ¥ A7 L BHFREOFEMSCOF ISR LT, [3, 80] DCEMBEITo7. #DEKL
BN 33 2MAL, 71— R0EEIE 300 Kot L L.

BMARIFTYyH— F7, HiE GEC 22OV T i%iabtcwliﬁb ARNVF
71— & LT pyspellchecker*Z T3, ZUIfmERHZH\WT, H2H5E
’ﬂtf%?UXFW’ﬁf?%ﬁ%%%Q@%%%kT?%V—W@%%.$ﬁ
72 Cl¥ One Billion Word Benchmark WIZ 5 [BIDA B 2 BiGED & HEEY R |k
ZER L T3, HEEE GEC IZ2WTIRALF =y A= T0Rwn,

BENMT DFEE 7, UNMT D%E2: Conneau and Lample [13] DFELESS %
EHL 72, NA =085 X =% 1B L Tlx, CoNLL-14 12§ 3525 DAE
DA RELTHEEAIFR EHFEY A 271303, v v 70IE 5 HEEMNTT)
Et L7, £7% DAE O #A T Encoder-Decoder % %8 $ 2 54 13075 F 1%
le-4, dropout (X 0.1 & L7z, DAE & BT Z[AFEE § 5 BRIIAHH2EE KT 3e-4,
dropout (X 0.3 £ L, DAE & BT ® loss Otttz 1:0.01 &£ L7, ¥/, XA LE
TMEEFET —Z I L TR=T L X T o PRI E R ZETVEMHL %,
BHEL L TN 28 =08 T X = IZOWTIRILHEEDEE2 Z D F FHEH L /.

BEBRETIL Moo, %55 GEC 122w T Lang-8 [33] 205 i L 722484
SCERIES 2 FTIEXDRER 2 — 3247 1.3M 302 T SMT & NMT Z2hZi
EL7ZETV (Lang-8 train) 1220V T b FHiiFEE % 1T > 7. F7, Zhao & [46]
DHFL T — Z R TFIEZ G IO B EEE 2 — S ZI#EIG L, /ERR L 72U 2 —
NAZHWTIHIZ T > 72€ 7))V (synthetic train) (22T i FEE % 17>
7o, BhlidH SMT I2oWT, i L7 MR IBEE 3 & hiliZza L Db D L AT
b5, FLHMMBH NMT I22WTE, fairseq [39] @ CNN Encoder—Decoder
[19] €TV Z%EE L 72, CNN Encoder-Decoder DA /8—%5 X —F 2D T
X Ge & [I8] DfHEFIC b DZEMHL 7.

Hhttps://github.com/barrust /pyspellchecker
SShttps://github.com/facebookresearch/XLM
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i DOBIE D> AT L L DMK E LT, Bryant & [9] DL 7e7—2 > a vy
7" (BEA2019 Low Resource Track) ICI@H Iz AT L L #7272, 2D
LE, A IFZDT—0vay PP DR A7 4L LT W&IHLOCNESS dev
I L TIROB ROV AT L ZH VT,

4.2 REESGERDETIEDRER

BEFEWNRI-—NRAEZFETILEHARUFETTILOLE % 4.2 ICAPET
7o 729558 GEC Eo kR %#1"3. CoNLL-14 & JFLEG D326, USMT I
DWW forward refinement D/ H5E] IEVEREDSE > & HWT L, W&IHLOCNESS dev
WL TIEIH S DEHFEDOAMAHL T3, CoNLL-14 T, USMTforward
iter 1 3P HET—F ThH 5 Lang-8 TillH L 72&fifid H SMT &2 E Fys
23 13.57 B4~ MEL, Hfilidh NMT &2 & 1717 K4 >~ MEw», JFLEG
TY, USMT DOHTIiE USMT orward iter 1 23 & HEREDNE2S, Lang-8 Tl
L7z%Hid H SMT & HART GLEU 2a 728 5.28 R4 ~ MEL, #KHlidh NMT
LHERZ E 339 KA v MEW,

BRI —NZAZZETIVEHMGUFEETILOLE £/, £420 &
filid> D SMT @ synthetic train & USMTorwara iter 1 % i3 % & CoNLL-14
TlE Fos 2% 3.49 XA VY FMERFEPRM ELTWE I E23b2»r 5, —/T, fhio
A 7 — £ 125 L Tl synthetic train D 235TIEEBEDSR W £330 05, FFiC
W&IHLOCNESS 128 L Tl synthetic train D525 Fo5 23 3.97 K4 ¥ FEWw 2
E3bh s, DX HIT SMT E7FAVNTIRIHE T — 212 k> T LS S AETIEREE
BROWHZLZD S, CoNLL-14 1ZAN L L THMED R EEEOXBHEI T
DI LT, W&IHLOCNESS 13kk4 2 HMEDFABHED LB AN E > T
3. ZDD, BEFETHIERI VT TN a— 22 HOEETIEE TV,
HAEDEWEEEZE DX ZETIET 2 R RLUSER 2 — R 2 2 w7856 & R T
MW EEZS6NS, F£72 USMTiorwarg iter 1 & BHINER a2 — 822 H\»TEE L
7= NMT %L L 72854, CoNLL-14 & W&IH+LOCNESS 122w Tk USMT @
TIMENT W 323, JFLEG 128 L TIEERIONER 2 — 82 2 v T#E L7z NMT
DIiH GLEU Ra7REw 2l edibrsd, ZhoDl thrs, PEDT LT —
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# 4.2 Hihk GEC OFEEHKER, KEVBHEAMZ L FEOT TR BLIERZ,
TR 2 EO P TR RWLEEHR%Z7RY9,. UNMT (& CoNLL-14 ZH\»T /A
WR=NFGA=FZPRFE L7720, ¥IFRBLINA =R F X =5 DHTD LR

ZINTY,

CoNLL-14 (M?) WE&I+LOCNESS dev JFLEG
iter P R F()_5 P R F0_5 GLEU
No edit - - - - - - - 40.54
spellchecker - 4512 4.65 16.47  41.52 4.40 15.46 47.30

Supervised NMT
Lang-8 train - 53.11 26.47 44.21 - - - 54.04
synthetic train - 3195 15.01  26.06 15.98 10.04 14.29 50.90

Supervised SMT
Lang-8 train - 43.02 33.18 40.61 - - - 55.93
synthetic train - 26.61 16.14 2355 2734 16.08 23.98 51.58

Unsupervised SMT 0 21.82 36.75 23.75 14.60 19.44 15.37 49.94
w/ forward_ refine 1 25.92 32.66 27.04 20.58 18.04 20.01 50.65
(USMTforward) 2 2558 31.02 26.51 2034 17.56 19.71 50.19
3 2395 3313 2454 1886 17.56  18.58 50.40

1

w/o spellchecker 23.90 2994 2491 1759 14.63 16.91 46.50

w/ backward_ refine 1 22.39 33.39 23.97 - - - 49.02
(USMThackward) 2 24.96 27.13 25.36 - - - 48.90
3 26.07 21.01 24.87 - - - 48.75

Unsupervised NMT (UNMT)

w/ DAE - 19.20* 18.69* 19.10* 8.74  10.68 9.07 45.38
w /o spellchecker - 15.54* 16.98*% 15.81* 6.41 7.65 6.62 41.14
w/ DAE, BT - 20.13%* 5.82*% 13.49%  10.63 3.95 7.94 46.91
w/o spellchecker - 6.96%  1.49*  4.01* 1.87 0.54 1.25 40.82

& DR HATRE 2RI TIE, 22 E DO FAE D E WL AT L TR D T3
MTH DD, ZI) THUEAICOWTIZFLRT — % 2 AW CETIEE 7L 2 3l
LEHDRBEWI ER3bn s,
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WS URHNBBBREBAB L1 —FVEMBIROLE USMT &
UNMT ZHi#E§ 2 &, ZhEnTHFROTEDED CoNLL-14 D& Fos 23
7.94 £4 ¥ } T, W&IH+LOCNESS i3 10.94 £4 > +, JFLEG & GLEU %% 5.27
ThH5. ZORPL, ETOHIIRET USMT 2ENTw5 2 L250h 5.

BMBack-Translation ®FHE UNMT & Encoder-Decoder # DAE D& THE L
7256 L, DAE & BT THFHZHEE L 7GEDOEELZEEH L TWwW5E, 0GR
5 DAE & BT CRFHC¥E 275 Ba LD b, DAE 0RT¥H L A5 IEH
EEWZ Eboh, Tt Conneau and Lample [13] O L Tw 2 HEAREN
HOFE L ZHA S, 5.3 5T DAE & BT OflafbIc 0w CHliz i),

BARIVF v H—OFE *7-, USMT & UNMT 22T, BILEETZ )L
F v A—ZHETICERZIT o R DL 4.2 IZR#E L Tw 3, USMTiorward
iter 1 13 AV F = v A —DEIC K BETIERED %D CoNLL-14 TiE 2.13 £ A
vk, W&IHLOCNESS Tl 3.10 £4 ~ F, JFLEG T3 4.15 4~ b TH -
72. UNMT Ti¥, DAE DA THE L 785413 USMTiorwara iter 1 & FRED 2
AT7ETHDH I EDBDPS, 5T, DAE & BT %2HIRFAE L ZEAICEWTA
RXNF 2y A—DFEEIIRESCIHTIEBEITHEL TR LB I0RP LN S,
Z3Uud DAE & BT Z2[KAEH L7 VEKRS FVETIE2{THT, miAL#s
LTCEITLIEZEARNF 2y A —DIEEBR LN > T i THhEEEZLI
%. FEERZ DAE & BT ZFHFEE L ZETNICOWT, AV F 2y =2 K0
EJIEE T V03 CoNLL-14 10 U THRE L LT IEBZ KA L 24, 606 [HldH -
72. —JiT, DAE OA¥E L =€ 71 2,593 [, USMTforwara iter 1 13 3,351
FlE7Z D, DAE & BT TH¥EH LT LVDOEIEIZHEMNTH 2 2 L3b o7,

WHEFG USSR BIEROERAEDEN HHEHL2HWA 7L -7 -7
26 1 M HOEHFERDIEEIE <, FFIZ forward refinement ® /55 L T
5., L2Lads, Z0KD forward refinement % H\ 72 HHTCIXIERED T3 -
TV I ENbhrs, ZOEHFETE, FEEMOT—FI3FICHT b0zl
L, STIESCHISEEFEICAERINT VDS, 2D s, ¥2FEMDF—%
DEIGHEHFFILETRICEETH L LEZ 6N DD, AFETIEZDT—% & L THE
WEEROM N XZ ML T2, 2070, FHEMOT—5 DBEIZZ U EE
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# 4.3 BEA2019 Low Resource Track 22 S i-fhe 7L &£ DR, TMU
DIARIFFED USMTorward iter 1 TH 5.

Team TP FP FN P R Fos
UEDIN-MS 2,312 982 2,506 70.19 47.99 64.24
Kakao&Brain 2,412 1,413 2,797 63.06 46.30 58.80
LAIX 1,443 884 3,175 62.01 31.25 51.81
CAMB-CUED 1,814 1,450 2,956 55.58 38.03 50.88
UFAL, Charles University, Prague 1,245 1,222 2,993 50.47 29.38 44.13
Siteimprove 1,299 1,619 3,199 44.52 28.88 40.17
WebSpellChecker.com 2,363 3,719 3,031 38.85 43.81 39.75
T™U 1,638 4,314 3,486 27.52 31.97 28.31
Buffalo 446 1,243 3,656 26.41 11.14 20.73

C7z, 1 RIHUBEOEFRTIIEEILE L TuihntEILNS,

B7—72av7REVATLEDEE #* 4.3 12 BEA2019 Low Resource
Track I[CEH I N7 FikE Dk zxRnd. TP, FP, FN (ZZ i Z# True
Positive, False Positive, False Negative Z B L T3, £ 4.2 OfiHd» 5,
WE&I+LOCNESS dev (2% L CTie b T IEREE D USMTiorwarq iter 1 Z 4 1%
L7, Efios 25 4TH % UEDIN-MS % Kakao, LAIX 3@ CHFHEa —
PRANTK UCHHUER D 22 5 2 & CHHMUNER 2 — "2 2/EK L, NMT €7 V%
AR L FHETH B, R UEDIN-MS 1 HROER a2 — 2 & LT 100M S
MLTw3, —J5 TR OEMINR T — 5 2 lv7c NMT €7V 2 U3 EETIE
HEPSEC BORERE B>, 2ol ds, BEWIRT—2 2 LT NMT €
TN T 25E 3RS DT —vBZRE LT LEZ NS, 1z, 2D
£ 9 e RBIEHERINIR T — & 2 O THIBE L 72 € 7V & AR DOREFEOFTIER
I RESEDRH D Z 305,

4.3 WEEXGERDTIEDRER

4.4 IChEFE GEC OfiRZ T, REFETH2H0 L L FEoF TR E
2272 DIE USMTiorward iter 3 TH o7z, FEEEDLGET iter 1 23D B2 7223,
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#* 4.4 WEGEE GEC OFEEHIR, KyBEbZz L FiEohTtRb Rukifz,
TR RO T TR RORiRZ2 R,

NLPCC-2018 (M?)

iter P R Fos
Supervised NMT
synthetic train - 1399 6.95 11.64
Supervised SMT
synthetic train - 8.24 12.97 8.89
Unsupervised SMT 0 9.45 14.82 10.18
w/ forward_ refine 1 1028 16.72 11.14
2 10.43 17.34 11.34
3 11.21 17.51 12.08
w/ backward_ refine 1 9.96 15.80 10.76
2 8.54  12.26 9.10
3 9.44 13.18 10.01
Unsupervised NMT
w/ DAE - 9.17 9.98 9.32
w/ DAE, BT - 3.56 2.48 3.28

HEFEDOGA IIEH 2179 Z LIS EE T VORI LEL Tw2d 2 £33,

CDRERD S, FLERT— & CEE Lz SMT 1 USMT &3 2 &, E1E
BEMEWZ L2300 5, BEUERT =2 ¢#8 L7 NMT & USMT & higd
% &, Fos T 044 B4 >~ b USMTforward iter 1 DT IEMREELRE L 23D
%, ZHkHIZ, hEFE GEC TId USMT EEERNRT—4 2 HwTEE L~
NMT DHEREOETIEMRETH 5 2 LB h 5,

7, UNMT & USMT % MHiE$ 2 &, #WiEOHA L FEkIC USMT @ J5o5%]
EBEXECI L0255, ZofE» S, BUROZKA L L FEIESEICLS T
SMT 23D k% vz Fikd GEC THRITH 2 LEZ 6N,
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BHE o
5.1 BV NNZFTILIA—IRZAERICDWT

#5.1 #larv T 70N a— 2 ERORIERILSEE S £ DRI IR~ DE,
INSDOHEEE2— N A1F News Crawl 2017 ZfEHL Tw3, #HHL =35
F20M T, 205 DfERIEZ USMTiorward iter 1 ZHWT W13,

Src Precision Recall Fos
Fi News Crawl 29.17 28.52  29.04
Ru News Crawl 27.11 29.84 27.62
Fr News Crawl 25.05 30.27 25.94
De News Crawl 23.26 26.04 25.04

AT, T —% & L THUAEEE X ZER T 2 BEOBFOLO 55 L RTIE
ETFNVOMBEDOREZRHEL 72, £ 5.0 BEIFOLOSiEEZEZ 72D CoNLL-14
X% USMT €7 LVOREERLIbDTHL, ZOEDLPS, 747 Nk
IR R ERZH G APRO RV RZBONL I E3br s, 21T
PRI X D EIT 2 (Fr, De) 122V TIEFEIIERENEL koTWw3 2 E2%h
D5, DT EDS, BOXELTIHENROSECH L THUL CurnwEiEs
BERL b 02T 22T, EFLVOITIEEERSAETSEELZONS, I
X, BERIL TR WEFEOVEEBEER O H L < 20, MASUTHY BEFNCT
{6 THLEEZONS,

5.2 HETHEEMEIERZ AWSUEERDETIEICDWT

SMT > A7 LDHEFFHETH % forward refinement & backward refinement
DEWEHRL 12D ZNEFNOFIETHFIINAET VL > T, CoNLL-14 7—
ZIZX L TIRESINETIEORZFAE L 72, USMTiorwarg iter 1 & iter 2 & Z
Z 3,437, 3,257 7L —RFIIEL Tz, — T USMThackward in iter 1 & iter
213 ZNZ4 4,092, 2,789 7L —REF[IELTWw7z, 2D XIH1IZ, USMThackward
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# 5.2 DAE & BT D loss DLEZE Z 7-KD CoNLL-14 OFJIEREE, 728
LZZETNVOMEBEZFARZ LD ARNF 2y A —I3HHL TR,

DAE BT Precision Recall Fos

1 1 3.47 1.15 247
1 01 9.17 1.00  3.47
1 0.01 9.31 1.14  3.83
1 0 15.54 16.98 15.81

Tk 2 MHOHEHOFER, 1,303 BETIEL 2 2o TWwa 2 L3005, Artetxe
5 [2] % Lample & [29] 1& backward refinement %\ 7B #2179 2 & THHl
L MT OBFEESM ET2 2 L2HE L Tw5b, GEC IZE W TiE backward
refinement Z W72 HEHIC X > T AT L DETIEDEMBRINIC 7 5 2 & TETIEREE
ZUEELTWVWLEEZLND,

R 4.2 DFERD S, USMThackwara & HHE LT, USMTyorwara /778 GLEU R 2
THREWIZ EXb2 %, ZiUd GLEU R a7 idRic otz e i L <8 D,
forward refinement TIFEEHETIEX 2 FRT 2RI RBIBISEEE T V2 EE L T
5780, HbAEUT -5 2L w206 THE EHEZ NS, OGS %
W § %2 728, JFLEG I8 L Tl b R EHTE 7LD %2 Common Crawl [10]
THELETHET NV ITHEIS =TV X T 4 CiHili L 72, USMTforwara iter
1O STDNR=7"L X T 41% 179.23 TH 5 —F, USMThackward iter 1 1K
L= X T 41% 18749 TH o7, ZDFERD S USMTorward (& Common
Crawl TH#E L FHBETIVDIET USMThackwara £ D bt RETIEXZ 1T
ETwsrEEILNS,

5.3 Za—JI)VERBIRRZEAWVWEIGERDETIEICDWT

#4276, DAE & BT ORKEETIZZ% L, DAE O&AZFEEHICH W HH
STIERERNEWI L3b0 5, 22 TH4I1Z BT OEL2FXR 279, DAE DA

*http://data.statmt.org/romang/gec-emnlp16/cclm.tgz
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THHLLETIEE T VICH LT, BT O HWBEEE mAMET % X ) IBMEE T %
BT, ZOWEMEEDOE, DAE 6§ 3% BT oz #H %79, DAE
DOHMBEE b /MET 2 L9112l TED, Td DAE & BT @ loss DEAZZ Z
52 LT BT OWELZFE L, 2O TREARNF =y A—FHHLTES
3, loss DEADNDINT A= 1ZETHiIZ TV 5,

7 5.2 12 DAE & BT O loss DHEEE Z 728546 D CoNLL-14 1237 % 5k
fERERT, ZofHE2 S, BT @ loss DfEIZ/NE T 213 EETIERED A EL T
WE T EDBLPD, £, BT O¥FEZEML 72854, loss DEAILED S T4T
TERENEA L TWwRZ Ebbhrd, ZN6DI D6, BT OFEENIIEET
WICEZEZ52Twa tEZoNns, —J5T, Kiyono 6 [26] 3T —% & L
T, NRa =R THEE L ZEYERETVEHOTER L ZEET—2 2w 5
CETCRIEETADRMET S22 E2ME LTS, o EAREDENE LT, &
DAERETIVOWREZELZ Z 54, DAE OATEH LTIV TR0 %EY %
ERTET, MRLELTBT O¥ENIFL oT0ARVEEZEZ NS,

5.4 FRETHIBEMEISR & = 1 —F ILIEWERER D LL &

7 5.3 12 CoNLL-14 1289 % USMTyorwara iter 1 &, UNMT w/ DAE, UNMT
w/ DAE, BT ot 1Zn17. —DHOHFDEIEFICE T 2 5 DT, gold I ‘in’
ZHIFRL TWw5a, ZOHOHFNIFEFEICHIG L 28O &, HWillcBdT 23480
D2O%EATVS, ZDEE, gold I ‘include’ % ‘includes’ IZLTED, Eild
i ‘the’ ZHIFRL T3,

—DHDEFNH LT USM T orwara iter 1 1&IE L < HiiER ‘in” ZHIFRL TED,
e RO RETIEDfT> Tk, UNMT w/ DAE & HiiE ‘in’ I3HIRL Tw»3
D, REEIIEE LUCHIER ‘up’ ZFFA L, ‘to ensure’ ZHIFRL T3, UNMT
w/ DAE, BT IZH{{&H ‘in” (ZHIFRE T, ‘to ensure’ ZHIBRL T3, TD L9 I,
Za— I NFEZHOIYARXEZEZ TV SE[IEZ2iToTWb 2 E3bhr 5,

ZOHDOHEFNH LT, USMT orwara iter 1 (&IE L < 5l ‘the’ ZHIFRL TWw 5
23, ‘include’ ZHEPICZEMIE T3, ZORTIEIESGENICIIRE > Tw e
D, ANXDXLERZEZ TS0 L5, UNMT D541 BT OFEICE

26



#:5.3 CoNLL-14 12X¢ 2 il e L FHEDHABI. HRTIEE - 7T, 553
slIELZfEifrzm L Tw 5,
source Some will wish to keep it to themselves and hope to ensure

that they will not bring in any pessimism into their family .

USMT+orwara iter 1

Some will wish to keep it to themselves and hope to ensure
that they will not bring any pessimism into their family .

UNMT w/ DAE

Some will wish to keep it up to themselves and hope

that they will not bring any pessimism into their family .

UNMT w/ DAE, BT

Some will wish to keep it to themselves and hope
that they will not bring in any pessimism into their family .

gold Some will wish to keep it to themselves and hope to ensure
that they will not bring any pessimism into their family .
source The law ~ s spirit also include the fairness .

USMT¢orwara iter 1

The law ’ s spirit also included fairness .

UNMT w/ DAE

The law * s spirit also include the fairness .

UNMT w/ DAE, BT

The law ~ s spirit also include the fairness .

gold

The law * s spirit also includes fairness .

boT, ANMXEZDFFHNILTw5, CoNLL-14 2FIcE FN 256D D O
FTIEFE (Recall) 1IZ2WTHARZE 25, USMT orwara iter 1 1% 44.97 TH o7z,
—Ji¢ UNMT w/ DAE 1% 17.06, UNMT w/ DAE, BT (% 4.76 T&% 1, USMT
LHRZERELSEND B EDDbroT, IN6DT LD, Za—F LV TikE%
Avigt, 2 0EHOEYIZIELLTEIN TRV EEZ NS,
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F6E BbDDHIC

WHE, —2a—J )%y b7 =2 2 OEHENHASEMBCBATH S, K
=2 =90 %y b7 =220 FERIT—2 L LTRED T — 8 203
9%, SOERDETIEICET 2 TOFEEXE 2B L ZETIEX 5% %
KBBSIR =R 22 I LE L Tw5, —T, ¥EELLIEXDfAGHLE %
HAETZ2DIEHL L, =282 L TV AREICH L TW L O2DiETh
NnNTn3,

COMBEICHN L CHBEROBENRWFEL LT, JEFEa — SR L THHL
MO EMNET S ETCERBNRa =S AZERL, 2OoT—%Z2HwT=a2—7)
ET NS EHZT) FEPHONTH S, —JI TR Z DT — ¥ R R DREI
LT, BB TSI N2 HiL LFEZH WL, ZOFRIEFIT—4
ELTav AT 7Na—RNAZREET DT, EMEIERY 27 4% FHWTERL
TR B AR E L LTl v 87 7 a— S A 2R LT, T %
T =y A A BRI, ORI FIRIFBHRIIRT — 5 25 54 L R
L, FEEOBMENE AN LTIEVITEBETH S Z Ebhro7, L
22 L KB OB T — 7 2 v 7o = 2 — 7 VESHEIRR & 7 Lo LTz, A%
DFEDFTIEREIE S R WEER E o7z, £, =2 — 7 VEEEIRRIC KD
CHbMZe UFIRIIPEMEIER O WFZEkE IR & B b, SUERD §TIECIETIER AR
FIREMRIER I S X 7 D o 7o, CHURIHERIER 2 17 9 BRO W€ 7L O MEREDMER N 72 &
ThirEHEIOLNS.

BOELFIEDSGEE S Bl a v 8T L a— R 2Tk, BF0EEE
DR L 7e X2 B FEEANC LB 3R RO FEDRET 5 L EZ o s, Aif
FEDHIADY T RV T =8 YR TH 2 RPLTOSGEA D FTIEOWIRICERL L, 5%
D EEXBEOMAERORIBIIN T2 —BhEns 2 LxH>TWD,
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B

AESCOMEITER L T, ITSFHEBIZICIZREBMERICR D £ L&, HEEDN
HEoBHE, AL DaxXy b 2HESE L, REBRHLTEY T, £,
Lang-8 O 7 —#{HiHICBIL T, Bt Lang-8 #hE S EFERICEH W L £ 7.

F 7NITSFHEBAZ R BB D 2 ITIFHIEE VW) B DIZDONVTEH L D T L ZHFE WL
REFELL RMIEIA, NS AICIIFRICRA R I L 2B TC0REE, ¥
CEHLTED £7. D L DS b IR LEDOREEE, BB 2123
DIELEEFZTCORLEEZ L, BROBLIFTLETHRELOIEZHEIT T &
TZFE L%

ERICEE I N T2 6 3EMD ) b THRA B4 &£~z 35 2 L3 T
E, RENXKTLEL, BohwRbL LD EFELETH, DG LT
R L7 2 EIFREMMICRD £ L2, FICEeT-IA LT 2 Flf T IcBED
Mz FLIPT, DI EZFFTTHEE L, ETHEHLTET,

B2, BlIEZGZRTTL I o U F8E% & mf BRI 0 & D G-
LT,
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