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GERDETIEICH T 5 R1EFTIE DR RIREE

SN R 1 N R
P ERAEREE

1 1BLHIC

XEFY FTE (Grammatical Error Correction) 13,
SRR # BU XM HIEUWXUZFTIET 2 X AT
HD. EERYFTIEZ A Y TIIXBEMEIER O FIED S
NdZ NN [2, 6,0, 10]. HHEERTIX, KSE
LHNSEXDERPEMTH D L WVDIIENBIT D7
b, BRNREREZERLUZSEOLBMEE AT
EMTED. —7F, GERYFTIETIE, #BWEERO L S
RSB BN S B O BEN R —BULRIBRIZ R D &
NBN, THITIMAT, SR IERENEZ WS BN
BIZEDEAESMA 2 0B L THMELRAD LN
TE3. &oTC, ERYFTIETIE, BWEEREY ©, [
2 DOHEEEFUIEA L TXIEN BB AMZ L VBB ET
I eMROEND. ZDXDBBIRMND, LRV ET
ETIE, BRI ENBBERGERHELEZOLND
(& 1).

ZOHID &SI, YD ORITHKFERYEH B & 5 R
&, AETHNISEY) ZIEF CEIEZTo>TWd EER
bENd. —HTHEMBRET NV TCIRTEX (Hh) I
XHEMN SR T DB R L 225 720, XOREMIZH
5N EEDXDIFTET DN WO EHIE, JedEiilic
HBFTEDREITHELEER5DIINHETHS. L2,
SCIERR Y GTIEIE, BEMREHGER & &, AT e HFiseo
ERENFALUTHD L WOIMBERH L7720, FTIEXEHFHT
AN UTHETEIE L VWO UBENRAETHD. &
ST, mYEF»E L, XOXREBMORY ITERL T—
FTIXETORY 2FTIET2DONHHELXE, HDEL
HIZ XY, RAICHETED LA TES.

TIT, AWZETI, BENATEZEML 2RO
REWEET 5. FEERTIX, CERFAY T IETHRAEERERIZ
Ao THS TRz, FERIESHGNTY
ERYFN—IT—RIZTHHIi 2175, FERERNS,
B ZGTIEZ @A L TH, W@ ORENFLNA
WIEERY. F2, BENLRTECILY, HEVIR
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The social network plays a role in providing information.
FREDOHETIE
Social networks plays a role in providing information.
Bz ERE—HSED

Social networks play a role in providing information.
B1: BB R ET IE AN B 22 45

PRONBI SN E DL, TINLEIHIND
MR ZRT.

2 BERRR

SCERR Y FTIED 72713 CoNLL-2014 shared task [10]
MR INTUREHINT VD, EEDIERY FT
ETHWEEEZERL TS Y AT ARVThE =2
— JIVEEEIER O F DSV 5 T3, Chollampatt
5 [2] % Convolutional seq2seq [3] & 7 VA LR Y
FIEICEERTHE I & ZR U2,
5 [10] % Transformer [17] 2 ¥ DE TNV % FANT low-
resource MT THW STV D FIEA LAY GTIEIC
LAEMTHD L ERUI.

REFFED & S IZETIEZ#E Y ET T 70 —FIEWES DV
KOMDIFETHONT VD, Ge b [0] IEFFEET IV
WD IRIBHEA I T AETIEIC L > T—E B Etk#E L
BWEGEIE, TOHIER AL UTHEEZITO L
> fluency-boost learning 2L U 7~. £/, 7 AN
ERGEATITHREE LR BRI ETHTETD LD
fluency-boost inference =424 U 7. Lichtarge 5 [11]
ET A MRS, RELEHUVWVETIEY AT ADHIOR
ER, MEFTEINTWRNVEIORELY & —EME
HELURLSBDETIHEZBEYIRYT, LW FEeHY
7. THHRITHIZETIE, B 5 EETIEOKE TN
BALT D L 2 SBMPEAINTHS. UL, £
S UZBEEZEAL RV LA EDHEFITON
TIFARLN TR, DF Y, KEGTIEIC &S FEED
MR END DD E D EEITIIRIN TR E NS
Db dLeHEZLND.
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R]1: FTEDKEDORER

CoNLL(Fo5) | JFLEG (GLEU)
St £ 0.0 40.54
1 [HH 45.70 51.19
2 [a[H 46.11 51.79
3 HH 46.19 51.80
4 [ H 46.24 51.81
5 [H[H 46.24 51.81
3 REFTIE
Ge b [6] 12& B &, seq2seq BT MIISGERAY 2% <

FUXE—EIZREIZFTETS I EI@ETI RN, £
DOHEE UT, XHNXIROFEAIY SRR D50 3
XHIZEEND S, MO @EROTIES K IZ 25
EWVD ZEMNBEIFEND. —HT, SGEBAY FTIEIXEER
PIERE RV SR HNSENRAUTH D 20, X%
HUETIVTCMELITETD I LMNARETHD. €I T,
FIHE X% seq2seq ETWIZASIL, TITHELNZH
NEFHCANCT S, LW LHEEGE) KT WD AL
MAREZOND. Ge b [0] (ZFGMEA 27 M BE LA
{BZFTHERERBETLHEN M ETEZEERL
TWa 5, TOMREM IS <, FTEZEVIRTI L
DEBIZNERTIGEA T 2K TR UL THVYS
MRIZDOWVTOAIERINT AR, £ T, K%
TIXKEETIEIZ & > TEBICETIEOEN Y D & S IZED
SMIZDOWTHMIZREZ1TS.

4 RER

RIEI TR A28 Y, SAERY ST EOBMEN R ET IV %
MW, ETEMIE%’E%%UL WA U G602, Hhaes
EDESITEAT D0 EFHMICHET . RERTII,
Chollampatt & [2] BHWZZREICK>T, FHB LV
i % B Z 5o 7.

41 72ty

ZHIZIE A YN TS Lang-8 Learner Cor-
pora [12] & NUS Corpus of Learner English (NU-
CLE) [5] # /=, Lang-8 (2% U Tid Chollampatt

5 [2] LRIBRIC, HEEFEHICLD Ty A LHEFETED
NTHNBNTY A ZRET IR ZIT 572, X561
FUT—ANLMETEINTOARWFIEREL 7.
%7z, NUCLE DO# 10% \ZtH% 9 %19 5,400 X % [ 7
T=REUTHW., 8T — 2135 Y D 130 /X
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CoNLL(F0.5)
46.3

46.2
46.1
46.0
459
458
457

456
1 2 3 4 5

FTIEREI
B2: CoNLL ETORETIEDMERE

JFLEG(GLEU)
519

518
517
516
515
514
513
512

511
1 2 3 4 5

FTIEEI%
E3: JFLEG ETORETIEDMRE

W,
4.2 {EaEET(E

MEREFHMIF SRR Y GTIEONR Y F Y — 2 L U THWS
NTWBZRETI 272, TRDL, FTIEY AT LADMHE
CoNLL-2014 7 A b v b EIZHBWT MaxMatch (M?)
scorer [1] TRHEIN Fos HIZ &> THAML 2" &
7o, ’TIEY AT Lt DG & 34 % 7212, JHU
FLuency-Extended GUG corpus (JFLEG) [15] 7 A b
v M EIZEWT GLEU [13, 14] (2 & V) 3 U 7=.
43 ETIEE

FTIEE 7 VIZIE CNN seq2seq [3] & VY, FEHIX
Chollampatt & [2] #* Fairseq-py % #E5E L 726 D % H
Wiz, ZOFERIIBUE SRR Y FTIEOME T & < flibh
TW2HDD 1 DTHD [3, 7). HFEHDAAREIL 500
Rot, R¥ ¥ 7702 &—rw NMIOSE EAL 30,000
@D BPE 2=y bR\, F-HGEMOAAREDY)
#A{bi% Chollampatt & [2] % Wikipedia I —/3A ET
fastText [1] ZHANTEHLZHD %N,
AL TFa—KoEHIZENTN T 2L, BIEL 3,

T2 F—4 1,312 X 3 U DWW TIREFEHDS < FRAM 2 HFE A
Wind DRI 72

e
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HORGEHU 1,024 KITIZERE L. ROy F7 o bR
13 0.2 IZEE UHEDIAASE, BAAANE, &I E
U7z, NwFH 4 X332 2 L, Fodifkid Nesterov DIl
AR E IV, FR R 0.25, EMEEIX 0.99, 7)Y
TINWAF01 U EIRY ZRRTHEIIN) T—
aVETY, OABEBOENPREEDET IV E T ANIA
W, FO— RIFEINE 12 OV —ABREZHWE. Hh
D1IRANERATY TTIRAIE UTHW .

44 #HR

JAEFTIEIZ & % CoNLL-2014 7 A R F—& 2B 3
M2 227 ¥ JFLEG 7 A M F—&1Z817% GLEU A
A7 &R URT. F72, M2, 317, SKEFTEDFEM
%R T o 712k VRT.

STIEZMVET Z I & o THREND T (Fs T
0.5 R4V ) ELAZ., THiET A MRHZHGED A
AT7NERUARLSARB ETITIET S WD AikE AW
FATRIZE (0] LABREORHFIRTH D, AFEBRTIE 3 M
FEEDFTIECTHRENSINER U7z, 72, FTEHROH % X
A CHB L~ 25, CoNLL-2014 D5 A M TF—2&
1,309 3¢, 5 [EDFTIET I HHEH XV HEL ZDIE 16 X,
EALLZDIX 13 XTH o7/~ JFLEG Tl& 747 X 5
FEHODFTIET 1 [BH &Y E L 72 3X8UE 50 3¢, BAkL
72DIE 20 XTHo/z. ZDZ s, TEEZRELT
BIFLAEDHANIFEDLL R NEWVWR S, FIFE LTI,
FTIEETIVRIN 2R E —EIZFTIET & &\ S FEIXT
STWVEA, XY ITEDOH IR TITIEL ShTn
BOWERY, DEVETIEROUIZE> TWDHERY (Y AT
LTETIEDHE L WHA)) 12T %8 7 — 2R3 FMEL T
WEWh, TNHEREIIETDEDBFEHEZ L TVARN
ZeNEZLENE. ZORHIAELVET D L, BIED
HAOWTWSEE T =R IR UT, HEOM) BdHdT—
B % EMUIZENT CT—EMEIEL 27— & 2 BIOFE 57—
2EUTHEHT S HERENEZLND.

F72, BFERRETEABERFHIAD RN NS A HE
MEEZONDS. BRERICETIENBERFY 1IZd DA<
Y 3EENEZLND: (1) 1 DOHEITEROMY
PEEHKIZA>TWBEE (£ 20 obvioualy D & 5 12
B L XTEAD AR U > TWEEA), (2) BiHD
MO HEEERFTIELRVWEER DR 23 IETEIRWG
&, (3) BHDMY ZFTIELAVEATHDMY % IET
SRVEERDHD. 2055 2FBHICEAL T, kD
SRR Y FTIEY AT AEIN HFTIET %728, Y AT A

— 580 —

MIEU KETIETE TOAUIEL PO T U THETIET
SN H D, — 7, 1 /EHE 3FHICELTIE, —
JEIZATIET 2 Z 8 3L W Z D& S BT A N T —
AHUZIFHB LU TORWTEEEDE X 5 5.

4.5 EHISH

FIEZKET L Z & THIREEL 2413 D%k 21
AL i (a) 1TIE 2 FEATDOSGEFARY & 1 EATOR Y FRY
RdHY, FTEETNVE 1 EHODITIET 2 DOEAY
WEBUTIHIEUKFTIETE 2%, UYL TIEET
IETEY, IHICEYERY D8 % %) T “litterature”
DOHIZAREZR the ZFALZ, ULHU 2 BHEHODETIET
“litterature” MFRY Y ZEEL, 3 [FHDEFTIET “the”
ZHIRLU CTH A ZREGETE TV, 4 (b) TIE, YY)
LEERR YD) DEA U 7238 ) % BYREINIZET IE T ¥ 724 T,
1 EEHODOFTETHY Y 25[1ELAZZ & T 2 B H THIFE
D “obviously” 5B “ovbious” IZFTIETE 72, #i
(c) Ti&, 1HHDETIETHERED “thy” & “they” IZIEY
Fol=, 2 MBETHIEIZDH S “Thy” X “there self” %
“They” & “themselves” IZZNENFTIET D Z L ITHK
HLTn3.

—7, ATEZBVET I L THENELS Ao -H%
# TR, #il ()1 MEIREY)ZETETH LAY, 2 HE
DFTIET the > THAL X720 Fos A7 BMET
UZ. Bl (e) D 2MIEHDFTIED & 51T, X% X SITHIG
WCUEDET2HFEY EROHENHELVFTIEZ{T>T
Wb LD RpE RSN,

5 &HHIC

AT SGER ) FTIEICBWTFTIER MY IR Z &1
FORREHEL /2. XHRSAERY FTIETIERY 2% <
BLEIBNE—EIZRTELULKFTEY 2 DIXRELY;
BWHY, TOEDBXAHREY R UMBIZ L ) SEI R
T ZEMHIRFINAD, EEROFER, ZRIZRER
BEDTHY, %< OXTIF 2 B HABEDET EMTH A
WZ Do, SRIZAMETHSNAAR %2 FH
U Ciae

A A ZE D — ik JST CRESTGRE & 5: JP-
MJCR1513) DX #z% %13 TiTo 7=,
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al 1k «
144
0 People tends to choose other medias , and that is why litterature is in danger .
(a) 1 People tend to choose other media , and that is why the litterature is in danger .
2 People tend to choose other media , and that is why the literature is in danger .
3 People tend to choose other media , and that is why ¢ literature is in danger .
0 On one side , it is obvioualy that many advantages have been brought to our lives .
(b) 1 On one side , it is obviously that many advantages have been brought to our lives .
2 On one side , it is obvious that many advantages have been brought to our lives .
0 Thy are busy in there self | thy dont spend time to help the society that they live in .
(c) 1 Thy are busy in there self , they do n’t spend time to help the society that they live in .
2 They are busy themselves , they do n’t spend time to help the society that they live in .
®3: A7 HEL 241
Al IE w
[H1 55
0 And we keep track of all family members health conditions .
(d) 1 And we keep track of all family members ’ health conditions .
2 And we keep track of all the family members ’ health conditions .
0 With the willing of people to become the best among others , social network site now become
a place to show off .
(e) 1 With the willing of people to become the best among others , social network sites now
become a place to show off .
2 With the willingness of people to become the best among others , social networking sites
now become a place to show off .
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