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Grammatical Error Correction Using Generative Adversarial Network
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ZY 2F w2 FYHECZ 28I} A= S €49 20t LEE wHols AAHOIC 28 27 I
2 Fdld=s 28 2FE HHols AW H20 HHAH2 S MHGt= 2001 SKGHCH 0 H3=
HNHE MY AZU(GAN)S 0186t FE &L P20 HX Z2 ¢33 NHAH2 2ES MH0s
AE SHeZ &0 AE Z1 GANS 0|88 28 2F WEHEZ MaxMatch Fos score JIE22 0.49422
=450 Baseline? 0.44622Ct =2 Hss ISR
FHO: 28 2F wd, A dd AFE, CoNLL shared task
1. 48 2. #48 d+
¥ o5 2Y(Grammatical error correction; GEC)o|gh <& S GEC AIAEO CHEt &= NITS OIE¢t =
WHog B R4S glgow wola R ¥y Bw o FIOb H0 ACH diFEe] M= dag-viay ¢25
FES WA ¥4S Fshs Aotk 2 GEC mhe] A4 HaL . IS (Encoder)= ¥ S £4F o
TR 1. ol EFE W OFE AASr sl 2. 9 & AAe dulEE dE @S shar, tsid (Decoder )=
o] olu)= Gx|sof sy, 3. Algro] HeRS W AoAxele A AHIDH J1IEH O FHAIAE o] &3] L st
B2 Aol gt e 7 wols AR
GECS Y& #Aol= olo] ¥l(Language model), Z [1]2 multilayer convolution neural network(CNN)<2t
#4 83 (Confusion matrix) < o]&st= EAZ w =SA YHE(Copying mechanism)S OIEULH. 2 E
Ho| AlgEd o}y, A= GEC A2 ‘EHdow & WWAEM(Transformer) O BERT[3]2H FAEH AHES
Y o’ oA ‘EWHor LulE oo 2 Hodse Sh A BYEES XNEES UEHIY =4 A
Ao ®Ba ¢e] ¢ojE He| dojm sl /A W AR
71 o GEC ASS Hol: muEo A wo W AISROLE, O A0S ¥E DHAS ZRZ2 ot= Bt
S Abg3sta 9. H 2Y 2RE s OOIHZ Z=&otA L% a2z
E3] AFAAYL o]€3 714 WY (Neural machine 4t &101 AEHE 2tol MEHO| HIotH 28 2F AEEC
translation; NMT) 7]<ol ¢l8] GECE TS 2 AHes &S d3X0IA UL
A HATHL, 2], NIT WS o] &3 GECE BA4 W GANS AAl dlolE xoF AR HolHE AAdst= W
WE o] 8d GECE 9d Bedd oF §3 #ojFoly Helth.  GANE A7) (Generator: @)k Y]
oF G380 Ao WHE HAW wAy] So] »e (Discriminator; N F UESLARZ o|Fojr}[5]. A
a4 ol AAA M e S HoFa ). A71e fd=EE T3] wol= zEEE A deolHe} &
o] AFoME  AHud  AA AA " (Generative AHE HIOIH G(2)E AT, WEV|= AA dHolH x
Q@ 2
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L= Ellog(D(x)) + E,[log (1 - D(G(2)))]
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HE7[ D
n™8E 2%
J
P22 2 —()
GAN M=
2012 23
J
J% 1.GANZ 0|8¢%t 2 2F nud =23 23
SLZ] o 73—1.3_ 74 <F . _‘Ci_ %0_9_; ?_]U/\ —
o= = At . 6] GAN- 100}24 =4t Logc = —Exex, [log(Ps (x))]
& ol A (Emoji) 2Ho=z HFESoh, [7]2 cycle-
consistency loss& ©|&3] T+ FTFe IS s Lean = _(]Exexc[log(D(x))] +
o=z HAEE F ot 99 25HY A AFELS T 2~ _
gole] meHe e ~thelel dolgst gls B4, = Exex, [log (1~ D(G()))D)
unpaired datasetel] W3l X &o] 7}=3F Edo|t}, xc9]r Xy o zbzb SvtE E3Y 29 248 9nt. «
= 7 =4 g5 AtolY vl&E usitt. 9] &4 g4
3. GANS o] &3 2 o3 wA 2 HaxFo=EA nte 24 8T fle 24
AAAde 4 9l
NMT= GECEh= #AlE ‘E¥A o= 59 Ao & & _
Ao gule oo’ = wela: ¥az 2o, g 4. 4¥ R A3
U g2 #HAA o] FAE ‘THAHASR EY TH9
2B & EyAew guE B ~pd’ 2 ou 41 dE 23
e Aom HeS W, o FAE ~HY AF A=
T B 7 Ut GANZ oA o] 2Etd AF ool A MAII2 ARsls GEC UWER3a ZFxse (119
o ANE 95 F AdvkE Aol &eA k. wEbd multilayer (N RXEZ AFRIUCH. Multilayer® CNNO
GAN®] 8] & Ap<do]l A okl GECAl: &-83 = ¢l IE(A8 19 23HDL UIZHe 2 7 522 o
t}. UL, 2 59| 2Y =2 500 X, EH=2 512 AIHHO
o] AT AE GANES o]&d EHAHozr E8 AL 2 UL ¢BHO 2 =2 fully connected layer,
nAGsle] FHHoR gulE EAI FEI 4 gl= & CNN layer, gated linear unit, residual connectionS
S e AE HEE (Y 1), o W GANe] 2 OIRUHMUCH. CIZHS 2 52 gated linear unit,
A7 A S MG 98-S, B8] 5 % NN layer, attention layer, residual connection® 2
S FEY § U == deS gl V= d8 0IR0AM UL 25 CUAZ HHE AISE HR AR
AFEE = NNT 719k GEC Al2=8¥18 di2 ARES 4= ¢l HOlLL QESE /&= £ I Hao of 2XME o
(g 1.4). 7= wFZE 3 = 26E 23 2ot ol subword H®HRIZ 23 L =S SH
S YgHoez o} o] FFo] SutE +HY E(GAN A oeEdleE A 19| o13H2)  fully
S EEstH(ad 1.B). o] w) AFEstE £4 34 L connected layer@2 0120 M QUCH BHHEI|9 CIAHE=E
2 GEC loss9t GAN lossE A ApE3HU}: MAIO QALY 22 RXER 0IR0 KM UXICH weight

£ Z2RolNl= L=0h. Fully connected layer= EHE D]
O 512X &EHS 20l 1X22 GAN E4E == stll.

L = Lggc + algan
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2 29 2F nd 41 &4
# 1. GANZ 0|&% GEC d& i y
= ° . ° 024 This knowledge maybe relavant to them ,
Precision | Recall Fos and vice versa .
Baseli 1 0.5988 0.2211 0.4462 i
aseline [1] et This knowledge may be relevant to them
Grundkiewicz [11] 0.6677 0.3449 0.5625 Basel This knowledge may relavant to them,
aseline .
GEC loss@ GAN loss2 HIEE2 UEIUWE as= 12 AIS and vice versa .
4CH. Dropout2 0.2, momentume 0.992 AISUCH. This knowledge may be relavant to them ,
&3 dolgfEE NUS Corpus of Learner English GAN and vice versa .
(NUCLE)[8]'¢} NAIST Lang-8 Learner Corporal9]%&
AREElth. BlAE  dolE 2% CoNLL-2014 Shared
Taske] EHZ=E dleJElE AHERAT10]°. A5 AxRE :
GEC Aol AF&¥= MaxMatch (M2) Fos scoreZ o1 People and friends often mock of
AREETH11]. M2 score® LF wAHo ©YES + your conditions .
x5 Ay Aokl gl siA o
(phrase)*= ﬂ oki .GEC e S R s People and friends often mock
U WG FHA=A Frs P mock
their conditions .
4.2. B% 37} Basel People and friends often mock of
aseline - -
E 1S GANS AFg3F 233 GANS AMg38hA] 2 your condition .
baseline Ad°] A% Hln Ayojr}. A8 A} GANS GAN People and friends often mock
O]%ﬁj_- GEC Ho]—tg O] 04948 M2 FOJ SCOI"eE D]—/H OH}‘ﬂ }four Conditions .
0.4462%5 X<l baseline WHETH 0.05 71 =& A5
S AT EF o] =RAE F¥Fo] 512xgdoew, 5. A8
1] A 102429 S A3 A ¥ A] parameter?]
g7} Aut ARy = JolA ®HIE Fys score?l o] A5 E3 2 HEYA +X2E ZYHgE GANS
0.4638K.T} A =S M2 Fos scoreS @A alth @« °1&3 Fd WS S8 GECO AHes =Y Aolge=
2wl o® @A RHokda Hu AEse mo e HIAW. FF A= conditional GAN, data
Grundkiewicz[11]9] A]2®lHti= wre gi=o molo augmentation T2 A WHES A& d4E A=
U}, o] Al=Ele A kst gAY A A we cleltt
2ES A ARgsta, o] o] Aol R dl(language
model) ¥} =27 3% A7) (spell-check component) 6. Acknowledgement

5 71 wES 4859

43. 29 oF WA A3 24
X 2v¢ oF7F X5hd e gidt GANS. 2 FHFHA|
o Aswlu GANOE FUg EZS uwa Aol
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g 3HA|
sk @ F(your
%ﬂ Ak ey

7 9-(and vice versa = or not)=

COl’ldlthl’lS > your condition)?]
QFE WAHIA HE3
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