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Grammatical Error Correction Model Based on Differential Fusion Syntactic Feature

LUO Song, WANG Chun-Mei, YUAN Fei-Niu, DAI Wei
(School of Information, Mechanical and Electrical Engineering, Shanghai Normal University, Shanghai 201418, China)

Abstract: Current English GEC methods tend to ignore the syntactic knowledge in texts, which playg aﬁ important role in
grammatical error correction, and thus the error correction ability of English QEC models is-affected. To address this
problem, the study proposes a GEC method which is based on the differential fusion syntactic features. First, the proposed
syntactic encoder can generate dependency graph and constituehc;y syntactic tree information from raw data in an
unsupervised way and conduct the feature fusion of these two heferogeneous syntactic structures to encode high-
dimensional syntactic representation. Second, to utilize both semantic and syntactic information in the text, the differential
fusion module first uses differential regularization to enhance the semantic encoder to capture the semantic features that
the syntactic encoder fails tojgenerate. Then the syntactic representation and semantic representation are further fused by
cross attention as the output features of the Transformer encoder, which are finally input to the decoder to generate
grammatically correct text. The comparison experiment on the CONLL-2014 task dataset shows that the precision and F) 5
value of this method are better than those of the GEC model based on the Copy-Augmented Transformer, and the F 5
value of this method is improved by 5.2 percentage points. The syntactic knowledge avoids the problem of lacking high-
quality annotated training corpora and has a better performance in text error correction.
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iB7E 248 (grammatical error correction, GEC) 1145
BEM A BREF OB EOR, BRI EdEEE
BHES ] Z BE R SCAT I a S HshnE S P95,
RS SAEZARRY R 1 PR, BT R RS
RN, 25 2 47 R o8 KGR0 tH, IIFEL 517 “about” J& T
GIRRLIE N ILAT

K1 ARRAMEE RGN\ R

LPANE ) Nl
LITPN I appreciate all about this.
i th I appreciate all this.

LY BE ) GEC 5 B AL A 1 22 ML 2% B0 PR AT 55 1O E
5111, s R e ) encoder-decoder HL2SEN AR iz H £

EEMEAT S . BRI Ab, BT PN 245 B ) 85 20

BRI 0 A 1) R AR AP R Lok AR KR
R & B R AL MR, (EER R R N ) T AL
A token J 31, # i A 446 140 7 195 X (semantic)
Al£)32: (syntactic) 15 5.

BNEAE BRI — AN 03 3, 85 ) B n] i
FNR T VS 2 A 25 R A5 R R )35 45 7 1) R
TE, 1T AT R 2 B (dependency graph) Fl 73 +)
V5B (constituent syntactic tree). B & 42 ifiid 1A 5 if 2
() A AR AT 5% 2R, T 8 DU SR R i S R 2 [A) 1)
JEIRTEFR. 2T SRE S AT R IR SS, WL assiiel.
B SUAREARER . R, R INA) T AE S
BRee m A e, ik, £ GEC AE55h, Ay B
RUA] LT 2 M B BCR)VE JE T AR R, IR R 5 B
PRiE A AL ZE S, SR A ) 2 M fE.

VAL AT H RTAEAEPIA L 8 g, 1RIE A4 55

FHOE DA SR AR K B IR b v B *ﬁi—ﬂ?”%ﬁﬁﬂiﬁﬂ@
LF R8O FAIR, JEE A 5 BARTE f) 2 (8 AT fig RAFAE—
AU FHE B, SB0RE S HAR6 T2 0
(1 SCAR G B RS AR /N, AR ME 22 o 485 1R 1 275 B AE A%
gER) EAPE ORI 2 . W 1 TR, ZE6IA)T appre-
ciate all this.”H, 4RI PR T AR ) “about™ 5 A\ #) ¥
fr, A] CLBH 3 R A)F (ungrammatical) fY) )1
SER R TR KA.

AN, EVEAEAESS T NG ARV E B
W%, DA 1AL fRAT H SR I A)VE(E BAR RS 1R,

BEX LA B8] f, A< SCAE Transformer 24 555 284 JLfil
b, R T ARG D 2 RN 22 A Ak A T AN B R, AR HY
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AR B A] DL A VERFAE N B Transformer 245554
AR G B 2 AN RE B TR 46 ) - H G R AR R
WAF I 22 B A o3 A VE AR B, T L B 2 — 25 Mok
B HATRAERE G, T2 RGGR J2 IR A3 ) 543 8. 2247 il
B HURE 4] 3% ) B S B Transformer 4 3K 118 7]
A BT 2 5 Rl ATRIRY AT DL SE A R R A9
FHIEMS B, &5 GEC BB RE. SU0 45 538 iH 4
W ) HER R P (precision). # [ R (recall) I

Fos HATRKHOSER. <\
i ROOT -
5 ] e
g sameay e, geemns 3
\ ED I appreciate all this
» o
E . .
é I appreciate all this
% UT \_//
S ROOT

=

BRI TC A% 147 B A B )ik 5 K A A S

1 AHR AR

WF 70 W VR A AT 55 A DL B R (e,
FIFI 7 51 1 ) 28 45 1) 8 B P TAB R A AT 55 . Horh,
Transformer 1EVEZH AR ONFELE B8, BT BERTY
BART! S5 T 445 1% 7 BUAL (i 5 PRAE (L 57, ok
P42 IS FAE V5 T A SRR 0 B 5, R 3 0
(5, B TR A R ERE. TE VA BT 55 H AT AR AR
Philefic SR D KR ROBAR . UL, &R R
DI R, iy T PN T TR D VTR
DUL T T P ) 7 kAT W S BB, AT & AT ) 1 X
T3 —J7 T2 B e BRI 7 2N, B B AR AT A X
N AR NS S bR RO 1 0 A 22 e, W)
(adversarial learning) th & i f FF] 21 404 38 g S o 12,
5 b RIS, #5500 B VA A B AT 55 B AR T 51 2 Y
% (sequence-to-edit, Seq2Edit), A~ FL% Tl 1E 4 i) A1)
TIF A, T T ) 5 1) b B A, TR N )1 1)
EPARR AT B, Bk A, S AR TR R S
5 ML R R R HE B AR B S T R A A
T F 1 RE.

FEAEE MW o, B E AR R TR ARG
BRI FNE AR Li S NV SR T B Ak
AT RS0 i N ) AT R AT, SR EUAAF 5% AR R R
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i H AR SN A

Iy EVE BAE B, AR R PR R LR A OG R
VA ol R I FRD 45 U, 2 ) s 5 B T A R A TR o
B Li EANRAM T 8 — i ek b, Bhich 58 mE
RLE I RE S MR R, B 75 IR LA 1 0 i gt A A
RUREBRAFAE TR IR H R 0 50 7 R] BE 2 AR B IR AR A7 5%
B B FVE RS B ) AL

S8 3C AR UE W, A7 % 2 B AR 23 ) 344
BATHAME, W& Reitm PSS mrkae!. A&
R W AF 2K Z B AN B I3 B0E AR 1) R BRCEL AN AR A7 F
EREE R, BN BRI AR b, R A A IR

AT

2 ARICHERY

KT R AR FR RN B R A R AR SO
— PET R 22 53 Rl B BOVE R AE I D8 E TR VR A R AR A,
SEILTEIE U B IETR A 4. 7E Transformer 45/ AN
T R)ERG A% (syn-fusion). FAJ¥EGwTDES (syn-encoder)
24 A BB (diff-fusion), MEZL40PE 2 Fros. Horp
N+ Niv Nov Ny %%‘J%@?ﬁ%ﬁﬁ%ﬁﬁﬁ%ﬂ@%iﬁ\ Gl
PR IR iﬁ)‘(%ﬁﬁ%%%*ﬂﬁﬁﬁ%ﬁ%ﬁ’ﬂ{l\?&.

_____________________________

Cross
attention

L
P

Syn-fusion

Differential
regularization

Diff-fusion

[ S

Distance
layer

Convolution
layersxN

Multi-head
Syn-attention

Syn-encoderxN,

Add&Norm

Feed
forward

Multi-head
attention

Sem-encoderxN,
DecoderxN;

multi-head
attention

Embedding
layer

2 WA

WA NI T4 VR (embedding layer), 15
B A1 1) &, VERE b 2% ’ﬂ?ié‘ﬁﬁ%%%ﬁ&/@%
A BRI N SR, WS T ) 4
Y B TR SURFAE, VR g ) 28K 1 v il A % 2B R 1K
- J o3 B3 a) B 5 ) ) B G O e 4 B RV Ry
fiE, SR 5 18 i B R B RS SRR A AR R AR AT
FRERLG, 55 aF 4 N B MRS 28, AT AR BRI i 5] 1
SEAN IR, E AR T 4 ANE SCm RS A8 2 AT T — A
Z24y IEN 2§ (differential regularization), F F /b )7k
ANTE SR B A5 S, Bl SO b 25 A8 i ) vk G A 2
A REH LR 115 SCRFAE.
2.1 Transformer %!

Transformer #7842 — AN AT FRELA) TR B UE B

%

) S 1) g 1) 7 B0 A SR 2R, E s D 4 R A B 4 9 A 350
ek, BEE 2 )i L gmhl 2% (sem-encoder) i AL
2% (decoder).

B Xt as B N, AN AR R ph AR A R, e — A
P A1 R %, 43l 2 i B )= (multi-head
attention) AIAT1/Z (feed forward). Hit, ZF B N E
2 MNER N EPHEA RN, BN ER I ETHER
FH 2 i 45 576 (scaled dot-product), 415X (1) F1K (2)
H7R.

Att(Q,K, V) = Soft (QKT)V )
, K, = doftmax

Vi,
MultiHead = [Att;Att; - -+ Atty] 2)

Hr, 0 KMV RRRERTIEE R (query)s
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FAEAERE (key) LARCSHEFERE (value), BAITA2 HH AR

AN 3 MAERLNEES 2], H USR8 &

R AL. BRI R IRFELEEE K/, MultiHead
NEANER S

BIE (FFN(x)) 72 B PN Ze 1 J2 B AT I HR 1T R,
Hit&E = 3) fior.

FFN(x) = ReLU(xW| +b))W, + by (3)

LA, Wi b WoRlbo Y NI 22 3 S0, ReLU N0

N

RO

fife i 2512 B Ns AN [R] S HRA) B, B I D) e 2
S5 G O B 2% A2 RS v 4 1) B TN E AR )T AR A8 TE
i Ay A 2 T — AN 2 SkiE E 712 (masked
multi-head attention), H [1)/2 PRUEREA A GEE 2 A Tl
HHEE.

N T 7 1k A0h A A P AR A Sl B, TR 4 i
ARG 23 945 2 R A — R MR —
k)2 (Add&Norm).; *

SR b, A AT S5 VR TE A AN E AR TR A I 48
g3 Fn] S AH R BRI ASC GIN T BRG], B IR
) - I I B I ], BT DUAR G i o R 6 SR ]
(out-of-vocabulary words) ][] 1.

22 AERAE SR

TEA ARl 23, Je )ik e st i ag ik
B s LA R B R R

PR B 2 F RS SR ) 43 1 s S /N B A3 R i
P2, o3 RS BT IC % 7)1 )= R g 4, Ji i i 4
YRR B A AT LA B RS B)VE R

Y 1R JEE A R A7 O AR T P AR AR Y i 2R

AR, WD NA)TF(w,wa,- ,wnfl)ﬁgﬁﬁﬁi"%f%
FEl, D e w079 15 495, 4K A4E 5% B D I 03  FEA =
(61,02, ,8,) T LA S AT B /552 1878 26 4L B 102 91,
(33K 5 (51,8, - 18, BRIV RE AN 35 RIFUT. TR
ST 1% 2 S T A0 R A IE R AT, TR
T A A B A7 0 R . B B 1,
W TEATZ A AR S A (480 ) S KA
FEF token — X RS2, A8 By F 8 B K TE AR A6 11 R 23 1)
R O A7 R
)RR AR R N () T B e
PR A TR A7 - TR AN 0343 B B 2, 43 N 2 B
A FrER AR N EEFRNZE S, sl 4) B,
S = tanh(conv(S 1-1,i-w "+ > S - 1i+w)) 4)
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Hrp, S AREBIZM AL E S, S o 2 F 17w, 1)
) 5, B FUAZ K /N 2w + 1, tanh A3 R
R, ¥ N BRI 5 m &S N 2 P
JZ (distance layer) #l5 )2 (height layer) 43 7115 31 5
8] wi M w1 BB 43 3 S B BE B, A s iam]w; 1Y = Sy,
= (5) F=L (6) Fios.
i = ReLU(W[[sn, snis11) W} (5)
i = ReLU(WS sy + bW + b5 (6)
Sot, WEL WEL WS WO b0 RIBSA Tl 45
ReLU NHGEEH. ~ +
JE, s )R BE ST = (r1, 7, T )N B LS
(09I (const layer), 3t 5 (7) T i PSR L)
DRIl ﬂ%%pﬁf}"s‘(jli)-
pi‘j’-mt(jli) = Sigmoid(tanh(t; — ;) + 1) @)
SRJG, G Shen 2 NP0 3R H AT, KAE %
A2 (dep layer) it 30 (8)-20 (10) 15 5L 3] x; /2 L 1]
XA R P i)
pelrll) = plrii <6) D p(e>6)p(r, =) (8)

I<k<r

pec(JllL.r]) = Softmax(61, -+ ,6r) ©

P = ) Pl rDpe(Lrll) — (10)

[Lr]
o, pe(l, Pl g S i /N 53 B P (L, r] A
5, pFor R RE B, A T Sigmoid B
eI, A1) 277 B3 e B /N BRA3 BELL, P52 A A
B0 L) v AR K.

)5, 5 Shen 2 NP R [H (¥, IF504 B4
pfjp(jli), T ARB I T 1Rl B TR AR A7 ¢ R B2
I3 A1 P i) RS E R SR 4 A poms AT T
fERl &, — 77 10 AT DA SRAKAT 5% 28 R0 B 23 R E A Y
Tl S R AR BAME R, 53— 7 T AT RAR A 1 R R
X HL— [ AR AL S . Rl )2 (fusion layer) 8 —
MIES K g TP IR A, s (11) M3 (12)
F7R.

_ (81) ,const ¢ 1+ (82) ,deP( 4 (&)
g = T(WED P (i + W pXP (i + ) (11)

PG = g x ISl + (=) TGl (12)

Horp, weo, WO BTN SHL, o oR Sigmoid
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i H AR SN A

b CRESEA S pf}}se(jli)%ﬂ?xﬁﬂx HRAE-F A AR AT
2.3 AIAYmIEER
AL AR FEIRE B N, M HHE R AR, & —E A
TWATE, R Z KA)EER J1E (multi-head
syn-attention) FlR{[ 1512,
T SN )RR A B 1) A 42 1, BT LUK Transfor-
mer 1% kiEE I EMNTEEEG = (X, E), Hh, T
EEXFoRA) T B, UEGER XTI A
[B) 6T I A RT RE R 320 (o, ). )0 G i 2 450 FH AR A7 - 1 73
HEEG = XA REG, Hha; = ple(jii F mx Al
xj VAR -3 AR 2R 40 AT IXFF, A2 421 Transformer
AT DL ) B A) 1 I AEAE B AR 2 Sk R)ikE
BHA RSN (13)-20 (15) Fiows.
Pi.j = Woaren Py () + Waepp (il ) (13)
Wparent +Waep = | )
T
nr@ED)
o, Woarent Flwaep BN T 22 2] 254, pi j(ili) Fmx; F
x; 2 )5 AL R R
SR, TEVE M EAE 55 T N T AT R AF(ETE
TEERR I, FESRID A8 VT AR AR B A IR I R)TEAS
B, X p AT T IENAE, 84T Dropout 772, 7E
R #Er, FEh&EFEHE L. @I M2 g FE LR
pi AT IR E A 0, B RE e 58] AR ¢ & )
K G B 25 G B BT B W SO — A B B R AR AE -
WAk R A,
24 ENRE

At(Q;, K, Vi, pij) = Softmax(

S R 25 4 TE U B2 B S S B o, B

FE IR/ B35 G i 2 AT SO i b K15 EOU A&, 1l
SR 018 SURHIE. THEA R (16) B
1
A ||| 37~ Frobenius Ju 4.
FJEANE SUE AT AN FIRL AR I RALE, A
{7 P IR AR I, T SR A P W R Ry E — Ry
AERb A, 79 30V [FVE R 1% HO P RE R o5
TR (17) FX (18) A,
Qc = H*"Wg
K. = HY"W] (17)
Ve = HY"W,

Rp (16)

0K,

k

HO" = Softmax( ) Ve + H*™ (18)

Hodr, Wi WERMW RT3 24, He™FIHY 53 53 72
T SR 5 AL G A 25 14 4 HHRFAIE.
2.5 KREH

FENZRd A, SR FH d /M S8 SR 2R B2 (cross-
entropy loss function) PFA AL, [FINF 51N L2 1E AL AN
Z24r RN Rp 10 R B R THE =X (19) BR:

lossy == ) yilog9i+LiRp+ /0> (19)
i

ool 2 2 AMEE TR B9 R L, AallolP A L2 IE A,
L HIENIEZH 0 b5 5

3 HIRESER S
3.1 BEERTEMIERR

Lang-8 1HRLK H —/MEL R LTS 2] W54 Lang-8,
Y GEC A FFEARNEE d Bk i — 41, Wb 2 gt
A A SN, 0 5 30 3 A5 5. NUCLE 255
— RS bR TE EL S S R, L Ml 3 O
ST R BRTE, BT GEC 2 48 1991 %5 15 1 il it
FOrR 364 27 FRRHRIN, ELBIR I 5 Rl B LS
WL TUAREER . RS 4 1 BT O R 2 4
P iz, \

FCE 8 b e 2 G B 2 I 20 R T4, 035 T
7RI R I, O Fh BRI,

30K GECAT S I'E J7 1) CONLL-2013 $i4fE 4
A UELE, CONLL-2014 RS2 A4 SC OB, 7
1 ATFEIR G THE B0 2 Bios.

K2 ERBEESIHER

el Hnse RS
Lang-8 1097274
NUCLE 57119
&
LS FCE 32073
IE4E CONLL-2013 test set 1381
M4 CONLL-2014 test set 1312

2 A% % K VGRS 2 30 (max match score, M*-
score) PRI Y (1) P e bR & A e GEC R4t
A IEA) 15 N TARE R AR A 7 AT SR 0 5%,
THEA — AN 0] R4 B 3 — 1) B 7 1 B3] 28]
i gmiE AL, CLHERIZE P BRI RFD Fo s (E N
T FEFE.
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32 RESHRE

A FELL A Copy-Augmented Transformer!':
27 E UM F S AL ) B R N B R IR
S22 A A e, P DA RO R R R 6 S ] ) R, R e AR
BB R,

ASCHIREIY ARS8 3% 3 fos, A S5 E
53£F Copy-Augmented Transformer!' 15724 £ #5 7
—H.

*3 BMBH

SR 20 BRI AS [F] R G A0 TEE 2 B 1Y
AEEVERERCM. 55 1 AL SR T R S kAT 2
;58 2 A S IR 1 B 2 AR 1) G A S N 0 S 23 ) 9%
W5 R 5 3 2H S0 A A Sk A Y 10 4 L i 5 R A
KABEE; 5 4 AR A I 2R 10 2 B S 78 0 1 A -
B IR S, B FE R AR AE 2% AR B IR 5 15
B SEIR S RINE 4 R

%4 {E CoNLL-2014 16 BN R FpvALE MR A Pk fiE
IR (%) &\

A P R Fos
St 652 332 547
jrﬁi%’ufjf{iiw . 68.0 36.0 56.5

\ kR RE 682 363 575
YRR R 69.6 38.0 59.9

S 1B ZH 1B
Embed_dim 512 BRE (V) 3
FF-dim 4096 EEZ A VNN 9
Heads 8 Dropout 0.2
Lr 0.001 Beam size 12
4 0.2 A 0.000 4
X RIG AR ZE (V) 6 ARG B E R (V) 6
filetis 35 25 (V5) 6 g -
[
A v
NS ' -
4 SZhG

N T IE A fil A A VERRAE 1A 2 B R R DA K
HuAR AR R 2 B PR R, HEAT TV Rk SR IR FTNS EE S
4.1 HRASELG

ASLHEET CoNNL-2014 HHRE4E AT 4 45256, U
BRHIF P B A R H A R

SEE 1 R ARG SRR R HO AR SR Y
RERIREIA, 45 R an & 3 s,

60.5

Fos (%)
4
(=)
W
-

L2 3 4 s 6 71 s
LA G A BRI ZEL
K3 Ak as G R 2 B
WEE 3 AT th, ik & SR BUZECN 3 B,
BB BRSO PE B — T 2 0 TR A0k 13
FAERIRE: BT, REHGL S, B SRR
WS, U 22 TR 01 2 A R
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N 4 AT LB, M TR, 2. 4
3 O — AR T W RIRTE, 15 Fy s 65 15
SR T 1.8% 1 2.8%, I6AIE 1 18 vk 2 A AR bR
RIS B RS R B R A B P RS T A7
R BT R AE R O3 BRI, 5 3 4090
G5 LA — 2.

I B 24 SR, AR K- R (S
RS —5 HUIR B T B IR AL MR, Fo s (IR T
5.2%, F W] T W H A ) 45 K I 60 3 A AR T AN S
5L, AP MR A AT A AR AT T 4 R 1 8 43
R, IR T R e,

25y 3¢ YR BB 85 Rp o MY F 4] 4 i
B, SEIR LSRN SR

%5 {E CONLL-2014 MiRAE R p X BT (11540 (%)

FE A P R Fos
KEHRD 68.7 36.4 58.2
£ HRp 69.6 38.0 59.7

HIE 5 MSCIR & R m] LS, Rp AT PR A)75 5
WS TUAR IS D, 2T i B (1 4 S5 P RE.

S 4 BIETE SCRIAIEAS [ i & 05 2O B R 1 g
IS, SCAR SRR W 6 Frm.

# 6 {E CoNLL-2014 R4 i SUAA)EAS F @A 1

45 R (%)
it P R Fos
PR il 65.2 332 54.7
+ZR AR I 68.4 35.8 57.7
+Hh R E 69.6 38.0 59.7
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i H AR SN A

H# 6 W] LA, 78RR 2R A v B2 V8 0 ) 925
T 284 Hh PR AR R, (RN ER & T 3.0%, R A)Vk
FRIEA R T B S8 PEBR. O 14 A9 4 i 2 A1 3%
FHE AR R o b & AE — k2, SR T W IR AR
B, 143 Transformer B84 R[] DL SE 4 b fil & F)VERFALE,
FE2 7 THVEREAL T~ B R P 5 2 AR N 77 =X, Fo s 1
NARTET 2.0%.
4.2 XfbbscEg

N T RUEA SCHE MR A S, 5 8 Rl E AT
BT E LA B AE CONLL-2014 R4 b sk
B0 2 Rk AT R L. SEEe G v EUR SR 7 k.

7 AFERALE CoNLL-2014 iR (145 5

Data size P (%) R (%) Fys
™) N 1)

ZH 5 Models

CNN+EO (4 ens. with LM)™ 22 655 331 548
NMT SMT hybrid (4 ens)™ 200 1667 345 562
Cross-sentence GEC model !'“! L 13 . 643 359 555

wlo Copy-augmented model ul 30 652 332 547
syntax . (12

Transformer+CNN 1.1 64.6 22.6 47.1

BERT-fuse GED ! — 63.6 33.0 53.6

Transformer+BIFI ! 10 644 356 555

w/ SynGEC " 30 66.7 383 58.1

syntax AR (PR 1.2 69.6 380 59.9

ASCHG T JUAE A FH T B 2R g i v M s A Y
GNP, B 1 AR AR HTR LY (w/o syntax),
B2 HRAMA T ANEMIR A (w/ syntax), Hred
ens.”FoN 4 MERE R4 R, “ LM ERFIH TIES
B, Data size Lo BALAE FH I 2R 5 K/, 1.2M %
RS R R A A 1) D 240 4.

HIZ% 7 AT LA Y, 7 A A5 Dy Kt 46 L R £

FORTE SRS DL, B T R T8RN, A SCHRH HIAR
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