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(correct) | am looking forward to receiving your answer!
(realistic) | am looking forward for receiving your answer'!
(unrealistic) | am looking forward mountain receiving your answer!
« FEEDBRUIERZZEELT=FE [Choe+ 2019, Takahashi+ 2020]
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M2 fil
BBYEEEER lée )
ead original sent‘.
5 R O HEAR e
and/but/or/so Eﬁ%giﬁ;ﬂ
No - Yes
:ﬁ"fJLn_jo)TE sk %ff)un_j (&
RUNHLEM? AN
w No Yes
Error prob:Q Skip Error prob: P Skip
b= “‘IEE A Feiran 2 HIFR iR B i
(REIRY) (I RERY) (E#ERY)




AT —2 TORYIER T

» RE|- AR -EBRYDEE

# of err %
FE| 5659 0.37 — 0.37 * f&fRarlZz 2L XD %0:470,068 = 173,925.16 RE|/ ?*g“ﬁm:
T 6651 0'45} 0.63 * EEMEAZT S FLL\X D% 723,983 = 456,109.29
B 2744 0.18 R Effr
= 0.7:0.3
° '—‘l’-’?ﬂ il *@H/\ L
# of err % repl Prepl|orig
and 3725 0.65 orig and but  or SO | (Pandjorig: Pbutjorig: Por|orig: Psolorig)
but 1448 0.25 and - 416 874 85 |(0.00,0.30, 0.60, 0.10)
or 131 0.03 but 274 - 3 14 |(0.94, 0.00, 0.01, 0.05)
SO 278 0.07 or 647 4 - 0 |(0.99, 0.01, 0.00, 0.00)
SO 51 24 0 - 1(0.99, 0.01, 0.00, 0.00)
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M2 file
B JIv EEIL >
*ﬁﬂunlﬂ );EIE*%EEZ lRead original sent.
=== & edits
andbuoris RXIE
MHEHM?
No R Yes
E%ﬁ%@)@ ~E Z D FEiktaal &
BmRUNHLII? oo g S e SR
‘NO/\YGS‘[ %Eﬁn@ NO Yes
Error prob:Q< 0.38P ] Skip Error prob: P Skip
1 ErGk Lo oal,
BT HE A HREHR peeule  EREsESR

(and, but, or, so)

(REIFRY) Y: (0.65, 0.25, 0.03, 0.07)

| (RREY)

(E@Eﬁ L)) ﬁ prepl|orig ]
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« XLNet (= [Omelianchuk+ 2020] Cbest single model)

— R T—
* Stagel: SRUT—RLDHBHIFES
» Stage2: FEBT —AMNOBL, RYEESL XD H Tfine-tune
+ Stage3: FEEH T 32K Tline-tune
*AREFE Tld, Stage2/3ILRUT—2EE/RKLT-

*1 https://github.com/grammarly/gector
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nJ Hﬁ g . Dataset Sentences Sampled Training Stage
— [Omelianchuk+ 2020]& ] PIE 9,000,000 Stagel
—98% = Fll&&E | 29% = B Lang-8 1,037,561 947,344 Stage?
NUCLE 57,151 56,958 Stage?2
— . WE&I+L train 34,304 Stage2, 3
o FHET—% CLC-FCE 34,490 Stage?
— W&I+L dev, CoNLL-2013,
CoNLL-2014, FCE test Dataset Sentences
— ERRANT [Bryant+ 2017) [CKYF ~ WalrLdev 4,384
CoNLL-2013 1,381
HENDd Fo A7 GTEERK- 7
CoNLL-2014 1,312
*%%JL |:|_.| |:|T l_) —Cn:l:mﬁ ECE test 2 695
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» Stage2 F1-IX Stage3 TEELRYE AR
— Stage2: P = (0.1, 0.3, 0.5)
_ Stage3: P = (0.05, 0.1, 0.3, 0.5)

Model
Stage Baseline S2 10 S2 30 S2 50 S3 05 S3 10 S3 30 S3 50
Stagel_ . PIE corpus (900M sentences) w/ synthetic errors
(pre-training)
Stage? 10% 30% 50%
(fine-tune)
Stage3

) 5% 10% 30% 50%
(fine-tune)
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50 - 50-
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‘HE Nl T'EE N U&L‘

S SSS SSRGS S0 S S0SN S0 sTFaten ) A(CpE(STIAY

- ConLL2014 . e S REREEYICRETIDE

h&H5b

+ Stage2 TIFLLEHIKELPAY

LULVHY, Stage3TIX/NELWP

: g | | DIF>H L

I:I_

50 - 50~

0- 0
S2_10 52_30 S52_50 33_05 33_10 53_30 S53_50 S2_10 52_30 S52_50 33_05 33_10 53_30 S53_50
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» Stage2 TEAT BIZONMERML e 5EE
— S2 XXM &wmbFWRAT7EFERML TS (WEI+L devEFR<)

W&I+L dev CoNLL2013 CoONLL2014 FCE test
EEXI7DETI  S3.05 S2 50 S2 50 S2 30

— S2_ XXDIEFSHRATD L FIEAKEL
« BEFTEDF, R37 O L RIE (RAME) O LB

S2 XX S3 XX
W&I+L dev 2.47 3.70
CoNLL2013 7.58 6.34
CoNLL2014 18.98 8.93

FCE test 21.28 16.23
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o (S2_XX) Stage21§0)1%ﬁ’vu.ﬂ z]
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— Precision=1€F / Recall= £ &
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W&I+L dev (Stage2)

Model Precision Recall Fos
Baseline 28.95 25.00 28.06
S2_10 11.49 38.64 13.36
S2_30 7.55 47.73 9.08
S2_50 6.48 52.27 7.86
W&I+L dev

Model Precision Recall Fos
Baseline 35.29 13.64 26.79
S3_05 33.33 22.73 30.49
S3_10 24.56 31.82 25.74
S3_30 14.71 45.45 17.01
S3_50 8.05 43.18 9.62
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N $ER . F,. A7 (Stage3#) *

Qg}[, %0\

NAISTY =

W&I+L dev CoNLL2013 CoNLL2014 FCE test

Model Overall CONJ Overall CONJ Overall CONJ Overall CONJ
Baseline 50.73 26.79 43.17 20.83 56.59 35.71 53.35 0.00

S2 10 51.02 25.57 43.18 20.83 57.02 38.46 53.15 11.63
S2 30 51.65 29.26 43.59 19.23 56.16 40.00 52.96 21.28
S2 50 50.76 19.23 43.70 28.41 56.03 54.69 53.35 17.44
S3 05 50.86 30.49 43.27 27.17 56.55 31.25 52.92 15.31
S3 10 50.89 25.74 43.09 20.16 56.47 44.64 52.81 16.23
S3 30 50.19 17.01 43.19 12.93 55.94 23.39 52.83 14.00

S350 49.47 9.62 42.24 7.89 55.53 16.98 51.82 10.56




My FER:F AT DR (Stage3ik) P

Qg}[, %0\

NAISTY =

W&I+L dev CoNLL2013 CoNLL2014 FCE test

Model Overall CONJ Overall CONJ Overall CONJ Overall CONJ
Baseline - - - - - - - -

S2 10 0.29 -1.22 0.01 0.00 0.43 2.75 -0.2 11.63
S2 30 0.92 2.47 0.42 -1.60 -0.43 4.29 -0.39 21.28
S2 50 0.03 -7.56 0.53 7.58 -0.56 18.98 0.00 17.44
S3 05 0.13 3.70 0.10 6.34 -0.04 -4.46 -0.43 15.31
S3 10 0.16 -1.05 -0.08 -0.67 -0.12 8.93 -0.54 16.23
S3 30 -0.54 -9.78 0.02 -7.90 -0.65 -12.32 -0.52 14.00

S350 -1.26 -17.17 -0.93 -12.94 -1.06 -18.73 -1.53 10.56
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W&I+L dev CoNLL2013 CoNLL2014 FCE test
Model Overall CONJ Overall CONJ Overall CONJ Overall CONJ
Baseline 46.84 28.06 43.19 19.74 55.87 28.57 52.2 21.93
S2 10 45.90 13.36 42.32 10.42 55.57 21.21 52.11 14.15
S2 30 45.50 9.08 42.45 11.36 53.74 17.72 51.61 13.83
S2 50 43.35 7.86 40.91 9.09 53.68 14.51 51.20 0.84




S bE#t A 5T 1IE ) Precision/Recall

% aist
W&I+L dev CoNLL2013 CoNLL2014 FCE test

Model P R P R P R P R

S2 base 28.95 25.00 20.00 18.75 40.00 13.33 23.81 16.67
S2 10 11.49 38.64 8.93 31.25 18.92 41.18 12.50 30.00
S2 30 7.55 47.73 9.47 56.25 14.89 73.68 11.76 46.67
S2 50 6.48 52.27 7.55 50.00 12.15 65.00 8.28 40.00
S3 base 35.29 13.64 25.00 12.50 66.67 12.50 0.00 0.00
S3 05 33.33 22.73 26.32 31.25 37.50 18.75 17.65 10.00
S3 10 24.56 31.82 18.52 31.25 50.00 31.25 16.13 16.67
S3 30 14.71 45.45 11.11 37.50 21.05 42.11 12.73 23.33
S3 50 8.05 43.18 6.59 37.50 14.47 55.00 9.09 30.00

S2_XX: Stage2M &
S3_XX: Stage3#& D&
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 Error categories whose F; -

SCOre IS IOW [Grundkiewicz+ 2019] [Omelianchuk+ 2020]
— Errors that have variability for — RSiSEEiEelEh S N

correction CONJ 26.81 OTHER 21.12
_ _ OTHER 29.62 CONJ 22.03
« Adverb (ADV), adjective (ADJ), o op | Ao -
noun (NOUN), verb (VERB) word | 5y ElelCENTs 607
order (WO) CONTR 3701  NOUN 28.03
VERB 39.39 ADJ 32.64
— Errors related to meaning PRON 41.06 VERB 33.06
 Adverb (ADV), adjective (ADJ), WO 2008 | O 35.37
conjunction (CONJ), noun PUNET SOA0 | AT 39.43

(NOUN), verb (VERB) VERB:TENSE 4652 PRON 45.09
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7/ Output examples of the models (1/3)

% aist
Dataset Model Sentence
W&I+L dev original It was a dark night it was raining until a big ...
gold It was a dark night and it was raining when a big ...
baseline It was a dark night. It was raining when a big ...
Stage3 05 It was a dark night and it was raining until a big ...
CoNLL-2014 original They may set a bias on this person even abandon his or her.

gold They may discriminate against this person or even abandon him or her .
baseline They may set a bias on this person, even abandon him or her.
Stage? 30 They may set a bias on this person or even abandon him or her.

Stage3 05 They may set a bias on this person and even abandon him or her
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7/ Output examples of the models (2/3)

% aist

Dataset Model Sentence

FCE test original If you have more questions about the conference and something else, ...
gold If you have more questions about the conference or anything else, ...
baseline If you have more questions about the conference and anything else , ...

Stage? 10 If you have more questions about the conference or anything else, ...

W&I+L dev original ... source of energy does n’t always maintain at the constant level , but someday it will be run out.
gold ... source of energy does n’t always remain at a constant level , and someday it will run out .
baseline ... source of energy does n't always stay at a constant level , but someday it will run out.
Stage? 30 ... source of energy does n’'t always stay at a constant level , but someday it will run out .

FCE test original | hope you will be happy with our conference and party and etc .
gold | hope you will be happy with our conference and party etc .
baseline | hope you will be happy with our conference , party, etc.

Stage? 30 | hope you will be happy with our conference and party, etc.
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Dataset Model Sentence
W&I+L dev original Although , one day later the headmaster found out the truth through CCTV , but we refused ...
gold Although , one day later the headmaster found out the truth through CCTV , we refused ...
baseline Although , one day later , the headmaster found out the truth through CCTV , we refused ...
Stage?2 30 Although , one day later, the headmaster found out the truth through CCTV , but we refused ...
W&I+L dev original Chinese American Literature is philisophical / literal because ...
gold Chinese American Literature is philisophical / literal because ...
baseline Chinese American Literature is philisophical / literal because ...

Stage? 50

Chinese and American Literature is philisophical / literal because ...




