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Dataset Sentences Sampled Training Stage
PIE 9,000,000 Stagel
Lang-8 1,037,561 947,344 Stage2
NUCLE 57,151 56,958 Stage2
W&I+L train 34,304 Stage2, 3
CLC-FCE 34,490 Stage2

K2 ETNVOMEA T T — X DEEBER D A kiR

synthetic errors synthetic errors

Model at Stage2 at Stage3
Baseline - -
Stage2_10 10%

Stage2_30 30%

Stage2_50 50% -
Stage3_05 - 5%
Stage3_10 - 10%
Stage3_30 - 30%
Stage3_50 - 50%

JE &, Stage3 DATELUT —XEZHWBHRED 2
FEFEH % 1T o /2. Stage2 T D EELIGR D A Bl hfE K1,
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AR D A HE®R (W&I+L £ CoNLL-2013 : P = 0.05,
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LTW2DIZH L, Stage2 TRELIEED 2B AT 2545
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VY. Stage2 30 1%, W&I+L dev D Hiaaa] B W
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#3 &D, Stage2 THUUT—2%2EAT 5L,
Stage2 #& T HRE R DOEEHEFAGTIED Fos A2 7 1ER— R
FAVEDERTT2Zehbrsd. Zorar7Zl
I, Precision DMK N3 % —77 T, Recall L7 T2 Z
LIkoTHlERIINTVS. BUGRDEAKD
Bt ] IE D Precision ¥ Recall DfEH%Z 3R 5 1T/~ 7.
BT — R 2B ERVEEE T — X T fine-tune L7z
¥ =% (S2_base), Precision 7% Recall X h &< % -
TWVWHDIIN LT, UT—X%EZEANT 5 L Recall
DI S A3 Precision K D E < 72> TW5. Stage3 IZEE
LEED ZEBALHE TS, BEGERD OARER,
& < 72212241 T Precision 2ME T § % — 5T Recall
B LEFRFTZMEANASNS. fine-tune IZHWS T —
ZANDEEBEE D E A Recall [F] LR H D, 2
[ fine-tune D 5 5 1 [B] H DEEFET Recall % 58T
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£R3 Fys Aa7IC K2 EMBEDLERE. Overall 33T IE2(A, CONJ I HERFRTIERRT
W&I+L dev CoNLL-2013 CoNLL-2014 FCE test

Model Overall CONJ Overall CONJ Overall CONJ Overall CONJ

After Stage2
Baseline 46.84 2806 43.19 1974 5587 2857 5220 2193
Stage2_10 4590 1336 4232 1042 5557 2121 5211 14.15
Stage2_30  45.50 9.08 42.45 11.36 53.74 17.72 51.61 13.83
Stage2 50 43.35 7.86 40.91 9.09 53.68 14.51 51.20 9.84

After Stage3
Baseline 50.73 2679 43.17 2083 56.59 3571 53.35 0.00
Stage2_10 51.02  25.57 43.18 20.83 57.02 38.46 53.15 11.63
Stage2 30 51.65 2926 4359 1923 56.16 40.00 5296 21.28
Stage2 50 50.76 1923 4370 2841 56.03 54.69 5335 1744
Stage3_05 50.86 3049 4327 27.17 5655 3125 5292 1531
Stage3_10 50.89 25774 43.09 20.16 5647 4464 5281 16.23
Stage3_30 50.19 17.01 43.19 1293 5594 2339 52.83 14.00
Stage3_50 49.47 9.62 42.24 7.89 55.53 1698 51.82 10.56

R4 FLEROBAXAIVIITLD
Aa7 FRIE &AE) okt

Stage2 TEA  Stage3 TEA

W&I+L dev 2.47 3.70
CoNLL-2013 7.58 6.34
CoNLL-2014 18.98 8.93
FCE test 21.28 16.23

&5 BEHiFARTIED Precision & Recall DfE. Stage2 XX 1%
Stage2 #& T #%, Stage3_XX 1 Stage3 i THDMETH 3.

W&I+L dev CoNLL-2013 CoNLL-2014 FCE test
Pre. Rec. Pre. Rec. Pre. Rec. Pre. Rec.

S2_base
Stage2_10 11.5
Stage2_30 7.6
Stage2_50 6.5

29.0 250 20.0 188 40.0 133 23.8 16.7
386 89 313 189 412 125 300
477 95 563 149 737 11.8 46.7
523 7.6 500 122 650 83 40.0

S3_base 35.3
Stage3_05 33.3
Stage3_10 24.6
Stage3_30 14.7
Stage3_50 8.1

136 250 125 66.7 125 0.0 0.0
227 263 313 375 188 17.7 10.0
31.8 185 313 50.0 313 16.1 16.7
455 11.1 375 21.1 421 127 233
432 6.6 375 145 550 9.1 30.0
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I2BIT B Stage2_30 D X 512, HEhtaaa] IEDHERED
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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 .
Stage2_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 .
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 , ...
Stage2_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 .
Stage2_30 ... source of energy does n’t always stay at a constant level , but someday it will run out .
FCE test original I hope you will be happy with our conference and party and etc .
gold I hope you will be happy with our conference and party etc .
baseline I hope you will be happy with our conference , party , etc .
Stage2_30 Ihope 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 ...
Stage2_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 ...
Stage2_50 Chinese and American Literature is philisophical / literal because ...
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