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 Soft-Masked BERT
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Detection Correction
Acc. | Prec. | Rec. | F1. | Acc. | Prec. | Rec. | F1.

NTOU (2015) 422 | 422 | 418 | 420 | 39.0 | 38.1 | 35.2 | 36.6
NCTU-NTUT (2015) | 60.1 | 71.7 | 33.6 | 45.7 | 564 | 66.3 | 26.1 | 37.5
HanSpeller++ (2015) | 70.1 | 80.3 | 53.3 | 64.0 | 69.2 | 79.7 | 51.5 | 62.5

Test Set Method

Hybird (2018b) - 56.6 | 69.4 | 623 - - - 57.1

SIGHAN FASPell (2019) 742 | 67.6 | 60.0 | 63.5 | 73.7 | 66.6 | 59.1 | 62.6
Confusionset (2019) - 66.8 | 73.1 | 69.8 - 71.5 | 59.5 | 64.9
BERT-Pretrain 6.8 3.6 70 | 47 | 52 2.0 38 | 26

BERT-Finetune | 80.0 | 73.0 | 70.8 | 71.9 | 76.6 | 659 | 64.0 | 64.9
Soft-Masked BERT | 80.9 | 73.7 | 73.2 | 73.5 | 714 | 66.7 | 66.2 | 66.4 ||

BERT-Pretrain 7.1 1.3 36 | 19 | 0.6 0.6 1.6 | 0.8
News Title BERT-Finetune 80.0 | 650 | 61.5 | 63.2 | 76.8 | 55.3 | 52.3 | 53.8
Soft-Masked BERT | 80.8 | 65.5 | 64.0 | 64.8 | 77.6 | 55.8 | 54.5 | 55.2

[2] Spelling Error Correction with Soft-Masked BERT (ACL 2020) 10
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DCN(Dynamic Connected Network)
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DCN(Dynamic Connected Network)
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Single-character Error

RoBERTa

B85.42

d3.33

Multi-character Error

DCM

Detection-level

Correction-level

Dataset | Model DP DR DF | CP CR CF
FASPell (Hong et al., 2019) 76.2 632 69.1 | 73.1 605 06.2
BERT (Cheng et al., 2020) Jo.0 728 T38| 717 716 74.6
CSC13 | SpellGCN (Cheng et al., 2020) 80.1 744 772 | 783 727 75.4
Spell GCN* 852 777 812|834 76.1 79.6
RoBERTa (Ours) 854 777 813 | B39 7T64d 79.9
RoBERTa-DCN (Ours) B2 T84 B2l | B4 769 80.5
RoBERTa-Pretrain-DCN (Ours) 86.8 79.6 83.0 847 77.7 81.0
FASPell (Hong et al., 2019) 61.0 535 570 594 520 a54
BERT (Cheng et al., 2020) 656 681 668  63.1 655 64.3
CSC14 | SpellGCN (Cheng et al., 2020) 65.1 695 672 631 672 65.3
RoBERT (Ours) 642 684 662 627 667 646
RoBERTa-DCN (Ours) 67.6 686 680 649 659 65.4
RoBERTa-Pretrain-DCN (Ours) 67.4 704 689 658 68.7 67.2
FASPell (Hong et al., 2019) 67.6 600 635 666 591 62.6
Soft-Masked BERT (Zhang et al., 2020) | 73.7 732 735 | 66.7 66.2 66.4
CSCI5 BERT (Cheng et al., 2020) 737 782 759 709 752 73.0
“ | SpellGCN (Cheng et al., 202(0) T4.8 807 777|721 717 75.9(74.8)
RoBERTa (Ours) 747 713 7600 | 721 745 733
RoBERTa-DCN (Ours) 766 798 782|742 713 757
RoBERTa-Pretrain-DCN (Ours) 77.1 809 790 745 78.2 76.3

14



5 Z
% 7
re, &
F o RES A

PLOME(Pre-training with Misspelled Knowledge)

- BRI RE
- ETRESEAEIR
— IEETIEERVERAN
— A FFEE K FER

predicted | _
character HL

_f

Sentence

Original Sentence it} A% 25 (qu) B SR 315 -

BERT Masking  ft i8R [MASK] & 1Y -

Phonic Masking A8 WK 1 (qu)RE B 4545 -
Shape Masking ~ ff AR AR 2 (div) B L B WHY5 -
Random Masking A K [ (hao) i B WY -
Unchanging i AR AR % (qu)Fa i B 111 -

feng

‘ predicted
' pronunciation

Transformer Encoder

R R

input
characteré N
position 5 5
phonic ~ fan
shape ) —[»

operation embeddings
-
¥
-
+
-
+
S

________ =

T embedding layer

15




PLOME(Pre-training with Misspelled Knowledge)

- IBEERA
© EEBRA
- AJRHER

Input
Token pinyin: fan | strokes: ) — L~
Phonic S > e
GRU
Network '*L i T ]

f a ’ n
Shape S— > >

S
iR o
0.8 i A7 :
AR . AE
FS s
® LAY
0.6 — ’ .
i3 &\;‘ i
it .
0.4 - - & B
- A
A% a5
AT
- 3 )
2 A 8 A
P at
£
0.0 —
T T T =T T
0.0 0.2 0.4 0.6 0.8
Abing
adeng
0.8 Atong Asang Alian
8
Adang‘ang
Aliang
Adiang Aniang
0.6 Axiang Abiang
A
Adong Axiong
0.4 — aden Ateng aliong
Aiong
Aling - Ading ’
ti in
0.2+ : adin e e
o e adian
Atian
Alin
0.0
T T T T T
0.0 0.2 0.4 0.6 0.8

5 * =z
% 7=
t &
Fopes®

16



PLOME(Pre-training with Misspelled Knowledge)

Character-level on Whole Set Sentence-level via Official Tool

Method Detection-level | Correction-level Detection-level Correction-level
P R F P R F |FPR| A P R F A P R F
SpellGCN 777 856 8141969 829 89.4|13.2|83.7 859 80.6 83.1|82.2 854 776 81.3

BERT-Finetune |76.2 83.1 79.5/96.5 803 87.6|14.7 |81.7 85.2 76.0 80.3|80.3 847 735 78.7
cBERT-Finetune |83.0 87.8 853 /96.0 839 89.5|10.6 |84.5 88.1 79.6 83.6|82.9 87.6 76.3 81.5

PLOME-Finetune | 85.2 86.8 86.0|97.2 85.0 90.7|10.9|85.0 87.9 80.9 84.3(83.7 87.6 78.3 82.7
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ERBINTEL

e Without Pretraining

Model D-P D-R D-F CP C-R C-F
FASPell 676 600 635 666 591 626
- BNGERIARE BERT 737 782 759 709 752 730
— FASPell RoBERTa 747 773 760 721 745 733
— BERT SpellGCN | 748 807 777 721 717  748(759)
_ SpeIIGCN DCN 766 798 782 742 773 757
— DCN e With Pretraining
— PLOME Model DP DR DF CP CR CF

BERT_CRS + GAD /56 804 779 732 778 754

DCN-pretrain A 809 790 /45 782 763
REALISE /73 813 793 759 799 778
PLOME 774 815 794 753 /93 772

18
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One option to moving toward both biodiversity and terestrial food
supply goals are to produce greater yield from less land.
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[3] Denoising based Sequence-to-Sequence Pre-training for Text Generation (EMNLP 2019)
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Figure 1: Example of pseudo error generation.

[4] Improving Grammatical Error Correction with Data Augmentation by Editing Latent Representation (COLING 2020)
[5] Grammatical Error Correction Using Pseudo Learner Corpus Considering Error Tendency of Learners (ACL 2021)
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-----------------------------------------------------

She see Tom is catched by policeman in park at last night.

She saw Tom caught by a policeman in the park last night.

She sees Tom is catched by policeman in park at last night.
v seq2seq inference
She sees Tom caught by a policeman in the park last night.

-----------------------------------------------------

She sees Tom caught by a policeman in the park last night.
¢ seq2seq inference
She saw Tom caught by a policeman in the park last night.

*
lllllllllllllllllllllllllll

[7] Reaching human-level performance in automatic grammatical error correction (ACL 2018)
40
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« MBMEEN
— mE f(x)

sentence fluency sentence fluency
She see Tom is catched by policeman in park at last night. 0.119 :
l seqPseq inference : She sees Tom is catched by policeman in park at last night. 0.121
She saw Tom caught by a policeman in the park last night. ': 0.147 ' 1st round seq2seq infarance boost
. E v v
She sees Tom caught by a policeman in the park last night. - 0.144 : She sees Tom caught by a policeman in the park last night. 0.144
She see Tom is caught by a policeman in park last night. 0.135 . \“ : 2nd round seq2seq inference boost
. She saw Tom was caught by a policeman in the park last night. - 0.181 ", °, : v v
She sees Tom is catched by policeman in park at last night. - 0.121 . '.‘ \ : She saw Tom caught by a policeman in the park last night. 0.147
. * ] 1 : .
""" n-best outputs - ‘. N K : 3rd round seq2seq inference no boost
L\ e : ! !
/ She saw Tom caught by a policeman in the park last night. 0.147 A&~ : She saw Tom caught by a policeman in the park last night. 0.147
—_—  seesssees > :
original sentence pair fluency boost sentence pair ’

(@) (b)

[7] Reaching human-level performance in automatic grammatical error correction (ACL 2018)
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error correction Lo 6% x9) (xtxd V(0L x9) (xhxd) v (X)) (xx9 ]

(@) (b) (©

[7] Reaching human-level performance in automatic grammatical error correction (ACL 2018)
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.+ BRMIE
- RLEEAREIR (BlaN, FiFiaix) BMNEEIER seq2seq RESERZMiE, MELSE
= (BIENEIB—) BHMEEIGR seq2seq IREIBESZME.

She likes playing in park and come here every week. . _

\

' rlght -to-left

.- She likes playing in the park and come here every week. «’

l

left-to-rig ht '

‘s She likes playing in the park and comes here every week

[7] Reaching human-level performance in automatic grammatical error correction (ACL 2018)
43



Transformer

Qutput
’ q:%:-'r‘l_‘__l‘ Prob%giwties
— Multi-Head Attention
Linear

— Positional Encoding e

* {jt I'I_'_I Feed
N Forward
— = ESEa5ZVE =
l);l-l_#&/T};{EE 4 m\
— self-attention “Feed e N
ELES 4 4 X
. FHTIHE —

Nx | —(Add&Norm )
R %’i}j&ﬁﬂj‘ﬁ{*ﬁ Mult-Head Mﬂﬁiﬂd

Attention Attention
A J) ALt 2
\_ J \_ _J)
Positional Positional
c ; ) @ .
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right) 44



SAD-BPEIGEC

o hd

=

i%

= e

=UREEDS (SAD) RIRPRIIEIZZHS

TR

Initial Aggressive Decoding (in parallel)

Input [BOS] 1 m writing to ; inform some some advice on traveling and working [PAD]
Output | 'm  writing to gi\:e you advice advice on traveling and working [EOS] “
v v v v v ix X x x x X x x X x
bifurcation
Re-decodin
€ N
| [BOS] | 'm writing to give ‘ you v accept
. X .
One-by-one decoding | [BOS] | 'm writin to ive ou ‘ some LN dlsc;rd'
for suffix match g g Y e no prediction
| [BOS] | 'm writing to give you some ‘ advice
Switch back to Aggressive Decoding (in parallel)
Decoder Input _ [BOS] | 'm writing  to give you some  advice on traveling and working _) [PAD]
....................................... ;.---.,-‘;.-----.
Output . ~ . . . Y - ~ on traveling and working . [EOS] “
v v v v "4 "4 X
bil"l-.l-l-‘;;ﬁﬂ]]

[8] Instantaneous Grammatical Error Correction with Shallow Aggressive Decoding (ACL 2021)
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- MEREXTEL

Model Synthetic Data | Total Latency (s) | Speedup p CoNLL-13
R Fous
Transformer-big (beam=5) No 440 1.0x 53.84 18.00 38.50
Transformer-big (greedy) No 328 1.3x 5275 18.34 38.36
Transformer-big (aggressive) No 54 8.1x 5275 18.34 38.36
Transformer-big (beam=5) Yes 437 1.0x 57.06 23.62 4447
Transformer-big (greedy) Yes 320 1.4 % 56.45 24.70 44.91
Transformer-big (aggressive) Yes 60 7.3X 56.45 24.70 44.91
Model NLPCC-18

p R  Fps Speedup
Transformer-big (beam=5) | 36.0 17.2 29.6 1.0x
Levenshtein Transformer* | 249 150 22.0 3.1x

LaserTagger* 256 10.5 199 38.0x
Span Correction® 37.3 145 284 2.7x
Our approach (9+3) 33.0 205 294 120X

[8] Instantaneous Grammatical Error Correction with Shallow Aggressive Decoding (ACL 2021)
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Dynamic Connected Networks for Chinese Spelling Check

Baoxin Wang'~, Wanxiang Che', Dayong Wu?, Shijin Wang”*, Guoping Hu?, Ting Liu'
'Research Center for SCIR, Harbin Institute of Technology, Harbin, China
*State Key Laboratory of Cognitive Intelligence, iFLYTEK Research, China
HFLYTEK Al Research (Hebei), Langfang, China
{bxwang2, dywu2, sjwang3, gphu}@iflytek.com
{car,tliu}@ir.hit.edu.cn

Abstract

Chinese spelling check (CSC) is a task to
detect and correct spelling errors in Chinese
text. Most state-of-the-art works on the CSC
task adopt a BERT-based non-autoregressive
language model, which relies on the output

independence assumption. The inappropri-
ate independence assumption prevents BERT-

based models from learning the dependencies

among target tokens, resulting in an incoher-

ent problem. To address the above issue, we
propose a novel architecture named Dynamic
Connected Networks (DCN), which generates
the candidate Chinese characters via a Pinyin

Enhanced Candidate Generator and then uti-

lizes an attention-based network to model the
dependencies between two adjacent Chinese
characters. The experimental results show that

our proposed method achieves a new state-of-

the-art performance on three human-annotated
datasets.

Wreong: D FIFIRT, EHAE.
Correct: FEILEIFIR T, BRI -

Translation: I forgot to tell you. I'm so confused.

Table 1: An example of Chinese spelling errors. Here,
#F1 5" should be corrected to “# " (confused).

character will be considered as a spelling error and
corrected to the most likely character. Based on
the powerful generalization ability of BERT (De-
vlin et al., 2019), these works have achieved better
performance than other models.

However, these works on the CSC task rely on
the incorrect independence assumption, which may
lead to an incoherent problem. Concretely, they as-
sume that the predicted tokens are independent of
each other, which generally does not hold in natural
language (Yang et al., 2019; Gu and Kong, 2020).

Fow tha (7C taclr ane caalling arene maw have mnlo

TEESZFMENMAREER: ACL-IJCNLP
2021, 52437-2446T1, 2021%8H1-6H.
©2021itHIES NS 2437 NBEHERT NS
= & W 4 Baoxin Wangl,2 , Wanxiang
Chel, Dayong Wu2, Shijin Wang2,3, ¥
Hu2, Ting LiullHEB/FEIW A SESCIRAR
RS RE, PEZEAA THRRIANEEER
ESATRE, MESIFLYTEKATEERR (9
i) ., W3, # E{bxwang2, dywu2,
sjwang3 gphul@iflytek.com{car ,
tliu}@ir.hit.edu.cnAbstractChinese#t 5t &
(CSC) I EPILEHEEIRN
%, AEMETFCSClaskWBRIMN TIERBET
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