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Abstract—Chinese spelling correction (CSC) is a traditional
Natural Language Processing task that aims to detect and correct
spelling errors in Chinese text. Many advanced studies have
adopted BERT non-autoregressive language models, masking
method performs well on the CSC task. However, the model
still has certain limitations. Firstly, BERT predicts tokens based
on the assumption of independence, meaning it does not learn
the relationships between masked tokens. As a result, it fails
to model character-level dependencies effectively. Additionally,
BERT tends to correct characters to more common habitual
expressions, leading to the problem of over correction. To address
these issues, this paper proposes a novel Candidate Character
Optimal Path Selector (CCOPS) that models the dependencies
between adjacent Chinese characters using attention mechanisms
to alleviate the issue of character coherence. We incorporate
a particular copy mechanism into the selector, which guides
the model to choose the original character when both the
original input and the candidate output are plausible, mitigating
the problem of over correction. Furthermore, we effectively
integrate the multimodal information of characters to guide
error correction in terms of semantics, phonetics, and visual
similarities. The experiments show that our model, compared
to the latest research, has improved Detection-Level F1 by 2.7%,
1.2%, and 1.2% on three datasets, and Correction-Level F1 by
2.6%, 0.8%, and 1.3% respectively.

Index Terms—Multimodal, CSC, Transformer, Copy Mecha-
nism, BERT

I. INTRODUCTION

Chinese Spelling Correction (CSC) is a very important
Natural Language Processing which aims to detect and correct
erroneous characters in input text. This task has been widely
applied, such as search query correction [1], and automated
essay scoring [2], among others. CSC task has a certain
research foundation. In recent years, sizeable pre-trained lan-
guage models, have performed well in many NLP tasks. Some
researchers have applied a non-autoregressive language model
based on BERT(Bidirectional Encoder Representation from
Transformers) to the CSC task and achieved good results.
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f&i (jian) 3 (xun)
text message

Fig. 1. The example of Chinese spelling correction using CCOPS and
multimodal information, with incorrect characters marked in blue.

Therefore, most researchers use the masked language model
of BERT for fine-tuning on the CSC dataset.

However, the BERT method may also cause the model to
output text that contains common sense knowledge learned
during pre-training when performing correction tasks. In the
masking pre-training, the prediction of masked characters is
independent, while in Chinese sentences, non-independent er-
rors often occur, where the preceding and succeeding Chinese
characters have mutual error impact and dependence. For
example, in Fig. 1, the input text “[H]{Z”(between letter) in
the sentence might be incorrectly corrected by BERT as “4
{7 (text message) because this is a more commonly used
expression. However, if the character’s phonetic and glyphic
information is integrated into the model, the phonetic and
glyphic similarity between “[8]”(between) and “f&j”(simple)
is high, so the prediction of non-autoregressive models is
more inclined to independent assumptions, and it is likely to
correct it to the wrong correction “f&{5”(simple letter). This
highlights the importance of modeling character dependencies
in CSC. However, when using CCOPS with integrated multi-
modal information, it would first correct “[H]” to “7%” based on
glyphic information and then, through the path selection mech-
anism, determine that the combination *“f #”(message) is the
most suitable. To address the issue of character dependency,
Conditional Random Fields (CRF) [3] have also been applied
to CSC. However, since the model is based on a vocabulary
for classification, the transition matrix of CRF is too large,
which can lead to low efficiency of the model.

In the candidate recall module, we use a candidate character
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optimal path selector with a fusion and copy mechanism to op-
timize and select suitable path combinations for the candidate
character set. Specifically, we first predict the top k candidate
characters for each position and append the original input
character to form k+1 candidate characters. Next, we score
all possible paths between adjacent candidates to evaluate the
strength of the dependencies between characters. The score
of a sub-path is calculated based on the attention score [4]
between adjacent candidate characters. Finally, we find the
highest-scoring path as the final correction result quickly. In
this process, we consider the dependencies between Chinese
characters and can generate candidate (k + 1)™ paths, where
n is the length of the input text.

In summary, our contributions can be summarized as fol-
lows: (1) we effectively utilize the semantic, phonetic, and
morphological information of characters and integrate mul-
timodal information to enhance the correction ability of the
model; (2) we propose a novel candidate character optimal
path selector (CCOPS) to alleviate the non-coherent problem
of non-autoregressive language models in CSC tasks; (3) we
introduce a unique copy mechanism to mitigate the problem
of over-correction; (4) experimental results show that our
approach achieves good performance on three CSC datasets.

II. RELATED WORK

Chinese Spelling Correction (CSC) task is of great im-
portance in the field of NLP. Due to the characteristics of
Chinese characters, such as unclear segmentation boundaries
and rich semantic information, CSC is a highly challenging
task. With the introduction of the confusion set [5] the success
of large-scale pre-trained language models, BERT has been
widely used in the field of NLP. At the same time, this
mask-based pre-training method is also very suitable for CSC
tasks. The introduction of FASpell [6] opened the door for
BERT models in CSC tasks. This model uses BERT as a
denoising autoencoder (DAE), using the acoustic and visual
information of text to generate candidate characters. SpellGCN
[7] proposed an earlier method of using convolutional neural
networks to incorporate phonetic and visual information into
the BERT pre-trained language model. However, the similarity
graph constructed by this method relies on a predefined set
of confusions, and is therefore limited by the fixed size and
inflexibility of the confusion set, making it difficult to model
all similarities. PHMOSpell [8] uses the phonetic information
and morphological knowledge of characters to model the sim-
ilarity of Chinese characters, demonstrating the effectiveness
of this multimodal approach for CSC tasks.The CRASpell [9]
model constructs a noisy sample for each training sample.
The correction model outputs results that are more similar to
the original training data and noisy samples. To address the
problem of over-correction, the model combines a replication
mechanism, which allows the model to choose the input
character when the error correction and input character are
both effective based on the given context.

Candidate Recall Module
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Fig. 2. MCSSpell model structure. We only explain the case when the number
of candidates is 2. In the candidate recall module, we will only explain how
to calculate the coherence score between the characters “fii”(convey) and
“ N\”(people).The meaning of the input sentence is “Please input someone”.

And the meaning of the output sentence is “Please input”. “copy” represents

the model using the copying mechanism to add the input sentence to the
candidate characters.

III. OUR APPROACH
A. Problem

The CSC aims to correct spelling errors in Chinese sen-
tences, specifically targeting misspelled words or characters
that occur sporadically. Typically, given a Chinese character
sequence X={w1, 22,23, -, Ty} of length n with spelling
errors, the model needs to detect and correct the erroneous
characters in the input sequenceY={y1,y2,¥s3," " ,Yn}, Te-
sulting in an output sequence that represents the corrected
sentence. This task is often modeled as a sequence labeling
problem, where the erroneous characters in the input sentence
X are corrected in the output sentence Y while maintaining
the same sentence length.

B. Candidate Generation Module

1) Semantic Generation: The encoder in the semantic
generation part aims to learn the semantic information and
common knowledge [10] [11]. Rich semantic information can
help the model generate candidate characters more accurately.
This paper adopts BERT model as the base model and conduct
unsupervised pretraining using a large amount of data. To
ensure compatibility with the Chinese Chinese Correction task,
excessively long or short sentences are filtered and processed.
Each news article is segmented into individual sentences, with
sentence lengths ranging from 4 to 256. The masking strategy
used differs from the MASK masking strategy of the BERT
model. In this strategy, 15% of randomly selected characters in
the input text are replaced, where 10% of the characters remain
unchanged, 20% are replaced with visually similar charac-
ters, 50% are replaced with phonetically similar characters,
and 20% are replaced with MASK tokens. The pre-trained
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BERT model is capable of generating hidden representations

X ={x1,x2,...,x,} containing semantic information for the
input text sequence H® = {h{,h3,...,hi}.
H® ={hi,h3,...,h;} = BERT(z1,%2,...,Zn) (1)

where H*® € RV*7%8 N is the sentence length, hs € R7%.

2) Pinyin Enhance: DORM [12] mentions that the phonetic
similarity mainly depends on their initial consonants or final
vowels, rather than the tones. Therefore, we focus only on the
initial consonants and final vowels as the phonetic features of
Chinese characters. In this paper, we only rely on a simple
convolutional operation to model the pinyin information of
the model, eliminating the need for additional pretraining to
incorporate pinyin information. First, we construct a Chinese
character pinyin vocabulary and establish a mapping between
the Chinese characters and their corresponding pinyin using
the BERT Chinese character vocabulary. Based on this map-
ping, the input Chinese character z; is mapped to the pinyin
vector space EP. We initialize the pinyin embedding e for
character z; in the model using this mapping.

el = EP(x;) )

where EP € R™0ocX768 nP represent the size of the pinyin
vocabulary, and x; represent the ¢ — ¢th character.

Modeling the correction sentence solely based on simple
pinyin embeddings e can introduce significant ambiguity,
as one Chinese pinyin may correspond to multiple Chinese
characters. To address this issue, we encode consecutive pinyin
embeddings by passing them through convolutional layers,
resulting in hidden layer representations A’ that incorporate
pinyin information. This approach of using multiple consecu-
tive pinyin embeddings helps greatly reduce the ambiguity in
modeling the correction sentence.

hi = Conv(e]_,, e}, e}, ) @)

where h? € R708.

3) Glyph Encoder: During pretraining, we adopted a simple
yet effective residual network, ResNet [13], as the backbone
for extracting glyph features. To capture the image features
of characters as much as possible, we select three fonts:
Simplified Chinese, Regular Script (Kaiti), and Small Seal
Script (Xiaozhuan). They correspond to the three channels
of character images. Character images are obtained using
image tools from predetermined font files, with a size of
32x32 pixels. Unlike the fine-tuning training phase, after
obtaining the final hidden layer representation, a CLS layer
is applied for character prediction and cross-entropy loss is
calculated with the input characters. After pretraining, we
encoded the character images during the fine-tuning phase
using a ResNet5 model, which consists of 5 ResNet blocks,
and then a normalization layer is applied to obtain the final
representation hY, which integrates the visual information. The
formula is as follows:

hY = ResNet5(e?) 4)
h¢ = LayerNorm(h?) (5)

where e represents the image embedding of the i — th

character in the sentence, LayerNorm represents the layer
normalization operation, and hY € R7%8,

4) Multi-modal Fusion and Candidate Generation: In this
stage, the three components have already generated hidden
layer representations, which incorporate the fused multi-modal
information of the input z;. The structure is shown in Fig. 2,
where the hidden layer representations of the three modalities
are stacked together and then passed through a normalization
layer. Finally, the predictions are generated by a linear layer,
as shown in the following equation:

hi = Layer Norm(h + hY + hY) (6)

Yiom = hiw; @)

where h$,h? and hY represent the hidden layer representations
of the semantic, pinyin, and glyph modalities, respectively,
for the input character x;. h; represents the final hidden
layer representation obtained by combining the hidden layer
representations of the three modalities. y; ,, represents the
m — th candidate generation result for the ¢ — th word in
the input sentence, and w; is a trainable weight vector.

Considering all the parts described above, the task of
candidate generation in the candidate generation module can
be modeled by the following equation:

yi = f(x;) (¥

where f(z;) represents the mapping relationship between the
t — th character and its corresponding candidate characters
at the respective position, and y; ,,, represents the candidate
character at the ¢ — th position.

C. Candidate Recall Module

As shown in Fig. 2, the scores for candidate characters at
each position are obtained in Candidate Generation Module.
The Candidate Recall Module calculates the coherence scores
between characters.

1) Copy Mechanism: Firstly, in the Candidate Generation
Module introduced in the previous section, the model inte-
grates the semantic, pinyin, and glyph modal information of
characters to generate a series of final candidate characters.
At each position in the sentence, the number of candidate
characters generated is k. In the case of a sentence length
of N, the generated candidate character matrix is denoted as
C € RNXkXT68 To accommodate the copying mechanism,
we directly incorporate the original embeddings of the input
characters ¢ = {ej,ea,...,en}, where e € RV*768 into
the candidate character matrix C, creating a special form of
copying mechanism. In this case, the number of candidate
characters at each position becomes k+1, resulting in the final
candidate character matrix C’ € RN *(k+1)x768,

2) Candidate Selection: The coherence score between char-
acters needs to take into account contextual information,
specifically the dependency relationship between two adjacent
characters. We observe that the attention is effective in learning

2023 International Conference on Asian Language Processing (IALP) 9



the strength of dependency between characters. Because atten-
tion mechanisms are highly sensitive to positional information
and the positional relationship between adjacent characters
needs to be modeled, our Attention mechanism not only
includes the final hidden layer representations of two adjacent
characters but also incorporates their positional encoding.
Therefore, we incorporate the corresponding positional embed-
dings into the hidden layer representations of the two adjacent
characters as Query in the attention mechanism. The specific
formula is as follows:

’

o = i 4 122, ®
his1n = hivin + i (10)

K, =V, = [h;,m’h;Jrl,n] (1D

Qim =Ny (12)

Qitim=hij1 3)

Pim = Attention(Q; m WO, K;WF V,IWY)  (14)
Gi+1,n = Attention(Qip1 W<, K,WF ViW?)  (15)

where ¢ represents the character position in the sentence, i.e.,
the ¢ —th character in the sentence. m and n are the indices of
the candidate characters, i.e., the m —th and n — th candidate
characters at position <. (), K and V represent the Query,
Key, and Value in the attention mechanism, respectively.
W®, W* and W" are learnable parameter matrices in the
attention mechanism. h;,, and h;y;, represent the hidden
layer representations outputted by the candidate generation
module. /77 and h7 ,, represent the positional embeddings
generated based on the BERT model for the characters.
hPoS € RTOS pPO% e RO,

We pass the output of the attention mechanism through a
normalization layer to obtain two representations, p;m and
q; +1,n- Then, we concatenate these two representations and
feed them into an MLP layer. Finally, we use a linear layer to
calculate the final coherence score between the characters.

p;m = LayerNorm(p; m) (16)
q;_Hm = Layer Norm(git1,n) 17)
5 = MLP(D; s Gis1,) (18)

5" = 9(Yims Yir1n) = s (19)

where w' is a learnable parameter matrix, and g(¥; m, Yi+1,n)
represents the dependency score between the m —th candidate
character at position ¢ and the n — th candidate character at
position i+1 in the sentence. w € R768%mvec p . represent
the size of the vocabulary.

According to the above description, the candidate recall
module combines the top-k candidate characters generated
by the candidate generation module with the embeddings of
the original input characters to form a candidate character
matrix. The matrix has a sentence length of N and the

TABLE I
THE PERFORMANCE OF NON-PRETRAINED MCSSPELL AND PRETRAINED
MCSSPELL(MCSSPELL*) WAS COMPARED WITH BASELINE MODELS ON
THE SENTENCE-LEVEL VALIDATION SETS OF SIGHAN13(CSC3),
SIGHAN14(CSC14), AND SIGHANI15(CSCi5). D REPRESENTS THE
DETECTION TASK, C REPRESENTS THE CORRECTION TASK, AND P, R, AND
F REPRESENT PRECISION, RECALL, AND F1 SCORES, RESPECTIVELY. THE
BASELINE MODEL’S EXPERIMENTAL RESULTS ARE DIRECTLY TAKEN
FROM THE PAPER. FOR CONVENIENCE, WE HAVE REMOVED THE
PERCENTAGE (%) SYMBOLS FROM THE DATA IN THE TABLE.

Dataset Model Detection-level Correction-level
D-P [ DR[| D-F| CP | CR | CF
GAD 85.7 | 79.5 | 825 | 749 | 787 | 81.6
CSC;3 | DCN 86.8 | 79.6 | 83.0 | 84.7 | 77.7 | 81.0
REALISE 88.6 | 825 | 854 | 872 | 81.2 | 84.1
MDCSpell 89.1 | 783 | 834 | 87.5 | 76.8 | 81.8
MCSSpell 89.2 | 823 | 85.6 | 874 | 80.5 | 83.8
MCSSpell* | 89.7 | 829 | 86.1 | 879 | 81.1 | 844
GAD 66.6 | 71.8 | 69.1 | 65.0 | 70.1 | 67.5
CSCi4 DCN 674 | 704 | 689 | 65.8 | 68.7 | 67.2
REALISE 67.8 | 71.5 | 69.6 | 66.3 | 70.0 | 68.1
MDCSpell 70.2 | 68.8 | 69.5 | 69.0 | 67.7 | 68.3
MCSSpell 69.8 | 708 | 70.3 | 67.1 | 69.8 | 68.4
MCSSpell* | 703 | 71.1 | 70.7 | 67.9 | 704 | 69.1
GAD 75.6 | 804 | 779 | 73.2 | 77.8 | 754
CSC;5 | DCN 77.1 | 80.9 | 79.0 | 745 | 782 | 76.3
REALISE 773 | 81.3 | 793 | 759 | 799 | 77.8
MDCSpell 80.8 | 80.6 | 80.7 | 784 | 782 | 78.3
MCSSpell 80.1 | 822 | 81.1 | 782 | 79.6 | 789
MCSSpell* | 80.7 | 83.1 | 81.9 | 788 | 80.4 | 79.6

number of candidate characters at each position is (top-k)+1.
The model ultimately generates Nx(k+1) candidate words,
Nx (k+1) scores for each candidate word, and (k + 1) candi-
date paths. The final score of each path can be modeled using
the following formula:

N N-1
SXY) =3 @)+ Y 9Wimvic1n)  (20)
=1 1=1

where x; represents the original input character at position i,
Yi,m and y; 1, represent the m — th and n — th candidate
characters at position i and i+l, and f(z;) represents the
candidate score outputted by the candidate generation module
after integrating the three modalities.

D. Learning

The probability distribution of the output sequence Y can
be obtained using the following formula:

eS(X,Y)

MHX%:EZEQaﬁ

2n

where Y are the path generated by the candidate characters.
The loss function is the maximum likelihood function of the
probability distribution, given by the following formula:

L = —log(p(Y[X))

IV. EXPERIMENT AND RESULTS

(22)

A. Dataests and Parameter Settings

According to previous work, we also utilized the open-
source Hybird [14], SIGHANI3 [15], SIGHAN14 [17], and
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TABLE II
ABLATION RESULTS OF THE MCSSPELL MODEL AVERAGED ON SIGHAN
TEST SETS. WE APPLY THE FOLLOWING CHANGES TO MCSSPELL:
REMOVING -GLYPH ENCODER(-GLYPH), REMOVING PINYIN
ENHANCE(-PINYIN), REMOVING PINYIN ENHANCE AND GLYPH
ENCODER(-PINYIN& GLYPH), REMOVING ONLY THE COPY MECHANISM
IN CCOPS (-CoPY) AND REMOVING ALL CCOPS (-CCOPS). FOor
CONVENIENCE, WE HAVE REMOVED THE PERCENTAGE (%) SYMBOLS
FROM THE DATA IN THE TABLE.

Detection-level Correction-level

Model DP [ DR | DF | CP [ CR | CF
MCSSpell-pretrain(ours) | 80.7 | 83.1 | 81.9 | 78.8 | 804 | 79.6
-Glyph 80.1 824 | 81.2 | 78.1 80.1 | 79.1
-Pinyin 79.8 | 822 | 81.0 | 779 | 79.8 | 78.8
-Pinyin&Glyph 79.5 | 81.7 | 80.6 | 77.1 | 79.4 | 78.2
-Copy 80.3 | 827 | 815 | 785 | 79.6 | 79.0
-CCOPS 777 | 81.8 | 80.8 | 77.8 | 78.7 | 78.2
REALISE (baseline) 773 | 81.3 | 793 | 759 | 799 | 778

SIGHANI15 [5] as training data for the fine-tuning stage.
The test data from SIGHAN13, SIGHAN14, and SIGHAN15
were used as validation data. We used the pre-trained large-
scale corpora wiki2019zh and news2016zh, which consist of
1 million Wikipedia articles and 2.5 million news articles.

We used the AdamW optimizer with learning rates of {2e-
5, 3e-5, Se-5} and conducted a series of experiments using 8
RTX 3090 GPUs. The training batch size is set to {32, 64} and
evaluation batch size is set to {16, 32}. During the semantic
pre-training phase, we set the batch size to 64, trained for
6 epochs, and used a learning rate of 5e-5. The number (k)
of candidate characters generated in the candidate generation
module is set to 6.

B. Main results

The experimental results, as shown in Table 1, demonstrate
that our proposed model achieves good performance on the
traditional SIGHAN datasets. After pretraining on Wikipedia
and news data, MCSSpell shows further improvement. This
demonstrates that pretraining the model using a special mask-
ing approach indeed enhances its effectiveness in the correc-
tion task. It suggests that having more data or employing more
appropriate pretraining can be beneficial for further improving
the model’s performance.GAD [16] proposed a global atten-
tion mechanism. Our approach outperformed GAD, achieving
improvements of 4% and 4.2% in detection and correction,
respectively. This further confirms the effectiveness of our
method in CSC. When DCN [18] fuses input information,
it may overlook the information of glyph shapes. MCSSpell
achieved improvements of 2.9% and 3.3% in detection and
correction, respectively, demonstrating the effectiveness of
incorporating multimodal information in MCSSpell. REALISE
[19] considered three modalities of information and performed
fusion but did not optimize the dependency relationship among
candidate characters. MCSSpell achieved improvements of
2.6% and 1.8% respectively, demonstrating the effectiveness of
our model in addressing the coherence of candidate characters.
MDCSpell [10] proposed a new Detector-Corrector frame-
work, as using BERT alone as a corrector is not sufficient
for extracting multimodal information from text. MCSSpell

F1-score

2 3 4 5 6 7 8

Number of Candidates
=8=—Detection-Level Correction-Level

Fig. 3. The impact of the number of top-K candidate characters on the model
performance.

achieved improvements of 1.2% and 1.3% in detection and
correction tasks, respectively, demonstrating the effectiveness
of our approach.

C. Abaltion Study

In this section, we mainly analyzed the effectiveness of
multi-modal information fusion and candidate recall module,
and validated our conclusions on the SIGHANIS dataset.
As shown in Table 2, when glyph information is removed,
the F1 scores of the detection and correction tasks decrease
by 0.7% and 0.5%, respectively. When phonetic information
is removed, the F1 scores of the detection and correction
tasks decrease by 0.9% and 0.8%, respectively. When both
phonetic and glyph information are removed simultaneously,
the F1 scores of the detection and correction tasks decrease by
1.3% and 1.4%, respectively. Regardless of which modality of
information is removed, the model’s performance decreases.
This demonstrates the effectiveness of phonetic and glyph
information in Chinese error correction tasks.

Additionally, as shown in Table 2, after removing all
CCOPS and predicting candidate characters only through
multi-modal fusion, MCSSpell achieves higher F1 scores than
the baseline model in both the detection and correction tasks.
This demonstrates the effectiveness of our multi-modal fusion
mechanism, which may be attributed to the richer corpus and
more effective masking strategy in our pre-training component.

To address the character dependency issue among candidate
characters, we propose CCOPS in the candidate recall module,
aiming to allow the model to select better neighboring charac-
ters for pairing. As shown in Table 2, under the condition of
removing all CCOPS, the model’s F1 scores in the detection
and correction tasks decrease by 1.1% and 1.4%, respectively.
This demonstrates the importance of character dependency
in the CSC task, and CCOPS can alleviate this problem.
We also observe that CCOPS has a more significant impact
on the correction task, possibly because after detecting the
erroneous character, the coherence score between characters
helps the model choose a more correct character combination.
Additionally, under the condition of removing only the copy
mechanism of CCOPS, the model’s F1 scores decrease by
0.4% and 0.6%, respectively. This confirms the effectiveness of
the copy mechanism in mitigating the issue of over-correction
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by the BERT model.In the Candidate Generation Module,
at each position in the sentence, K candidate characters are
generated in a top-k manner. We conducted experiments to
investigate the impact of the number of generated candidate
characters (k) on the model’s performance. As shown in
Fig. 3, as the number of candidate characters increases, the
model’s performance improves significantly. However, once
the number of candidate characters reaches 6, the performance
becomes stable without significant improvement. Considering
that a high number of candidate characters can lead to in-
creased computational complexity, in other experiments, we
set K to 6 to strike a balance between performance and
computational efficiency.

V. CONCLUSION

This paper addresses the task of CSC and proposes a novel
candidate character optimal path selector to solve the issue
of incoherent dependencies between characters. To model
the semantic, phonetic, and visual information of characters,
we introduce a candidate generation module that integrates
the multi-modal information of characters. To alleviate the
problem of excessive correction by the BERT model, we incor-
porate a unique copy mechanism into the candidate character
optimal path selector, forming a novel candidate recall mod-
ule. Experimental results demonstrate that MCSSpell achieves
state-of-the-art performance on three authoritative datasets for
CSC, confirming the effectiveness of our approach. In future
work, we will further investigate the applicability of MCSSpell
in other domains, such as Chinese Grammar Correction.
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