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Abstract: The task of recognizing Chinese variant characters aims to address the challenges of semantic ambiguity
and confusion, which potentially cause risks to the security of Web content and complicate the governance of
sensitive words. Most existing approaches predominantly prioritize the acquisition of contextual knowledge from
Chinese corpora and vocabularies during pretraining, often overlooking the inherent phonological and morphological
characteristics of the Chinese language. To address these issues, we propose a shared-weight multimodal translation
model (SMTM) based on multimodal information of Chinese characters, which integrates the phonology of Pinyin
and the morphology of fonts into each Chinese character token to learn the deeper semantics of variant text.
Specifically, we encode the Pinyin features of Chinese characters using the embedding layer, and the font features
of Chinese characters are extracted based on convolutional neural networks directly. Considering the multimodal
similarity between the source and target sentences of the Chinese variant-character-recognition task, we design the
shared-weight embedding mechanism to generate target sentences using the heuristic information from the source
sentences in the training process. The simulation results show that our proposed SMTM achieves remarkable
performance of 89.550% and 79.480% on bilingual evaluation understudy (BLEU) and F1 metrics respectively, with
significant improvement compared with state-of-the-art baseline models.
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1 Introduction

To evade platform monitoring, a substantial
volume of sensitive textual content is widely dis-
seminated across social media platforms. These
malicious substitutions of sensitive text often use
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variations such as morphological similarities, homo-
phones, and traditional characters. The 2021 China
Computer Federation (CCF) Big Data and Comput-
ing Intelligence Competition (CCF BDCI) dataset
(https://www.datafountain.cn/competitions/508/
datasets) is presented in Table 1. Variant characters
can be broadly categorized into four categories:
phonological variants, morphological variants,
symbolic variants, and syntactic variants, which are
further divided into nine specific patterns.

The models for the Chinese variant-character-
recognition task are mainly divided into two
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Table 1 Nine common malicious variants of Chinese characters
Variant category Variant mode Text

Normal – 刷单加微信

Phonological variants
Homophone 刷单加威信

Pinyin substitution 刷单加wei信
Pinyin abbreviation 刷单加wx

Morphological variants
Traditional character substitution 刷單加微信

Similar character substitution 刷单加徽信

Radical split 刷单力口微信

Symbolic variants Special symbol substitution 刷单+微信
Chinese–English mixture 刷单+V

Syntactic variants Inversion of word order 刷单加信微

categories: correction models (Liu SL et al., 2021;
Sheng et al., 2023) and machine translation models
(Stahlberg, 2020; Dabre et al., 2021). The correction
models generally consist of the detection task and the
correction task (Zhang SH et al., 2020). These mod-
els need to identify errors from the source text and
then obtain the normal text by reasonable replace-
ment. Therefore, this approach is more suitable for
search engines and speech recognition tasks that con-
tain a few spelling errors. In contrast to spelling error
correction, variant characters are similar in sound
and form to the corresponding normal characters,
but the meanings are very different. The intricate
and myriad variation features significantly escalate
the challenges associated with detection tasks. Using
merely correction models does not allow for a pro-
found understanding of the variant characters within
diverse scripts. Machine translation is an important
and effective method for dealing with the recognition
of Chinese variant characters (Bryant et al., 2023).
However, the input and output of traditional ma-
chine translation models are mostly in two different
languages, while the input and output of the Chinese
variant-character-recognition task are both in Chi-
nese, with extremely similar or even identical text
lengths and characters. In addition, ordinary char-
acters play a crucial role in the meaning of the entire
variant text, which requires the model to have better
mining and capturing capabilities of key information
in the text and to fully understand the semantics of
the entire text.

The burgeoning interest in natural language
processing (NLP) tasks has prompted a growing
number of researchers to shift their focus toward the
Chinese language. Since the presentation of Trans-
former, bidirectional encoder representations from
Transformers (BERT), and other models, many NLP

models have emerged and have been applied to Chi-
nese domain research (Liu WJ et al., 2020; Maruf
et al., 2022). Some scholars have trained large-scale
pretraining models in Chinese corpora, which have
performed well in the field of Chinese NLP (Diao
et al., 2020; Jia C et al., 2020). Some scholars have
improved the masked language model (MLM) sub-
task for the BERT model’s pretraining task to make
it more applicable to the Chinese language. Sun
Y et al. (2019) proposed the novel linguistic repre-
sentation model Enhanced Representation through
kNowledge IntEgration (ERNIE) for knowledge en-
hancement using Chinese phrase- and entity-level
masking strategies to improve the generalizability
of the model. Cui et al. (2021) proposed MLM
as a correction BERT (MacBERT), a model based
on Word2Vec’s Chinese similar word replacement in-
stead of MASK, the random masking strategy. How-
ever, this Chinese NLP model lacks the analysis of
the phonological and morphological features, result-
ing in insufficient utilization of Chinese character fea-
tures. A large amount of research in the following
years has focused on the features of Chinese char-
acters to explore relevant models. Sun ZJ et al.
(2021) represented characters with Chinese Pinyin
and glyph embedding and achieved state-of-the-art
results in a wide range of Chinese NLP tasks. How-
ever, they are not suitable for application to machine
translation tasks. These methods prove that the
phonological and morphological features of Chinese
characters contribute to the field of Chinese NLP
when performing Chinese language processing.

The majority of NLP models were initially de-
veloped for English text, thus rendering them more
attuned to Latin languages, including English and
French. In contrast to Latin, Chinese characters
have evolved into the current simplified Chinese
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throughout history with rich pictographs, structures,
and radical features. In addition, Chinese characters
have Latin features, i.e., Pinyin, which is the official
Romanization system for Standard Mandarin Chi-
nese (https://en.wikipedia.org/wiki/Pinyin). Based
on this point, attention needs to be paid to the rela-
tionships among the phonological features, morpho-
logical features, and the model output. For Chinese
variant characters, most of them are transformed
based on their phonological and morphological fea-
tures and contain some complex symbolic variant
modes, as shown in Table 1. Therefore, Chinese
character phonological and morphological features
have a large impact on the Chinese variant-character-
recognition task.

Our paper provides a solution to addressing
these issues, namely, the shared-weight multimodal
translation model (SMTM) based on phonology and
morphology. To our knowledge, this model repre-
sents the first attempt to integrate phonological and
morphological features into the embedding layer of
a Chinese variant-character-recognition model using
BERT word embeddings, aiming to deeply explore
the characteristics of variant characters and enhance
the model’s learning capabilities. We use the shared-
weight embedding mechanism for the Chinese vari-
ant character task, initializing the decoder and gen-
erator weights using multimodal weights from the
source text, thereby improving the model’s adapt-
ability to similar text. The main contributions of
our paper are as follows:

1. To address the challenges of semantic am-
biguity and confusion inherent in Chinese variant
characters, we integrate character-level phonological
and morphological features using BERT embedding,
thereby enhancing the efficacy of unimodal solutions.

2. We propose a shared-weight embedding
mechanism to initialize decoder and generator
weights based on the multimodal weights of the
source text, strengthening the connection between
source and target characters, thereby facilitating tar-
get sentence generation.

3. We perform simulations using the variant
dataset, yielding extensive results that demonstrate
the attainment of several state-of-the-art perfor-
mances by our method. Furthermore, we conduct
ablation simulations to offer a reasoned interpreta-
tion of our model’s performance.

2 Related works

This section provides an elaborate discussion on
the pertinent literature concerning the recognition of
Chinese variant characters. We review the develop-
ment and applications of Chinese NLP tasks in Sec-
tion 2.1. In Section 2.2, we provide an overview of
the Chinese variant-character-recognition task and
existing solutions. Section 2.3 summarizes the lat-
est research in Chinese variant-character-recognition
task based on character phonology and morphology.

2.1 Chinese NLP tasks

In recent years, the Chinese language has
emerged as a prominent subject of research, pro-
pelled by the evolution of social platforms and
online communities. Most NLP models are designed
for Latin languages, such as English, French, and
Spanish. In contrast to Latin, Chinese has both
pictographs and Latin alphabets, e.g., Chinese
Pinyin (https://en.wikipedia.org/wiki/Pinyin), rad-
icals (https://en.wikipedia.org/wiki/Radical_(C-
hinese_characters)), and character structures
(https://en.wikipedia.org/wiki/Chinese_characters).
Initially, researchers focused on Chinese NLP tasks
and improved the convolutional neural network
(CNN), recurrent neural network (RNN), and
sequence-to-sequence (Seq2Seq) models to make
them more suitable for the Chinese language domain
(Jia YZ and Xu, 2018; Wu et al., 2019; Zhang
YS et al., 2019; Liang et al., 2020). Liu J et al.
(2019) combined the features of CNNs, attention
mechanisms, and RNNs to propose a bidirectional
gated recurrent unit CNN (BiGRU-CNN) network,
and achieved the best performance in Chinese
problem classification tasks. Yao and Huang
(2016) used a bidirectional long short-term memory
(BiLSTM) network to create hierarchical feature
representations of contextual information from two
directions, and achieved the best performance for
word segmentation in traditional and simplified
Chinese datasets. Ma et al. (2018) supervised
the internal representation of Seq2Seq and the
representation of the autoencoder by minimizing
the distance between two representations, and
the results showed that the model outperformed
state-of-the-art baseline models.

With the rise of Transformer and BERT, many
scholars have been inspired to improve and apply
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them to Chinese NLP tasks (Zhou SY et al., 2018;
Reimers and Gurevych, 2019; Li XN et al., 2020; Li
B et al., 2023). Yan et al. (2019) proposed an adap-
tive Transformer encoder to model character-level
features, which showed the most advanced perfor-
mance on English and Chinese named-entity recogni-
tion (NER) datasets. Liu JG et al. (2020) combined
the advantages of BERT and LSTM networks and
proposed the BERT ensemble LSTM-BERT (BERT-
LB) model, which successively used the BERT model
and LSTM model to compute news text features
and perform classification based on them; this model
outperformed other baseline methods. Chang et al.
(2021) designed the BERT-BiLSTM iterated dilated
convolutional neural networks (IDCNN)-conditional
random fields (CRF) model to solve the problems
of multiple meanings of words, insufficient use of
contextual information, and easy neglecting of lo-
cal features, proving the effectiveness of the model in
the field of Chinese NER. In contrast to traditional
Chinese NLP tasks, most Chinese variant characters
are substituted for normal characters maliciously by
Chinese phonological and morphological features, re-
sulting in a substantial difference in semantics. This
does not affect native speakers’ understanding of the
actual meaning, but it poses a great challenge to the
detection algorithm. Although the above Chinese
NLP models have demonstrated certain effectiveness
in the Chinese language domain, they are not suit-
able for the Chinese variant-character-recognition
task currently due to the lack of attention to the
Chinese character features.

2.2 Chinese correction and translation
models

The Chinese variant-character-recognition task
(Choi et al., 2018), one of the spelling error correc-
tion tasks, is a character-level text replacement tech-
nology that uses the computer to recognize Chinese
variant text automatically according to a certain ap-
plication. There are two main representative mod-
els: correction models (Wang DM et al., 2018; Hong
et al., 2019; Cheng et al., 2020) and machine transla-
tion models (Cho et al., 2014; Meng FD et al., 2016;
Choi et al., 2018). Many scholars have conducted
in-depth research on these two types of models.

The correction models identify variant words
from the text and perform the reasonable replace-
ment for variant text by normal text (Chollampatt

et al., 2016; Ji et al., 2017; Liu SL et al., 2021; Xu
et al., 2021). Therefore, this approach generally
consists of two subtasks: detection and conversion.
Bao et al. (2020) proposed a chunk-based global op-
timal decoding method to correct the spelling er-
rors of single- and multi-character words uniformly.
Wang DM et al. (2019) provided a confusion set
to guide character generation, using the Seq2Seq
model for jointly learning to copy the correct char-
acters through a pointer network or to generate a
character from the confusion set. Zhao H et al.
(2017) proposed a graph model to generate a di-
rected acyclic graph (DAG) for each sentence, and
executed a single-source shortest-path algorithm on
the graph to simultaneously detect and correct gen-
eral spelling errors. Zhang SH et al. (2020) designed
an error detection network and a BERT-based error
correction network based on the two subtasks of the
error correction model, namely, detection and cor-
rection. The correction model is the most effective
and direct variant-character-recognition model, and
has achieved impressive results in spelling error cor-
rection tasks. However, when the number of variant
words in the text is large, the detection task becomes
a great challenge.

Traditional machine translation models take one
language as input. After embedding, encoding,
and decoding, they finally output another language
(Zhou J et al., 2020; Soydaner, 2022; Li B et al.,
2024). Initially, machine translation models were
mainly based on RNN (Zhang B et al., 2020), LSTM
(Li WS et al., 2022), and Seq2Seq (Otter et al.,
2021) models. Meng FD and Zhang (2019) pro-
posed a deep transition RNN-based machine trans-
lation model architecture, and enhanced information
mining between hidden layers by multiple nonlinear
transformations. Wang YG et al. (2017) demon-
strated the Sogou machine translation model which
follows the encoder–decoder network structure, im-
plemented a deep multilayer LSTM network for the
encoder and decoder, and finally achieved satisfac-
tory performance on a public Chinese–English news
translation dataset. The attention-based and pre-
trained models have attracted much interest from
researchers recently. Chen et al. (2018) used syn-
tactic distance constraints to extend local attention
to learn more efficient context vectors to predict
translations, and thereby achieved considerable im-
provements in Chinese–English and English–German
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translation tasks. Liu Y and Lapata (2019) intro-
duced an attention mechanism based on Transformer
to represent cross-document relationships. The use
of fine-tuning in neural machine translation (NMT)
does not fully use prior language knowledge; to ad-
dress this problem, Weng et al. (2020) designed
an acquiring knowledge from pretrained model for
knowledge acquisition from pretrained models to
NMT. The results of the above methods have made
great contributions to Chinese machine translation
tasks. In contrast to conventional machine transla-
tion tasks, Chinese variant word tasks involve input
and output within the same language, exhibiting a
degree of similarity. Consequently, it is unsurpris-
ing that traditional methods exhibit relatively weak
performance on these tasks.

2.3 Chinese NLP models based on Pinyin and
fonts

Early models based on Chinese Pinyin and
glyph features were mainly used in text classifica-
tion (Zhuang et al., 2017; Xie et al., 2020), natu-
ral language inference (NLI) (Hu et al., 2020; Shao
et al., 2024), and NER (Li JT and Meng, 2021;
Zhao S et al., 2023). Zhang Y et al. (2019) pro-
posed a new method, ssp2vec, to predict the con-
textual words based on the feature substrings of
the target words for learning Chinese word embed-
ding, and found that both morphological information
(strokes and structure) and phonological information
(Pinyin) are crucial for learning the meaning of Chi-
nese words. Inspired by computer vision, Dai and
Cai (2017) used grayscale images of Chinese charac-
ters as the input of CNN embedders, and mapped
them to a k-dimensional vector space through a fully
connected layer to represent the Chinese character
glyphs. Meng YX et al. (2019) designed a Tianzige-
CNN structure suitable for Chinese character im-
age processing, and used three types of font images,
namely, bronzeware script, seal script, and tradi-
tional Chinese characters, to extract the glyph fea-
tures of Chinese characters. For the pictograph fea-
tures and radical structure of Chinese characters,
Tao et al. (2019) demonstrated an attention-based
four-granularity model to fully use the four features
of the Chinese language, namely, characters, words,
character-level radicals, and word-level radicals, and
designed an attention mechanism to enhance the at-
tention of radicals by using BiLSTM to sense the

contextual context. Considering the methodologies
mentioned earlier, the integration of Chinese phono-
logical and morphological features proves advanta-
geous to the model’s performance in NLP tasks,
thereby affirming the imperative of using Pinyin and
glyphs as features.

3 SMTM approach

We attribute the variant-character-recognition
task to character-level machine translation. Dataset
D contains pairs of variant text XV and normal text
XN. The goal is to build a character-level Chinese
NMT model that generates normal text n ∈ XN

based on variant v ∈ XV.
In this section, we demonstrate the details of the

Chinese variant-character-translation model based
on phonology and morphology, namely, the SMTM.
The model contains an embedding layer, an encod-
ing layer, and a decoding layer. First, we follow
the fusion embedding introduced by Sun ZJ et al.
(2021), and propose a shared-weight multimodal em-
bedding layer to make full use of the phonologi-
cal and morphological features of Chinese characters
(Section 3.1). Second, our model uses the encoder-
decoder architecture (Chen et al., 2018), in which
the encoder encodes the input text into hidden repre-
sentations, and the decoder generates the target text
based on these representations (Sections 3.2 and 3.3).
Fig. 1 shows the model’s architecture. The main no-
tations used in this paper are listed in Table 2.

3.1 Shared-weight multimodal embedding
layer

Our model adds Pinyin embedding and font em-
bedding on top of BERT embedding to extract mul-
timodal features from variant text in the dataset.
We use the shared-weight embedding mechanism to
handle similar text.

3.1.1 BERT embedding

We follow the BERT embedding layer proposed
by Devlin et al. (2019), which contains token embed-
ding, position embedding, and segment embedding.
The tokenizer converts the input text into vector
form, and adds [CLS] and [SEP] before and after the
sentence, respectively, and then feeds them into to-
ken embedding. Segment embedding distinguishes
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Fig. 1 Illustration of the SMTM architecture, where ⊕ denotes vector concatenation

Table 2 Main notations used in this paper

Notation Description

XV, XN Variant and normal sets, respectively
v, n Variant and normal sentences in the corresponding set, respectively
Etoken,Epos,Eseg Token embedding, position embedding, and segment embedding in the BERT model, respectively
ctoken
i , cpos

i , cseg
i The ith character of the variant text in Etoken, Epos, and Eseg, respectively

Epinyin, Efont Pinyin and font embeddings, respectively
cpinyin
i , cfont

i The ith character of the variant text in the Pinyin and font embeddings, respectively
l, lvoc Lengths of the variant text and vocabulary, respectively
demb, dhid Dimensions of the embedding and hidden layers, respectively
PE(i,2k) The (2k)th dimension of the ith character in the position encoding
Wgen, Wdec, Wenc Initial weights of the generator, decoder, and encoder, respectively
Hv Output state of the variant by normalization and dropout layer in the encoder
Q, K, V Query matrix, key matrix, and value parameter matrix, respectively
Henc

t , Hdec
t Output states of the encoder and decoder in the tth step, respectively

two independent sentences by “0” and “1.” Position
embedding helps the model focus on the same word
in different positions in a sentence, and enhances the
sensitivity of the position.

We use token embedding, position embedding,
and segment embedding, denoted by Etoken =

(ctoken
1 , ctoken

2 , . . . , ctoken
l ) ∈ R

l×demb , Epos =

(cpos
1 , cpos

2 , . . . , cpos
l ) ∈ R

l×demb , and Eseg =

(cseg
1 , cseg

2 , . . . , cseg
l ) ∈ R

l×demb, respectively, where
ctoken
i , cpos

i , and cseg
i denote the token vector, posi-

tion vector, and segment vector corresponding to the
ith character of the variant text, respectively. demb

is the embedding layer dimension, and l represents
the variant text length.
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Epos adopts absolute position embedding and
uses sinusoidal position encoding (Vaswani et al.,
2017), denoted by PE, as shown in Eqs. (1) and (2);
PE(i,2k) and PE(i,2k+1) are the (2k)th and (2k+1)th

dimensions of the ith character in the position en-
coding, respectively; k is the vector dimension.

PE(i,2k) = sin(i/10 0002k/demb), (1)

PE(i,2k+1) = cos(i/10 0002k/demb). (2)

3.1.2 Pinyin embedding

Chinese has a unique language system, Pinyin.
Pinyin is a modern standard Chinese phonetic
scheme using the Latin alphabet, which is the in-
ternational standard specification for modern stan-
dard Chinese Romanization. Pinyin consists of 23
initials, 24 finals, and 5 tones. The longest length in
Chinese characters is six (e.g., the Chinese charac-
ter, “庄,” is represented in Pinyin as zhuāng). Un-
like Chinese Pinyin correction models, the Pinyin
embeddings for variant characters in our approach
are consistent with those of the standard characters.
These embeddings are combined with contextual en-
coding to capture the semantic information of the
entire sentence. Therefore, a vector of a fixed length
of eight is used to represent the corresponding Pinyin
of Chinese characters. The model uses the PyPinyin
package (https://pypi.org/project/pypinyin/) to en-
code the Pinyin letters and tones. It appends
the tones to the end of the vector, i.e., cpinyin

i =

[Initials, Finals, Tone] ∈ R
1×8. Here, cpinyin

i de-
notes the Pinyin vector corresponding to the ith

character of the variant text. If the length is <8,
zero is the placeholder for the vector. Epinyin =

(cpinyin
1 , cpinyin

2 , . . . , cpinyin
l ) ∈ R

l×demb is the Pinyin
embedding.

3.1.3 Font embedding

Chinese characters are one of the oldest scripts
in the world, with a history of >6000 years, and
have gradually changed from complex to simple. We
add the traditional font images based on three other
fonts, namely, Fangsong, clerical script, and Xingkai,
denoted by imgfont

i . A random sample of 2000 vari-
ant characters is selected, and their stroke counts
are analyzed. The relationship between stroke count
and Chinese variant character count is illustrated in
Fig. 2. As observed, the majority of Chinese vari-
ant characters have stroke counts ranging between

10 and 20. According to Li WG et al. (2024), the
threshold for effective Chinese character image pro-
cessing varies with pixel size and stroke count. For
characters with stroke counts between 12 and 26, a
24-pixel size is recommended. Consequently, we set
the image size to 24 × 24 pixels. We apply a CNN
to encode the image of each font as the font embed-
ding Efont = (cfont

1 , cfont
2 , . . . , cfont

l ) ∈ R
l×demb. cfont

i

denotes the font vector corresponding to the ith char-
acter of the variant text, as shown in Eq. (3):

cfont
i = CNN(imgfont

i ). (3)
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Fig. 2 Distribution of the stroke count and the Chi-
nese variant character count

3.1.4 Emoji enhancement

In the current common word embedding
process, emojis and special symbols are repre-
sented by [UNK], resulting in insufficient se-
mantic representability of the model. To ad-
dress this issue, we use the emojiswitch pack-
age (https://pypi.org/project/emojiswitch/) for
emoji recognition to handle out-of-vocabulary
(OOV) text.

3.1.5 Shared-weight embedding mechanism

We use the PyTorch package for model devel-
opment, which generates a random set of weights
for the source sentence, target sentence, and gener-
ator by default. The principle is that the decoder
generates text based on the embedding result of the
target sentence and the predicted text. However,
with the increase of the number of training steps,
the target sentence weights diverge from the source



Sun et al. / Front Inform Technol Electron Eng 2025 26(7):1066-1082 1073

sentence weights gradually, making it difficult to ac-
curately mine the semantic information of similar
text. Therefore, we propose the shared-weight em-
bedding mechanism to initialize the target sentence
weights and generator weights in the decoder, as
shown in Eq. (4). This mechanism ensures a one-
to-one correspondence between text and embedding
in the encoder, decoder, and generator, which en-
hances the text generation capability of the model.

Wgen = Wdec = Wenc ∈ R
lvoc×demb,Wenc ∼ N(0, 1),

(4)
where Wgen, Wdec, and Wenc denote the initial
weights of the generator, decoder, and encoder, re-
spectively. lvoc represents the length of the vocab-
ulary. The initial weights obey a normal distribu-
tion N(0, 1) with a mean of 0 and a variance of 1.
The shared-weight embedding mechanism can im-
prove the model’s semantic mining capability and
handle a high semantic similarity between the in-
put and output. The detailed embedding module is
shown in Algorithm 1.

Algorithm 1 Shared-weight multimodal embedding
module
Require: source sentence of Chinese variant characters,

sentence=(c1, c2, . . . , cl)

Ensure: the vector after the extraction of phonological
and morphological features, ctotal

i

1: for i = 0 to len(sentence) do
2: cpinyin

i = pinyinProcess(ci);
3: while len(cpinyin

i ) ≤ 8 do
4: cpinyin

i .append(0);
5: end while
6: for j = 0 to 4 do
7: cij = CNN(ci);
8: cfont

i .append(cij);
9: end for

10: (ctoken
i , cpos

i , cseg
i ) ⇐ BERTEmbProcess(ci);

11: cconcat
i = Concat[cpinyin

i , cfont
i , ctoken

i ]; /* concate-
nated character representation */

12: ctotal
i = cconcat

i + cpos
i + cseg

i ;
13: end for
14: return ctotal

i

3.1.6 Noise analysis

Regarding the handling of noise in multiple em-
bedding representations (Jin et al., 2022), we opti-
mize the learning process of various Chinese embed-
ding representations through a shared-weight em-

bedding mechanism. Weight sharing is implemented
across four different embedding layers, which effec-
tively reduces the total number of model parameters
by eliminating the need to train and maintain sep-
arate sets of weights for each layer. Meanwhile, the
shared-weight embedding mechanism ensures consis-
tency and coherence in the processing of embedding
representations across layers, thereby facilitating ef-
fective information transfer and integration between
different layers. Moreover, by using identical weights
to learn and transform input data in each encoding
layer, key information is extracted and represented
in a coordinated and consistent manner. This coor-
dination helps minimize noise accumulation due to
interlayer differences or inconsistencies, enhancing
the overall stability and accuracy of the embedding
representation. In summary, by enabling different
embedding representation layers to share a common
set of weights, we not only significantly reduce pa-
rameter redundancy but also effectively decrease the
noise introduced during the fusion and integration
of diverse embeddings. This approach improves the
generalization ability of the model and enhances its
robustness and accuracy in handling complex Chi-
nese linguistic phenomena.

3.2 Encoder

3.2.1 Encoder input

The output of the embedding layer is used as the
input for the encoder. We concatenate the Pinyin
and font embeddings with the token embedding and
send the result to the fully connected (FC) layer.
After summing with position and token embeddings,
the result is fed to the normalization and dropout
layers to obtain the output of the embedding layer.
The specific process is shown in Eqs. (5)–(7):

Econcat = FC(Epinyin ⊕Efont ⊕Etoken), (5)

Etotal = Econcat +Epos +Eseg, (6)

Hv = Dropout(Norm(Etotal)), (7)

where ⊕ denotes vector concatenation, Econcat ∈
R

l×demb represents the result of the concatenation
of Pinyin, font, and token embeddings, Etotal ∈
R

l×demb is the result after the summation of Econcat,
position embedding, and segment embedding, and
Hv ∈ R

l×dhid represents the output of the normal-
ization and dropout layers. The dimension of the
hidden layer is denoted by dhid, where dhid = demb.
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3.2.2 Attention mechanism of the encoder

The complexity and diversity of Chinese vari-
ants pose a certain challenge to mining the core
semantic information. The attention mechanism
can capture the key parts of the vector well. Our
model uses a multihead attention mechanism to fo-
cus on different positions by giving attention to
multiple subrepresentation spaces. The query ma-
trix Q ∈ R

l×dhid , key matrix K ∈ R
l×dhid , and

value matrix V ∈ R
l×dhid are calculated by the

query, key, and value parameter matrices of the
ith head, W q

i ∈ R
dhid×dq , W k

i ∈ R
dhid×dk , and

W v
i ∈ R

dhid×dv , respectively. The MultiHead(·) is
obtained based on all the headi and output weights
WO ∈ R

dv×dhid , as shown in Eqs. (8)–(10), where
i ∈ {1, 2, ...,N} and N represents the number of
heads. We set the number of attention heads as
h = 8, and dq = dk = dv = dhid/h. The encoder
output is obtained after the residual network, nor-
malization layer, and feedforward (FF) network.

Qi = HvW
q
i ,Ki = HvW

k
i ,Vi = HvW

v
i , (8)

headi(Qi,Ki,Vi) = softmax
(
(QiKi)

T
√
dk

)
Vi, (9)

MutiHead(Q,K,V)=(head1⊕head2⊕· · ·⊕headN)WO.

(10)

3.3 Decoder

3.3.1 Decoder input

The input of the decoder contains two parts:
the output of the decoder at the previous time step
and the output of the last encoder at the current
time step, both of which are obtained from the out-
put of the multihead attention mechanism through
the residual connection, regularization layer, and FF
layer, as shown in Eqs. (11) and (12). Additionally,
the encoder output is a set of sequence vectors, which
are used as the input of the decoder’s key matrix and
value parameter matrix.

Henc
t =FF(Add&Norm(MultiHeadenc

t (Q,K,V ))),

(11)
Hdec

t−1=FF(Add&Norm(MultiHeaddec
t−1(Q,K,V ))),

(12)
where Henc

t denotes the output of the encoder at
time step t and Hdec

t−1 is the output of the decoder at
the previous time step t− 1.

3.3.2 Attention mechanism of the decoder

In contrast to the encoder, in the attention
mechanism of the decoder, the decoder adds a
masked multihead attention mechanism, which en-
ables the model to focus only on words earlier than
the current position in the output sequence by posi-
tional encoding. The input of the query matrix Qdec

t

is obtained based on the output Hdec
t−1 of the decoder

at time step t− 1. The input of the key matrix Kdec
t

and value matrix V dec
t is calculated from the out-

put of the encoder Henc
t , as shown in Eqs. (13)–(15).

Through the attention mechanism, it is beneficial
to focus on the relationship between the predicted
normal character and the current variant character
to mine deeper semantic information and enhance
the learnability of the model on the Chinese variant-
character-recognition task.

Kdec
t = Henc

t W k
t , (13)

V dec
t = Henc

t W v
t , (14)

Qdec
t = Hdec

t−1W
q
t . (15)

3.3.3 Generator layer

The generator calculates the vocabulary prob-
ability distributions based on the log softmax layer
and linear layer according to attention scores to ob-
tain the corresponding predicted word, as shown in
Eq. (16):

Pvocab = LogSoftmax(W1αt + b1), (16)

where Pvocab is the vocabulary probability distribu-
tion of the task, αt denotes the attention score at
step t, and W1 and b1 are learnable parameters.

4 Simulations

4.1 Datasets and evaluation metrics

4.1.1 Datasets

We evaluate our model on the CCF BDCI
dataset, which is from the BDCI competition, and
the data consist of various spam text contents re-
ported by users. The variant mode, including
morphological similarities, homophones, traditional
characters, and various interfering characters, is in-
serted into the text for spacing. The datasets contain
60 915 pieces of text; 11 358 pieces of data are used
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for training and 49 557 pieces of data are used for
test. Each piece of data consists of source and tar-
get sentences, corresponding to variant and normal
text, respectively; their average lengths are 54 and
49, respectively.

4.1.2 Evaluation metrics

This paper uses the bilingual evaluation under-
study (BLEU) metric (Papineni et al., 2002) to mea-
sure the fluency of translations and the F1 metric
to demonstrate the correction of variant characters.
BLEU is a fast, efficient, and language-independent
automatic machine translation evaluation metric. It
measures the fluency and similarity between the
candidates and the references to obtain the corre-
sponding score. Therefore, we calculate BLEU1 and
BLEU2, i.e., single-word overlap and binary overlap
in the text, and use two sets of weights [0.4, 0.6, 0, 0]
and [0.25, 0.25, 0.25, 0.25] to obtain BLEU1−2 and
BLEUavg, respectively. We calculate the score after
averaging with F1, as shown in Eqs. (17)–(20):

BLEU = BP · e
∑N

n=1(wnlogpn) × 100%, (17)

BP =

{
e1−

r
c , c ≤ r,

1, c > r,
(18)

F1 = 2× Precision · Recall
Precision+Recall

× 100%, (19)

Score =
(BLEU1−2 + BLEUavg)/2 + F1

2
× 100%,

(20)
where r and c denote the numbers of references and
candidate translations respectively, BP and pn rep-
resent the penalty factor and the value of n-gram,
N denotes the number of grams (n ∈ {1, 2, · · · , N}),
and wn is the weight of n-gram, which adds up to 1.

4.2 Implementations and baseline methods

4.2.1 Implementations

We use the PyTorch and Transformer pack-
age to implement the SMTM and extend the size
of the BERT-based Chinese dictionary from 21 128
to 23 236 to better handle OOV text. The model
adopts the Transformer encoder–decoder architec-
ture, which consists of 14 layers with eight attention
heads. The number of hidden units is 768, and the
hidden size of all FF layers is 1024. The embedding
layer uses a shared-weight multimodal embedding

layer, where the position embedding layer is initial-
ized with the position embedding of BERT and uses
the source sentence weights to initialize the target
sentence weights and generator weights of the de-
coder during training. We train our model with the
Adam optimizer for 31 800 steps, the batch size is
set to 10, the dropout is set to 0.1, and the initial
learning rate is set to 0.4 for the best results. We also
apply the learning rate warmup over the first 2385
steps to improve the stability of the model.

4.2.2 Baseline methods

We select several baseline models with represen-
tatives for comparison, as follows:

1. Error correction model. The Chinese variant-
character-recognition task is similar to the Chinese
spelling correction (CSC) task. So, we try to conduct
comparison using the error correction model to com-
pare the performance of the two different models in
the current task. We choose the confusion set-guided
pointer network (CPN) (Wang DM et al., 2019), the
most advanced model in the field of CSC, which can
recognize variant characters using the Chinese char-
acter confusion set for the comparison.

2. Seq2Seq. Seq2Seq is a common and ef-
fective method in the field of machine translation,
which includes two parts: encoder and decoder. We
choose three different Seq2Seq models to compare
the model effect, namely, recurrent Seq2Seq, convo-
lutional Seq2Seq (Gehring et al., 2017), and state-
of-the-art pretrained model BERT encoder, repre-
sented by BBT (BERT embeddings + BERT en-
coder + Transformer decoder), to observe the per-
formance of the pretrained model on the dataset.
The BERT model was developed by the Hug-
gingFace team (https://huggingface.co/bert-base-
chinese/tree/main) and has been pretrained in the
Chinese corpus.

3. Embedding layer. The embedding layer is de-
signed to extract textual features. We choose the
most common and advanced embedding layers for
comparison, namely, random embedding and BERT
embedding. The Transformer encoder–decoder ar-
chitectures, i.e., RTT (random embedding + Trans-
former encoder + Transformer decoder) and BTT
(BERT embedding + Transformer encoder + Trans-
former decoder) (Liu Y and Lapata, 2019), are used
as comparison to further illustrate the advanced na-
ture of the SMTM.
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4. Large language model. Large language mod-
els have become one of the most prominent research
directions and represent the latest advancements in
NLP. Due to hardware constraints, the open-source
models Qwen2-7B (Yang et al., 2024) and Llama 3.1
8b (Dubey et al., 2024) are selected as the baseline
models for our comparison. These models are used to
demonstrate the superiority of the proposed SMTM.

4.3 Simulation results and comparisons

We evaluate the model’s performance using
BLEU1−2, BLEUavg, and F1 metrics. Table 3 il-
lustrates the performance of the proposed method
and the baseline models. It can be seen that the
SMTM performs superiorly, which is consistent with
the results of the methodological study, as detailed
in the following observations and analysis:

In contrast to the error correction model, ma-
chine translation models demonstrate superior effi-
cacy in recognizing Chinese variant characters. Sim-
ulation results demonstrate that our model signif-
icantly surpasses the error correction model. Pre-
diction outcomes reveal that when the text con-
tains numerous variant text, the error correction
model performs poorly, corroborating previous re-
search findings. Furthermore, the CPN, which pri-
marily uses Chinese character confusion sets for as-
sistance in transformation, is limited in scope and
cannot encompass all variants or learn non-Chinese
characters. Consequently, the error correction model
lacks the capability to recognize variant characters
adequately.

For the Seq2Seq approach, Table 3 indicates
that the attention-based Seq2Seq model (Trans-
former and BERT) surpasses convolutional and re-

cursive methods, suggesting that the semantics of
the target text is inferred from the contextual core
information of the source text. Furthermore, when
compared to Transformer, the Seq2Seq model us-
ing BERT as the encoder demonstrates a decline
in performance. The simulation results reveal that
the BERT encoder relies on extensive downstream
prediction training, and when juxtaposed with more
structured pretraining corpora, there are notable dis-
parities between the BERT Chinese corpus and the
tasks addressed in this simulation.

The embedding layer exerts the most pro-
nounced influence on the model, with the SMTM at-
taining superior performance in both BLEU and F1
metrics. The primary disparities among the simula-
tion outcomes of the models are manifested in the F1
metric, with the SMTM exhibiting an improvement
of 0.474 percentage points (PPs) over the optimal
baseline. Given that normal characters correspond
to multiple variant characters, the correlation of fea-
tures among characters is crucial for the semantic
mining of characters. Among all the commonly used
embedding techniques, our model can learn a greater
number of Chinese character features, thereby accu-
rately identifying and transforming variant words.

Large language models have demonstrated re-
markable capabilities in tasks such as dialogue and
writing assistance. However, their performance is
somewhat limited in recognizing and correcting Chi-
nese variant characters. As shown in Table 3, the
proposed SMTM outperforms the baseline large lan-
guage models across all metrics. The lower accu-
racy in recognizing Chinese variants by Llama 3.1
can be attributed to its limited inclusion of Chi-
nese semantic information. Although Qwen2 has

Table 3 Performance comparison on the CCF BDCI dataset

Type Model BLEU1−2 (%) BLEUavg (%) F1 (%) Score (%)

Error correction model CPN 79.767 75.849 70.134 73.971

Seq2Seq
Recurrent Seq2Seq 70.690 65.886 65.510 66.899

Convolutional Seq2Seq 72.269 68.533 66.667 68.534
BBT 87.333 83.150 67.027 76.134

Embedding layer
RTT 85.206 80.745 76.392 79.684
BTT 85.121 80.832 79.006 80.991

Large language model
Llama 3.1 8b 72.871 67.609 65.928 68.084
Qwen2-7B 81.537 77.132 75.264 77.299

Our model SMTM 89.550 86.017 79.480 83.632

The best results are in bold
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undergone extensive pretraining on Chinese seman-
tics, its performance on Chinese variant characters is
suboptimal. This is because recognizing these vari-
ants requires not only an understanding of Chinese
semantics but also reasoning about Chinese Pinyin,
font, and emoji. Our model, on the other hand, en-
hances performance by learning Chinese semantics,
Pinyin, font, and emoji. The shared-weight embed-
ding mechanism enables a deeper exploration of the
differences and correlations between Chinese variant
characters and standard text, resulting in superior
performance.

5 Ablation studies

5.1 Effect of each SMTM component

In this subsection, we detail ablation simula-
tions conducted under various settings to investigate
the influence of each component in SMTM on model
effectiveness. Table 4 displays the scores of differ-
ent components of the ablation simulations on the
dataset. The primary objective of this study is to
uncover the semantic information within variant text
using Pinyin and font embeddings, along with the
shared-weight embedding mechanism. Our findings
reveal that the SMTM achieves the highest score,
demonstrating its superior performance in the task
of Chinese variant character transformation. Fur-
thermore, removing any component results in vary-
ing degrees of model degradation. We remove Pinyin
embedding, font embedding, and shared-weight em-
bedding mechanism, to analyze which factor leads to
a decrease in the performance of the model.

1. W/o Pinyin embedding (Here w/o means
without). Removing Pinyin embedding has the
greatest impact on the model, decreasing the model
performance score by 2.658 PPs and the F1 metric
by 3.761 PPs. It illustrates that Pinyin embedding

has the greatest contribution to the SMTM model.
2. W/o font embedding. Removing the font em-

bedding affects the model’s efficiency. We can ob-
serve that the F1 metric of the translation increases
considerably instead. An analysis of the data asso-
ciated with the improved F1 metric indicates that in
approximately 76% of the cases, non-Chinese char-
acters account for more than 50% of the content.
This is because, after removing the font embedding,
variant characters with specific Chinese font features
cannot be accurately recognized or corrected. As a
result, both the numerator and the denominator in
the precision calculation of Eq. (19) decrease, with
a more significant drop in the denominator, leading
to an increase in the precision value. Consequently,
a slight increase in the F1 metric is observed in Ta-
ble 4, as indicated by Eq. (19). Despite the increase
in the F1 metric, the score decreases overall. Simi-
larly, this is the reason for the rise in the F1 in other
ablation simulations.

3. W/o the shared-weight embedding mecha-
nism for the decoder. It is worth noting that re-
moving the shared-weight embedding mechanism for
the decoder results in a larger decrease in BLEU-
related metrics, with a maximum decrease of 3.550
PPs. Analysis of the average percentage of identi-
cal characters between source and target sentences
reveals a higher similarity in the data where BLEU
metric decreases, with the proportion increasing by
more than one-tenth relative to the alternative vari-
ant. This indicates that the performance of the
model decreases in the scene of similar text after
removing the shared-weight embedding mechanism.

4. W/o the shared-weight embedding mecha-
nism for the generator. Compared with removing
the shared-weight embedding mechanism for the de-
coder, the change in score after removing the shared-
weight embedding mechanism for the generator is
smaller. We can analyze that the generator structure

Table 4 Results of SMTM model ablation simulations

Model BLEU1−2 (%) BLEUavg (%) F1 (%) Score (%)

SMTM 89.550 86.017 79.480 83.632
W/o Pinyin embedding 88.144 (↓1.406) 84.314 (↓1.703) 75.719 (↓3.761) 80.974 (↓2.658)
W/o font embedding 87.009 (↓2.541) 83.164 (↓2.853) 81.859 (↑2.379) 83.473 (↓0.159)
W/o sharing for decoder 87.167 (↓2.383) 82.467 (↓3.550) 80.092 (↑0.612) 82.455 (↓1.177)
W/o sharing for generator 87.245 (↓2.305) 82.732 (↓3.285) 79.976 (↑0.496) 82.482 (↓1.150)
W/o emoji enhancement 87.663 (↓1.887) 83.455 (↓2.562) 80.299 (↑0.819) 82.929 (↓0.703)
The best results are in bold. The value in the brackets means the improvement or decrease compared with the SMTM, denoted
by ↑ and ↓, respectively
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is simpler and the shared-weight embedding mecha-
nism affects only the linear and softmax layers and
has less impact on the learning and mining of the
semantics during model training.

5. W/o emoji enhancement. We remove the
emoji enhancement in the embedding process. It
has some effect on the special scene of the emoji. It
can be seen that there is a decrease in both BLEU
metrics, because emoji can be fully encoded by the
embedding layer after conversion, thus working in
the variant-character-recognition task.

5.2 Analysis of model’s efficiency

To quantitatively compare the computational
efficiency of our SMTM with other baselines during
the inference phase, we begin timing when the data
entered the model and stopped once the loss values
for each batch were obtained. We set each batch to
10 and calculated the average training time required
for 10 batches, to facilitate model’s efficiency com-
parison. Simulations were conducted on central pro-
cessing units (CPUs), single graphics processing unit
(S-GPU), and multi-GPUs (M-GPUs) to investigate
the relationship between model’s efficiency and simu-
lation setup. The CPU simulation was conducted on
a machine equipped with 16 Intel Xeon Silver 4110
CPUs (totaling eight cores), while the GPU simula-
tion used an NVIDIA Tesla V100.

The time of the inference phase for the four mod-
els is shown in Fig. 3. Although the inference time of
our SMTM is longer than that of the other baselines
under CPU devices, the time under S-GPU and M-
GPUs is only 0.14 and 0.05 min longer, respectively,
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Fig. 3 Comparison of the results of model efficiency

than that of BTT on average. The reason is that
for non-real-time tasks, our model has more learned
parameters compared to the other three models, and
both parameter learning and convergence processes
consume time to improve the model’s performance.
Such time consumption is perfectly acceptable in
the field of deep learning. In addition, the effect of
different devices varies from one model to another,
and when computing in parallel on multiple GPUs,
our model consumes only 0.05 min more than the
BTT model, while the performance remains optimal
among all the models.

5.3 Error analysis

For a deeper understanding of the sources of
errors and the types of errors corrected in our pro-
posed SMTM, we randomly annotate 100 selected
mistranslated Chinese variants. We categorize the
error types into four categories: incomplete input,
expression ambiguity, numerical errors, and font se-
mantic errors, and the specific explanations of each
error type are as follows:

1. Incomplete input. It happens when the input
text of the model has Chinese simplified expressions
or abbreviated expressions. This kind of expression
usually requires the model to automatically complete
the semantic information and recognize the logical
relationship, or the translated information could be
misrepresented.

2. Expression ambiguity. An emoticon exists in
the input text of the model, and the meaning of the
emoticon represents different types of semantic in-
formation according to various contextual informa-
tion. This situation typically depends not only on
the emoji encoding but also on the model’s ability
to accurately localize the semantics contained in the
emoji based on contextual information.

3. Numerical errors. The presence of numbers in
the input text, with the numbers being interspersed
with Chinese numeric expressions, causes these er-
rors. When such a situation exists even if the trans-
lation model can accurately recognize the Chinese
variant characters, the model will show erroneous
results in subsequent translations due to the inheri-
tance of these numerical errors.

4. Font semantic errors. These errors are gen-
erally due to the presence of image-like textual rep-
resentations in the dataset. When performing image
recognition, encoding errors lead to deviations in the



Sun et al. / Front Inform Technol Electron Eng 2025 26(7):1066-1082 1079

semantics of the text, thus making it challenging for
the model to provide a final accurate translation.

The analysis results for the error types of the
annotated data are shown in Fig. 4. By compar-
ing the error differences between our SMTM and
the baseline model BTT, it can be seen that our
model effectively corrects 28% of the errors from the
baseline. In particular, the error type of incomplete
input is reduced by 12 PPs, which indicates that
our proposed model is capable of accurately encod-
ing semantics based on contextual information when
facing Chinese acronym expressions, proving that
Pinyin embedding is effective in assisting BERT em-
bedding to accurately learn the contextual semantics
during the encoding process. Both the numbers of
instances of expression ambiguity and font semantic
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Fig. 4 Error analysis results with baseline BTT as
the standard

errors decrease, demonstrating the effectiveness of
the emoji enhancement and font embedding added
to our model, which can accurately recognize ex-
pression and font semantics in Chinese. Numerical
errors decrease by 11 PPs, reflecting the effective-
ness of the model in recognizing numbers. In gen-
eral, our model can significantly improve the ability
to understand complex contexts, thus reducing the
occurrence of errors when facing numbers, emojis,
and fonts appearing in Chinese variant characters,
improving the performance of the model and con-
firming its practical effect and application value in
the Chinese variant-character-recognition task.

5.4 Case study

To visually compare the quality of the models
in translating Chinese variant characters, we con-
duct a case study and present it in Fig. 5, which
contains the Chinese variant characters generated by
the baseline model BTT and our proposed SMTM.
The comparison shows that the BTT model is ca-
pable of accurately recognizing and translating Chi-
nese variants of homophone and Pinyin substitution,
while it is less effective for other types of variants.
For Pinyin abbreviation, special symbol substitu-
tion, and Chinese–English mixture, BTT prefers to
translate the variant characters into English. When
facing similar character substitution and inversion
of word order, although BTT can translate the cor-
rect Chinese characters, the semantics is not in con-
formity with the general expression. For the input
text containing traditional character substitution, it

Variant mode

Homophone

Text BTT SMTM

Pinyin substitution

Pinyin abbreviation

Traditional character substitution

Similar character substitution

Radical split

Special symbol substitution

Chinese–English mixture

Inversion of word order

Fig. 5 Case study
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is treated as an unrecognized font in the translation
process due to the limited encoding capability of the
model. Our proposed SMTM accurately recognizes
and translates the nine Chinese variant characters
according to the contextual semantic expressions,
which proves that the character’s phonological and
morphological features added in the encoding stage
of our proposed model can accurately recognize var-
ious characters and Pinyin in the Chinese variant
characters. In addition, the proposed shared-weight
embedding mechanism can strengthen the connec-
tion between source and target characters and facili-
tate the generation of target sentences, thus improv-
ing the model’s performance.

6 Conclusions

Current methods for Chinese character embed-
ding typically use Chinese character tokens for pro-
cessing. However, this unimodal approach faces chal-
lenges in capturing the phonological and morpho-
logical features of Chinese characters. In this pa-
per, we present the SMTM. It mines the deep se-
mantic features of Chinese variant text based on
Chinese characters, Pinyin, and font images, and
uses a shared-weight embedding mechanism to gen-
erate target sentences. In the simulations, we show
that our model outperforms all compared models in
the Chinese variant-character-recognition task. In
the investigation of the Chinese variant-character-
recognition task, precise classification and labeling
of variant and standard characters are particularly
crucial. The Uniform Content Label (UCL, GB/T
35304-2017) provides a standardized approach for
classifying and labeling contents to improve the man-
ageability and traceability of Chinese variant charac-
ters. UCL was originated by Professor Youping LI,
an academician of the Chinese Academy of Engineer-
ing, and it can guarantee the security and reliability
of data sources by using mechanisms such as dual
signature, chain of accountability, and time–space
self-consistency. Based on this, UCL could ensure
the accuracy of deep learning-based Chinese variant-
character-recognition tasks by discerning and elimi-
nating forged and variant content through identifica-
tion and filtering processes. In our future work, we
will focus on the annotation and classification prob-
lem of Chinese variant characters using UCL to show
better performance in the Chinese domain.
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