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Abstract
Most Chinese pre-training studies follow word-level strate-
gies of English pre-training. These studies do not consider the
exposure imbalance of Chinese characters, resulting in imbal-
anced performance on different downstream tasks. To address
above issues, we propose a structure semantic constraints of
Chinese Characters for enhanced language modeling. Since
a Chinese character is composed of several structure units
(components, strokes and composite types), the structure se-
mantic constraints explore Chinese structure-level seman-
tics via deconstructing and reconstructing between Chinese
characters and structure units. In contrast to MLM, which
learns the global semantics of characters, this task is designed
to focus on their local semantic representations. Different
level representation tasks help model performs well in fine-
grained Chinese representation, alleviating imbalanced word-
level pre-training by balanced structure-level pre-training.
In terms of experiments, we implement structure semantic
constraints on the BERT architecture. The proposed model
achieves overall performance improvement on multiple Chi-
nese NLP tasks. Experimental results and analysis demon-
strate the effectiveness of proposed scheme in Chinese pre-
training.

Introduction
Chinese pre-training aims to establish general representation
for each character in Chinese context (Clark et al. 2019; Qiu
et al. 2020). The issue of imbalanced Chinese characters is
emerging with larger training corpus and broader domain
coverage. For instance, prepositions outnumber nouns in an
open domain and professional nouns outnumber common
nouns in a specific domain. Research (Li et al. 2020a) in-
dicates word imbalance led to anisotropy, which is a conical
distribution between word embeddings of language model.
High-frequency words near the cone’s origin, while low-
frequency words are dispersed at greater distances. Due to
the polarization, it’s unfair to measure the similarity between
words of varying frequencies by the same standard. Further-
more, the sparse distribution of low-frequency word result
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in incomplete semantic spaces. Therefore, words imbalance
prevalent in corpora poses challenges for the pre-training of
language models.

Strategies of mitigating word imbalance for English pre-
training generally include sampling and weighting. Sam-
pling strategy directly affects word frequency. The sub-
sampling (Mikolov et al. 2013) discard frequently occurring
but not significant words with certain probability. Further-
more, statistics of word occurrences in corpora (Pennington,
Socher, and Manning 2014) serve as essential data for repre-
senting words. As a particular sampling, whole word mask-
ing (WWM) is employed in the masked language modeling
(MLM) (Devlin et al. 2019), which is primary pre-training
task in language models. It treats word pieces as independent
tokens of vocabulary. Words containing masked token have
a masking probability. Low-frequency words pre-training
is improved because it may contain high-frequency tokens.
Weighting strategy emphasizes the enhancement of low fre-
quency words (Yu et al. 2022). Low-frequency words are
marked as positive samples challenging to classify. Positive
samples are assigned higher weights than negative samples
to boost impact in training. It is often employed in classifi-
cation tasks to deal with imbalanced data (Li et al. 2020b;
Menon et al. 2020).

Howere, the above methods exhibit limitations in Chinese
pre-training by not taking the imbalance of Chinese charac-
ters into account. The national standard Chinese character
table currently lists 8105 standard characters, of which 3500
are commonly used. It means Chinese has more abundant se-
mantic patterns than English. Sampling may disrupt the nat-
ural distribution of Chinese language. As training data ex-
pands, the impact intensifies. Weighting focus on fine-tuning
rather than pre-training. MLM is a multi-class classification
with categories equivalent to tokens in vocabulary. It’s not
suitable for weighting given that categories in MLM greatly
exceeds that of general classification.

We propose the optimization scheme of Chinese character
structural-semantic constraints to obtain a robust representa-
tion for imbalanced Chinese characters. The scheme consists
of MLM task and Chinese structural recombination (CSR)
task, as illustrated in Fig. 1. The MLM task extracts global
feature of Chinese character to represent word-level seman-
tics. The CSR task extracts local feature of Chinese character
and refines semantics into structure-level. Dual tasks present
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Figure 1: Chinese character structural-semantic constraints optimization scheme. The workflow includes four parts: data pro-
cessing, dual-semantics diagram, dual-tasks, and modeling.

each Chinese character with two levels of semantics dur-
ing pre-training. Maintaining semantic consistency between
structure-level and word-level aims to enhance the repre-
sentation of low-frequency Chinese characters. More pre-
cisely, low-frequency Chinese characters of semantics ben-
efit from high-frequency Chinese characters when the for-
mer share common structures with the latter. It’s the core to
mitigate the issue of imbalanced Chinese characters. We se-
lect BERT as the foundational model for implementing the
scheme. Our model shows superior performance than base-
line in both multi-domain reading comprehension and fine-
grained entity recognition. According to experimental anal-
ysis, the proposed scheme aids language models in attaining
a balanced semantic recognition ability beyond the limits of
word imbalance.

Methodology

Chinese dual-task consistency includes two parts: dual-task
execution and representation consistency. Dual task refers
to the MLM task of learning word representation and the
CSR task of learning structural representation. Representa-
tion consistency refers to maintaining semantic consistency
at both word-level and structure-level during pre-training.

Masked Language Modeling Task

As crucial pre-training task in language models, MLM task
constructs the word-level semantics of Chinese characters
and phrases (Che, Li, and Liu 2010).The MLM task of pro-
posed scheme maintains with the version of BERT but intro-
duces new function for dual-task execution. It’s not only an
extractor of global features but also the source of local fea-
tures for Chinese characters. The word-level semantics ob-
tained from MLM, the smallest semantic granularity in cur-
rent Chinese pre-training (Hewitt and Manning 2019; Diao
et al. 2020; Zhang, Li, and Li 2021), will be decomposed
into structure-level semantics through the CSR task. This
means two levels of Chinese semantic coexist in the pre-
training and need to be consistent.

Chinese Structure Recombination Task
The CSR task aims to develop a robust Chinese character
representation that mitigates the impact of different Chinese
character exposures on training.

The task execution process can be divided into decon-
structing and reconstructing. The deconstructing stage con-
verts Chinese characters into structural sequences and ex-
tracts its local feature. The reconstructing stage recombines
a structural sequences into a complete Chinese character,
which aims to transfer the semantics of Chinese character
representation from local to global.

Deconstructing Deconstructing aims to convert a Chi-
nese Character into its structural sequence for structural
hard-coding. A structural sequence includes components1,
strokes2 and composite types3. Inputs of the deconstruct-
ing stage include a Chinese characters list α of BERT vo-
cab, a component database ϕ containing relationships from
Chinese character to its components and a stroke database
ζ containing relationships from Chinese character to its
strokes. Outputs of the deconstructing stage include a struc-
ture vocabulary ν and a mapping table τ . The structure vo-
cabulary contains all structure units of Chinese characters
in Unicode. The mapping table contains relationships from
Chinese characters to structural sequence, which is used for
pre-training data generation. In order to unify pre-training
data format, the structural sequence of each Chinese char-
acter will be padding to a fixed length ι. The followings
describe the settings for key parameters in this paper. The
output size of ν is 8521. The output size of τ is 7321. The
fixed length ι is set to 7.

Reconstructing Reconstructing aims to balance training
benefits between Chinese characters of varying frequen-
cies. Fig. 3 shows an example of reconstructing. Assum-
ing that Chinese character [称] totally occurs 1000 times
in corpora, which is 100 times more than [穗]. Fig. 3(a)

1https://www.chise.org/ids/
2https://github.com/kfcd/chaizi
3https://www.unicode.org/charts/PDF/U2FF0.pdf



and 3(b) respectively present sampling and weighting meth-
ods, narrowing the disparity proportion from 100 to 1. In
Fig. 3(c), component [禾] and composite type [ICD-1] co-
exist in [称] and [穗]. The improved exposure of [穗] at
structure-level narrow the disparity proportion from 100 to
1.49. Intuitively, the recombining can achieve similar effects
as sampling and weighting while remaining Chinese charac-
ters natural distribution. Common structures of imbalanced
Chinese characters serve as information carriers. When low-
frequency Chinese characters share common structures with
high-frequency Chinese characters, the former benefit from
the latter through reconstructing structures into a complete
Chinese character during pre-training. Reconstructing stage
connects structural semantics to local feature of Chinese
characters.
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Figure 2: Composite Types of Chinese Characters. There are
12 identifiers in Unicode representing the combination types
of Chinese characters
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Figure 3: Example of Chinese Structure Recombination. The
values in the example are set to illustrate the effect of three
methods on the frequency of Chinese characters.

Whole Structures Masking (WSM)
The WSM strategy aims to explore relationships between
global and local semantics within a Chinese character. A
Chinese character and its structural sequence will be masked
simultaneously in the WSM strategy. Chinese characters and
their structures are embedded into a unified semantic space
interact with each other under attention mechanisms. The
WSM is formally similar to the original WWM, which bene-
fit from independent structure representation. Structures are
close to word pieces and Chinese character is close to word.
Table 1 shows general input-output forms of WSM.

Maintaining consistency of dual-representation is an im-
portant step to apply the frequency robustness derived from
CSR tasks to final Chinese character representations. For
Chinese characters, MLM task extracts global feature to
learns word-level semantics, while CSR task extracts local

feature to refine semantics into structure-level. The seman-
tics at both levels merge into a complete Chinese character
representation during pre-training.

Scheme Implementation
As an implementation of proposed scheme on BERT, the
construction of proposed model includes optimizing the ar-
chitecture to achieve a dual-task training, and designing a
loss function to consistently update parameters (Pan et al.
2023). Fig. 4 shows the whole architecture of proposed
model.

Embedding Layer To realize structural hard coding, we
assign a unique ID to each structure. This process requires
a language model to extend its embedding layer. According
to the structure vocabulary created by deconstructing stage
described in section , embedding layer adds 8521 structure
embedding. Structure embedding dimension is set to 768,
aligning with BERT settings. Consequently, the expansion
of embedding layer equivalent to adding a matrix with a size
of 8521 × 768.

Structure Activation Union In order to obtain complete
representation of Chinese character from its structural se-
quence, we construct the structure activation union. The Chi-
nese character embedding interacts with each of its structure
embeddings in the union. Results serve as the weight of each
element in the structural sequence. Details are shown in Fig.
4(b) and Fig. 4(c).

The computation of structural weights, illustrated in the
formula 1, is essentially the scaled dot-product attention of
the Transformer (Vaswani et al. 2017).

Ω = softmax

(
a (Estructures, Eencoding)√

d

)
. (1)

It’s the essence of structures recombination that weighted
summation of semantic representations at structure-level.
The embedding obtained from reconstructing the structural
sequence is represented mathematically as formula 2.

Ereconst =Estructures × Ω

=

H∑
i=1

eiωi. (2)

• Estructures is a structure embedding sequence of Chi-
nese character and show as (e1, e2, · · · , eH). ei repre-
sents each structure embedding of structure sequence and
H is the fix length of structure sequence.

• Eencoding is MLM encoder output of Chinese character.
• a(·) is an interaction between Chinese character and its

structure sequence, including element-wise subtraction
and element-wise product.

• d is a parameter for scaled dot-product. It’s set to the em-
bedding size in this paper.

• softmax(·) is a normalization on the weight sequence.
• Ω is a weight sequence and show as (ω1, ω2, · · · , ωH).
ωi is the weight of ei, reflecting the importance of each
structure in Chinese character.



Figure 4: Model Architecture of Chinese character structural-semantic constraints scheme.

Loss Function The loss function of proposed model
added constraints on the loss of MLM.

Lproposed = LMLM + LCSR, (3)

where LCSR is considered as constraints of LMLM .
The standard cross-entropy loss is used to optimize the

pre-training task, including MLM and CSR.

L = − 1

M

M∑
i=1

yi log pi, (4)

where M is the number of masked words in an input, y is
the masked word label, p is the activation function output.
The activation function of MLM task is shown in formula 5.

Pmlm = softmax (Etoken, Eencoding) , (5)

where Etoken is the embedding of masked Chinese character
and Eencoding is the encoder output of MLM. The number
of categories in softmax function equals to the size of vo-
cabulary.

Considering the significant memory consumption bring
by softmax function, we adopt sigmoid function as the acti-
vation function of CSR task.

Pcsr = sigmoid (Etoken, Ereconst) , (6)

where Ereconst is structure recombination embedding. Sig-
moid function minimizes the semantic distance between
Ereconst and Etoken through binary classification.

Experiments
Pre-training Settings
We trained a base-level model from scratch, consisting of
12 Transformer layers, with input dimension of 768 and 12
heads per layer.

Masking Strategy On the basis of WWM and CWS, we
use the WSM strategy described in section for Chinese char-
acters and their structures masking. 15% of the input tokens
are selected for possible replacement. Of the selected tokens,
80% are masked, 10% are left unchanged, and 10% are re-
placed by a randomly selected vocabulary token. In order to
implement dynamic masking in data preprocessing, we use
four random number seeds to generate four training samples
with different mask patterns for each statement (Liu et al.
2019).

Data The pre-training data contains 5.8B Chinese charac-
ters in total, which is collected from multiple sources such
as CLUE, Wikipedia, and Sina News. It consists of encyclo-
pedia, community question answering, news articles, etc.

Hyper-parameters The training scheme includes a maxi-
mum length of 512, a batch size of 3.2k, a maximum learn-
ing rate 1e-4, warm up steps of 20K, and train steps of 500K,
which is suggested in previous research (Cui et al. 2020; Sun
et al. 2021). For the batch size less than 1024, we adopt the
original ADAM (Kingma and Ba 2014) with weight decay
optimizer in BERT for optimization and use LAMB opti-
mizer (You et al. 2019) in larger batch.

Fine-tuning Settings
The phenomenon of imbalanced Chinese characters reflects
the focus of knowledge in different domain. To assess the
effect of structural-semantic constraints in alleviating the
imbalance of Chinese characters, we conduct experiments
on Chinese tasks that contain multi-domain knowledge.
The major tasks include machine reading comprehension
(MRC), named entity recognition (NER) and text classifi-
cation (TC). The baseline of experiments includes multiple
BERT-style models, which are shown in Table 2.

The MRC task represents multi-domain knowledge as
multiple independent Chinese datasets: simplified Chi-



Table 1: Comparisons of Different Masking Strategies. CWS:Chinese Word Segmentation, WWM:Whole Word Masking,
WSM:Whole Structures Masking.

Input Output

广州简称穗，是大湾区的中心城市
CWS 广州简称穗是大湾区的中心城市
WWM 广州 [M][M]穗是大湾区 [M]中心城市 Pos2 : [简 ]

Pos3 : [称 ]
Pos9 : [的 ]

WSM 广州 [M][M]穗是大湾区 [M]中心城市 Pos2 : [简, [IDC-2,竹,间] ]
Pos3 : [称, [IDC-1,禾,尔] ]
Pos9 : [的, [IDC-1,白,勺] ]

Table 2: Training Details of Chinese Pre-Trained Language Models. T: Token, NM: N-gram Masking, CM:Char Masking.

Options BERT RoBERTa MacBERT PERT ChineseBERT Propossed model

Word 0.4B 5.4B 5.4B 5.4B 5B 5.8B
Batch size / 384 512 416 3.2K 3.2K
Training Steps / 1M 1M 2M 500K 500K
Task MLM MLM MAC PLM MLM MLM
Masking T WWM WWM/NM WWM/NM WWM/CM WWM/WSM
Initial Checkpoint Random BERT BERT Random Random Random

nese (Cui et al. 2019), traditional Chinese (Shao et al.
2018), legal (Duan et al. 2019), military, traditional Chi-
nese medicine, wikipedia (Rajpurkar et al. 2016) and in-
ternet Q&A (He et al. 2018). For datasets without publicly
available test sets, we divide the training set into two inde-
pendent subsets in a ratio of 8:2. The experiment ensures that
the new test set does not participate in fine-tuning and acts
as a validation set. The TC task mainly verifies the seman-
tic understanding ability of language models at the sentence
level. We conduct experiments on the following text clas-
sification tasks. The experiment of short text classification
conducts on the TNEWS dataset (Xu et al. 2020), which ex-
tracted news from 15 categories, including tourism, educa-
tion, finance, etc. The experiment of long text classification
conducts on the IFLYTEK dataset (Xu et al. 2020), which
contains annotation data related to app application descrip-
tions, with a total of 119 categories. The experiment of nat-
ural language inference conducts on the OCNLI dataset (Hu
et al. 2020). It’s the first non-translated native Chinese natu-
ral language inference dataset.

Experimental results
Results on TC
Models of bert architecture usually takes [CLS] placeholder
output as the main eigenvector in the text classification task.
The [CLS] output corresponds to a well-designed sentence
representation pre-training task, such as the NSP task of bert
and the SOP task of MacBERT. Table 3 shows the experi-
mental results of text classification. It can be found that mod-
els with specific sentence representation tasks performs bet-
ter. Referring to the technical summary in (Liu et al. 2019),
our model does not specifically perform the sentence rep-

resentation task to learn semantics of sentence embeddings.
Therefore, the performance of proposed model is broadly in
line with the baseline, which meet expectations.

Table 3: Performances of Different Models on TC.

TNEWS IFLYTEK OCNLI Avg

BERT 56.30 59.65 74.60 63.52
RoBERTa 57.40 59.63 76.50 64.51
MacBERT 57.40 59.28 77.00 64.56

PERT 56.70 48.23 74.85 59.93
ChineseBERT 57.49 52.41 76.89 62.26

Ours 57.81 58.93 77.12 64.62

Results on MRC

In order to evaluate the Chinese comprehension ability
of proposed model, we conducted experiments on MRC
datasets from distinct domains. Results of multi-domain
MRC are shown in Table 4 and Table 5. Our model outper-
forms the baseline model on the majority of datasets, with
only a slight drop in the F1 metric on a few datasets. The
multi-domain MRC tasks contain knowledge biases caused
by word frequency imbalance. The general improvement on
baseline originates from mitigating of imbalance. The en-
hancement of our model is more pronounced in EM metric
than in F1 metric, indicating its advantage in detecting exact
answer spans. It’s an indicator that structure-level semantics
can reinforce the model’s capacity to identify Chinese se-
mantic boundaries.



Table 4: EM scores of Different Models on Multi-Domain MRC.

CMRC DRCD CJRC MMRC QGDTCM ChineseSquad DuReader Avg

BERT 67.10 83.10 57.11 53.30 41.16 60.54 47.12 58.49
RoBERTa 67.40 86.60 58.71 55.20 42.82 52.89 45.95 58.51
MacBERT 68.50 89.40 59.29 55.65 43.82 55.72 46.23 59.80
PERT 68.50 88.90 58.93 55.61 41.94 58.89 47.34 60.02
ChineseBERT 70.43 86.60 56.67 54.71 42.69 62.91 46.46 60.07
Ours 71.14 89.93 59.69 56.01 43.91 66.15 47.35 62.03

Table 5: F1 scores of Different Models on Multi-Domain MRC.

CMRC DRCD CJRC MMRC QGDTCM ChineseSquad DuReader Avg
BERT 85.70 89.90 73.68 80.40 76.23 64.56 60.38 75.84
RoBERTa 87.20 92.50 75.21 81.93 77.83 58.79 62.30 76.54
MacBERT 87.90 94.30 75.91 81.91 78.42 62.01 62.61 77.58
PERT 87.20 93.60 75.31 81.91 77.01 64.16 61.63 77.26
ChineseBERT 88.20 92.36 73.09 81.24 77.33 68.50 61.73 77.49
Ours 88.22 94.68 76.01 82.47 78.14 69.40 61.74 78.67

Analysis
Ablation on Masking Strategies
To obtain the optimal dual-task combination strategy, we
conduct experiment with different masking strategies. The
candidate tasks for learning word-level semantics include
MLM, MAC and PLM, adopting RoBERTa, MacBERT and
PERT as basic model respectively. Moreover, the model se-
tups of base and large respectively consist of 12/24 Trans-
former layers, with input dimension of 768/1024 and 12/16
heads per layer. We continue to train 100K steps with a batch
size of 512 on basic models under the combination strategy.

The comparison experiments between the training model
and the basic model is conducted on simplified Chinese
and traditional Chinese MRC tasks. Table 6 shows the re-
sults of performance comparison. It’s an acceptable seman-
tic boost between structures and phrases, but weak boost be-
tween structures and orders. There is no significant improve-
ment in the combination between structures and synonyms.
Although the improvement of incremental pre-training is
slight, the experimental results show a tendency to have a
fusion effect of Chinese language knowledge. The positive
and negative tendencies can be used as a basis for the selec-
tion of pre-trained combination strategies.

Statistics on Frequency
In order to compare Chinese characters frequency at differ-
ent levels, we sample and count Chinese characters exposure
in Wikipedia dump recombining articles, templates, media,
file descriptions (as of May 1, 2024). After cleaning the raw
text, about 700M simplified and traditional Chinese charac-
ters are obtained for analysis and only those in the BERT
vocabulary are considered for statistics. Sampling lengths of
128/256/512/1024/2048 are independently used and the re-
sults are averaged.

Fig. 5 shows the improvement for imbalanced Chinese
characters exposure. The word-level frequency means Chi-

Table 6: Performances on Different Strategies.

CMRC DRCD

EM F1 EM F1
base

MLM 66.73 86.81 87.67 93.14
MLM+CSR 68.40 87.06 88.31 93.51
MAC 67.14 87.68 88.64 94.07
MAC+CSR 67.88 87.14 88.67 93.90
PLM 68.88 87.64 88.06 93.10
PLM+CSR 68.58 87.34 88.04 93.41

large
MLM 70.11 88.11 89.77 94.18
MLM+CSR 70.24 88.29 90.20 95.00
MAC 69.00 89.15 90.57 95.29
MAC+CSR 69.79 88.60 90.07 94.88
PLM 71.34 89.53 90.71 95.12
PLM+CSR 71.46 89.14 89.83 94.49

nese character frequency of occurrence. The structure-level
frequency means total frequency of structures in a Chinese
character. Compared to the substantial variations at word-
level, the frequency of most Chinese characters is close to
the same order of magnitude at structure-level, which can
ensure balanced learning of structural semantics. This serves
as a foundation for addressing imbalances in word-level pre-
training through data-driven perspective.

Conclusion
In this paper, we proposed the dual-task consistency opti-
mization scheme for Chinese pre-training. The scheme de-
signed a balanced structure-level pre-training to improve im-
balanced word-level pre-training and enhanced Chinese lan-
guage model’s generalization in multiple semantic represen-



Figure 5: Statistics on Chinese characters frequency. The
horizontal axis represents the index of Chinese characters
and the vertical axis represents the frequency.

tations. We implemented the scheme on the BERT architec-
ture and verified on various NLP task. The experimental re-
sults showed that our model has superior performance over
baseline models, demonstrating that introducing structural-
semantic constraints into Chinese pre-training is an effective
method to achieve optimal performance in Chinese semantic
recognition. Future work involves conducting extensive ex-
periments on a variety of Chinese tasks and exploring more
levels of Chinese semantics on more large-scale model pa-
rameters.
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