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Bai nationality has a long history and has its own language. Limited by the fact that there are fewer and fewer people who know
the Bai language, the literature and culture of the Bai nationality begin to lose rapidly. In order to make the people who do not
understand Bai characters can also read the ancient books of Bai nationality, this paper is based on the research of high-
precision single character recognition model of Bai characters. First, with the help of Bai culture lovers and related scholars, we
have constructed a data set of Bai characters, but limited by the need of expert knowledge, so the data set is limited in size. As
a result, deep learning models with the nature of data hunger cannot get an ideal accuracy. In order to solve this issue, we
propose to use the Chinese data set which also belongs to Sino-Tibetan language family to improve the recognition accuracy of
Bai characters through transfer learning. In addition, we propose four transfer learning approaches: Direct Knowledge Transfer
(DKT), Indirect Knowledge Transfer (IKT), Self-coding Knowledge Transfer (SCKT), and Self-supervised Knowledge Transfer
(SSKT). Experiments show that our approaches greatly improve the recognition accuracy of Bai characters.

1. Introduction

Bai nationality has a long history, splendid culture, and a
population of more than one million. Most of them live in
Dali Bai Autonomous Prefecture of Yunnan, and the rest
are distributed in all parts of Yunnan, Bijie Prefecture of
Guizhou, Liangshan Prefecture of Sichuan, Sangzhi County
of Hunan, etc. They have their own unique language. Bai
language is not only the common communication language
of Bai people, but also an important link to condense
national emotion and an important carrier of Bai culture
development. As the vocabulary, pronunciation and gram-
mar of Bai characters are all Chinese and Tibeto Burmese.
The language structure of Bai characters has very important
academic value and has been widely concerned by Chinese
and national language circles at home and abroad for a long
time. For the Bai nationality, whose literature is extremely
scarce, its historical and cultural value is self-evident.

In order to promote Bai culture, it is important that peo-
ple who do not understand the Bai characters can also read
the historical documents of Bai nationality or Bai characters

on stone steles. It is urgent to study and proposed an auto-
matic model that can recognize the single Bai characters.
In this way, once we meet an unknown Bai character, we
can take a picture, then use the model recognition, and
finally give the explanation of the word.

With the renaissance of neural networks and deep learn-
ing, tremendous breakthroughs have been achieved on various
recognition tasks [1–6]. Therefore, we consider using deep
learning models to do the word recognition of Bai characters.
First, we construct a single word data set of Bai characters,
which is a handwritten data set by Bai people and culture
researches. Due to the requirement for specialized knowledge,
the cost of constructing and labeling this data set is high.

Given the data set, we directly train traditional and recent
deep learning classification models [1, 7, 8] on this data set,
but we find that their performance is not ideal. This is because
the success of depth models needs a lot of data support, and
the data-hunger nature of depth models leads to their poor
performance when there is less data. Because of the need of a
lot of expert knowledge, our data set cannot be constructed
as large as the traditional classification data set [9–11].
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In order to solve this problem, we find that Chinese and
Bai language have a high degree of similarity, both belong to
the Sino-Tibetan language family (see Figure 1). Therefore,
we propose that we can use the way of knowledge transfer
[12–15] to transfer a large amount of Chinese knowledge
to Bai language, so as to obtain a better accuracy in Bai lan-
guage. We have designed four methods of knowledge trans-
fer: Direct Knowledge Transfer (DKT), Indirect Knowledge
Transfer (IKT), Self-coding Knowledge Transfer (SCKT),
and Self-supervised Knowledge Transfer (SSKT).

DKT is a classic idea of knowledge transfer. First, the
model is pretrained on the Chinese character data set, then
the feature extraction module of the model is used as the
parameter initialization of the Bai character recognition net-
work, and finally, the Bai character recognition network is
fine-tuned on the Bai character data set. The advantage of
this method is that the idea is direct and the implementation
is simple, but the disadvantage of this method is also very
obvious, that is, the Chinese character label does not contain
any semantic information, and it is difficult to guarantee
how much knowledge extracted by this hard label can be
transferred to Bai characters.

IKT is a method to ensure the quality of knowledge trans-
fer. It is noted that both Chinese and Bai language are com-
posed of 32 basic strokes, just like English is composed of 26
letters. Therefore, the number of basic strokes of each
Chinese character is counted, and the number of basic strokes
is used as a soft label to train the network. In this way, the net-
work can directly mine the common knowledge of Chinese
and Bai language, instead of mining the knowledge through
a classification task, so that the knowledge mined by the
network can be better transferred to the Bai language.

SCKT and SSKT are two unsupervised knowledge transfer
methods. The unlabeled data set is easier to obtain and has
lower cost, so the unsupervised knowledge transfer method will
be more practical. SCKT is to train a self-encoder [16–18] with
Chinese data set and then use the encoded part as the feature
extraction part of Bai character recognition network. SSKT uses
the method of comparative learning [19–21] to let the data
automatically mine the potential knowledge. The biggest
advantage of these two methods is that no tags are needed for
Chinese data sets, but the disadvantage is that it is difficult to
guarantee how much knowledge acquired by these unsuper-
vised methods can be used for knowledge transfer. It is also
found that the accuracy of unsupervised knowledge transfer is
lower than that of supervised knowledge transfer.

Our main contributions are fourfold: (1) We build a Bai
character data set. (2) We propose four methods of knowl-
edge transfer, DTK, ITK, SCTK, and SSTK, to transfer the
knowledge of Chinese characters to Bai characters. (3) The
four methods proposed in this paper have greatly improved
the recognition accuracy of Bai characters. (4) The research
could benefit the development of a mobile APP for recogni-
tion of Bai characters.

2. Materials and Methods

2.1. Notations. In order to improve the recognition perfor-
mance of the model, we consider using transfer learning

[12–15, 22]. Transfer learning is an ability of a system to rec-
ognize and apply knowledge and skills learned in previous
domains/tasks to novel domains/tasks. Specifically, let the
domain be denoted as D = fX , PðXÞg, where X represents
the feature space, PðXÞ represents the marginal probability
distribution, and X ∈X . And we can define the task as T =
fY , f ð·Þg, where Y represents the label space and f ð·Þ
represents the target prediction function.

The main problem of this paper is how to use the knowl-
edge of Chinese characters to improve the recognition ability
of Bai characters. Obviously, the novel domain is composed
of Bai characters, which can be defined as Db = fXb, PðXbÞg.
The novel task is also certain, that is, to predict the label
of Bai characters. We define the novel task as Tb = fYb,
f bð·Þg where f b : Xb ⟶Yb. Similarly, the previous
domain is composed of Chinese characters, which is
defined as Dc = fXc, PðXcÞg. And the design of the previous
task Tc = fYc, f cð·Þg directly determines the quality of the
knowledge extracted from Chinese characters. The design of
the previous task is also the focus of this paper. Finally, in this
paper, we give the design of four kinds of previous tasks.

2.2. Transfer Learning Approaches. We divide transfer learn-
ing approaches into supervised and unsupervised.

Two approaches were designed as supervised, Direct
Knowledge Transfer (DKT) and Indirect Knowledge Trans-
fer (IKT); DKT directly uses Chinese character label as the
training task while IKT uses common Chinese and Bai char-
acter attributes as a knowledge transfer bridge. In addition,
we also designed two unsupervised transfer learning
approaches. One is Self-coding Knowledge Transfer (SCKT).
As the name suggests, this method uses self-encoder [16–18]
to extract low-frequency information of characters, that is,
commonness. The other is Self-supervised Knowledge Trans-
fer (SSKT). Thanks to the prosperity of self-supervised
[23–26], self-supervised proposes a method that allows data
to monitor themselves to extract features. Contrastive learn-
ing [19–21] is a promising way effectively extracts features
used to distinguish different categories from data.

The details of these four approaches are as follows.
Direct Knowledge Transfer. The idea and implementa-

tion of this approach is very direct. Because the target task
Tb is a classification, the most intuitive way is to design the
source task also as a classification problem. That is, Tc =
fYc, f cð·Þg where Yc represents the label space of Chinese
characters and f c : Xc ⟶Yc. Suppose P = f ðXcÞ, where
P = ½p1, p2,⋯,pn� represents the probability that an example
is classified into each of the n possible Chinese characters.
Then, the training loss of this approach using source
domain Tc using previous domain Dc is as follows:

L = − log exp pkð Þ
∑i=n

i=1 exp pið Þ
, ð1Þ

where pk represents the the probability of the correct label.
The advantage of this approach is that it is straightfor-

ward with a simple implementation. The fundamental
purpose of this approach is to separate Chinese characters,
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so there is a part of the method focused on learning the
differences between Chinese characters. Although the char-
acteristics between Bai and Chinese characters are differ-
ent, knowledge learned in a task can be transferred to
the target task.

Indirect Knowledge Transfer. Since Chinese character
label does not contain any semantic information, we design
a label containing semantic information. It is observed that
Chinese and Bai characters are composed of 32 basic strokes,
as shown in Figure 2. Intuitively, we can use these 32 strokes
as soft labels to better transfer the knowledge of Chinese
characters to Bai characters. That is, Tc = fYc, f cð·Þg where
Yc represents the label space of 32 basic strokes. If Y == ½
y1, y2,⋯,y32� ∈Yc, then Y is a vector with a length of 32,
and yi represents the number of the i-th basic strokes. Then,
the loss of training this previous task Tc using previous
domain Dc is as follows:

L = Y − f Xð Þk k22: ð2Þ

The advantage of this approach is that all labels contain
rich semantic information, which is shared by Chinese and
Bai characters. In this way, the knowledge of 32 basic strokes
extracted from Chinese characters can be transferred to Bai
characters. The disadvantage is that we need to label each
Chinese character with 32 basic strokes, which requires a
certain amount of extra work.

Self-coding Knowledge Transfer. In fact, the above two
approaches need annotated Chinese characters, where anno-
tation inevitably brings a lot of work. Since a lot of unlabeled
examples of Chinese characters are available, a natural idea
is knowledge from unlabeled Chinese characters. First, we
consider the classical unsupervised learning method: self-
encoder, which can learn to compress high-dimensional data
into low dimensional without losing information as much as
possible. That is, Tc = fYc, f cð·Þg whereYc =Xc and f cð·Þ is
a structure that first encodes and compresses the data and
then decodes and restores the data. Then, the loss of training
of this approach Tc using previous domain Dc is as follows:

L = X − f Xð Þk k22: ð3Þ

However, there is no guarantee that low-frequency infor-
mation is the effective knowledge to aid Bai character recog-
nition. This task is similar to word2vec [27]; in low latitude
space, similar words will still be close together, so it is still an
effective method.

Self-supervised Knowledge Transfer. Self-supervised
learning [23–26] has gained great attention in recent years

because it can automatically extract knowledge in data.
Among them, contrastive learning [19–21] has made sur-
prising progress. Therefore, using the recent comparative
learning method MoCo [28] to automatically extract the
knowledge of Chinese characters has become a natural
choice. That is, Tc = fYc, f cð·Þg where Yc = ½k+, k−1 , k−2 ,⋯,
k−n �. k+ represents that the positive sample used in contras-
tive learning is usually obtained from the same picture using
different data expansion methods, and the others represent
negative samples, which are obtained from other pictures.
Then, the loss of training approach Tc using source domain
Dc is as follows:

L = − log exp X · k+
� �

exp X · k+
� �

+∑i=n
i=1 exp X · k−ið Þ

: ð4Þ

The features extracted by MoCo [28] have achieved
encouraging results in many tasks, such as image classifica-
tion [9] and target detection [29]. The advantage of this
approach is that it can inherit this powerful feature extrac-
tion ability. However, the training of comparative learning
needs larger batch size, which has higher requirements for
hardware cost. At the same time, it is difficult to guarantee
the quality of the knowledge extracted by comparative learn-
ing, which can only be verified by downstream tasks.

2.3. Model Training. After learning a model in the source
domain, the known can be transferred to the target
domain 2.3.

3. Experimental Results

3.1. Experimental Setup

3.1.1. Data Sets. We build a large data set with 400 Bai char-
acters. Because there is a certain overlap between Bai charac-
ters and Chinese characters, we only select Bai characters
which are quite different from Chinese ones to compose
and build this data set. There are about 2,000 samples for
each word and character, all written by Bai people and Bai
culture lovers. We split the data set into 50. In addition, we
also collected a large data set of Chinese characters. The data
set consists of 509 Chinese characters, each of which has
about 50 samples. In order to Indirect Knowledge Transfer,
we also label each Chinese character with 32 strokes.

3.1.2. Evaluation Protocol. We evaluate the proposed method
in terms of the average per-class Top-1 accuracy (ACC).

Bai characters :

Chinese :

Figure 1: Comparison between Chinese characters and Bai characters.
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3.1.3. Classification Model. We use three classical classifica-
tion models: AlexNet [8], VGG19 [7], and ResNet101 [1].
Comparing multiple models, we can analyze that our
method is effective and has strong generalization ability.

3.1.4. Implementation Details. We use SGD optimizer with
learning rate ðlrÞ = 0:01 and a batch size of 64 to train
DKT, IKT, and SCKT. On the other hand, we use SGD opti-
mizer with lr = 0:001 and a batch size of 512 to train SSKT.
Finally, we use SGD optimizer with lr = 0:01 and a batch size
of 64 to train f bð·Þ. We use StepLR learning rate adjustment
strategy, where the learning rate every 20 epochs becomes
0.8 of the original.

3.2. Accuracy Analysis. The accuracy comparison of the
transfer learning approaches is shown in Table 1.

We observe that the proposed IDK achieves significant
improvements over the other approaches. On the three
CNN models, the accuracy is 12.01%, 9.56%, and 10.00%
higher than that without transfer learning. At the same time,
this training strategy of transfer learning is the most accurate

of the four approaches we proposed. This fully shows that
our design of 32 basic strokes as soft labels can transfer the
knowledge learned from Chinese characters to Bai charac-
ters. Although the 32 basic stroke label does not consider
the structure and position, it is still a very effective means
of transferring learning based on results.

The second high accuracy was obtained by DKT. It uses
hard labels directly, that is, labels for each word, to pretrain
the models. Although this label does not contain any seman-
tic information, the model still extracts relevant features that

Figure 2: 32 basic strokes of Chinese characters and Bai characters.

Require: Chinese character data set Dc and Bai character data set Db.
Ensure: Function f bð·Þ for Bai character classification.
Initialize the parameters of both f cð·Þ and f bð·Þ.

1: while the f cð·Þ does not converge do
2: for samples in Dc do
3: Optimize f cð·Þ by Eq.(1) or Eq.(2) or Eq.(3) or Eq.(4).
4: end for
5: end while
6: The parameters of feature extraction part in f bð·Þ are replaced by those in f cð·Þ.
7: while the f bð·Þ does not converge do
8: for samples in Db

9: Optimize f bð·Þ by Cross entropy loss.
10: end for
11: end while

Algorithm 1: Proposed approach.

Table 1: Accuracy comparison of different CNNs and transfer
learning approaches. No means using Bai characters to train the
model directly, and transfer learning is not used.

CNN No DKT IKT SCKT SSKT

AlexNet 73.16 83.42 85.17 74.82 77.94

VGG19 78.28 82.92 87.84 78.63 80.21

ResNet101 78.54 87.82 88.54 80.41 82.09
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can be used for knowledge transfer in the pretraining. On
the three models, the accuracy is 10.26%, 4.64%, and 9.28%
higher than that without transfer learning. The results
showed that this approach can also bring a good improve-
ment in the accuracy, but there is a certain lack of interpret-
ability of the knowledge transferred to the target task.

The accuracy of unsupervised transfer learning
approaches SCKT and SSKT is lower than that of supervised
approaches. However, it is also an excellent solution if the
data set is difficult to get annotation. The essence of SCKT
is to seek a low latitude compression of data. Obviously,
most of the knowledge used for compression is not directly
transferable to another task, so the improvement in accuracy
is not obvious. On the three models, the accuracy is 1.66%,
0.35%, and 1.87% higher than that without transfer learning.
In fact, compared with the Bai character training model
directly, the accuracy is not greatly improved.

Although SSKT cannot be compared to supervised
approaches, it was significantly better than SCKT. On the
three models, the accuracy is 4.78%, 1.93%, and 3.55%
higher than that without transfer learning. Although the lat-
est comparative learning method has been able to compare
with the full supervision method, it needs a huge data set
to bring. This is also the reason why our SSKT method is
inferior to the full supervision method. In many cases, it is
difficult for us to obtain a large number of unlabeled data.
At that time, this method is the most suitable. Of course, this

method requires additional calculation cost for hardware,
and it is also a disadvantage that cannot be ignored.

3.3. Feature Visualization Analysis. In order to further illus-
trate the effect of these four approaches, we directly use the
pretrained network to extract the features of 40 Bai charac-
ters. Then, t-SNE [30] algorithm is used to visualize these
features, as shown in Figure 3. It can be seen that, after
pretraining with the IKT, the extracted features can be well
distinguished even if there is no fine-tuning in the Bai char-
acter data set. Although the features extracted by DKT
method have a good degree of aggregation within classes,
there is some overlap between classes. Although some of
the features extracted by SCKT and SSKT can be well distin-
guished, most of them will overlap each other. Through the
visualization results, we have a more intuitive understanding
of the differences between the four methods, and also
explain why IKT method is better than other methods.

3.4. Convergence Speed Analysis. In Figure 4, we show the
difference of convergence speed of different CNNs. It can
be observed that the convergence speed of the CNNs is
greatly improved after the application of the knowledge
transfer methods. Without the use of knowledge transfer,
the CNNs will go through multiple epochs before it starts
to converge. However, after the use of the knowledge trans-
fer method, the CNNs will converge from the beginning of

(a) IKT (b) DKT

(c) SCKT (d) SSKT

Figure 3: Different methods of feature visualization results.
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training. This is because the CNN has recognize Bai charac-
ters. In other words, the CNN has a good initial parameter,
so it can converge quickly.

4. Conclusion

Bai nationality, as a nation with a long history in China,
not only has its own language but also has created brilliant
culture. However, with the development of the times,
because fewer and fewer people know Bai characters, Bai
culture is dying out. In order to make people who love
Bai culture and related researchers can read Bai literature
smoothly, this paper mainly studies how to train a high-
precision Bai character recognition CNNs. First, we build
a data set of Bai characters, but limited by the need of

expert knowledge, so the data set is limited in size. As a
result, those depth models that need a lot of data-driven
cannot achieve satisfactory results on this data set. In
order to solve this problem, we propose to use the Chinese
data set which also belongs to Sino-Tibetan language
family to help improve the recognition accuracy of Bai
characters through knowledge transfer. In addition, we
propose four methods of knowledge transfer: Direct
Knowledge Transfer (DKT), Indirect Knowledge Transfer
(IKT), Self-coding Knowledge Transfer (SCKT), and Self-
supervised Knowledge Transfer (SSKT). Sufficient experi-
ments not only show that our method can greatly improve
the recognition accuracy of Bai characters but also show
the advantages of our method from the visualization and
convergence speed.
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Figure 4: Convergence speed of different methods.
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Data Availability

We build a large data set of Bai characters. There are a total
of 400 Bai characters. Because there is a certain overlap
between Bai characters and Chinese characters, we only
select Bai characters which are quite different from Chinese
characters to build this data set. There are about 2,000
samples for each word, all written by Bai people and Bai
culture lovers. The training set and the test set are about
one to one. At present, the data set is still private and will
be made public later.
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