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Abstract 
Text data Augmentation technology uses limited data to generate new samples by 
changing the original text content. It can effectively increase the data size of the training 
set, improve the generalization ability and robustness of the model, and solve the model 
overfitting caused by insufficient training data or uneven sample distribution. This 
paper proposes a data augmentation method based on a Chinese character vector. First, 
use the Word2vec model to obtain a Chinese character vector collection by training on 
the Chinese Wikipedia corpus. Second, choose a replacement character in the text that 
needs to be augmented. Finally, find one or more characters with the closest similarity 
through the character vector set to replace the words selected in step 2 to generate new 
samples. We mix the text in the original training set and the augmented text to form a 
new training set as the input of the CNN (Convolutional Neural Network) model for 
classification. The experimental results show that the model performance of CNN 
improves by 1.57% before and after using our proposed data augmentation approach. 
Compared to the word-level replacement data augmentation technique, our approach 
reduces the algorithm running time by four-fifths. 

Keywords 
Character Vector; Data Augmentation; Text Classification; Convolutional Neural 
Network. 

 

1. Introduction 

In recent years, as the field of machine learning and deep learning continues to develop, researchers 
combined it with tasks such as sentiment analysis[1], text classification[2], machine translation[3], 
language modelling [4] in NLP (natural language processing), and achieved satisfactory results. As a 
basic task in NLP, text classification is an activity in which people divide texts into groups according 
to certain needs and criteria. Faced with massive amounts of text, using traditional manual labelling 
is often time-consuming and challenging[5].To train a reliable and efficient deep learning 
classification model, in addition to learning rate decay [6], transfer learning [7], etc., a high-quality 
training set is also one of the ways to optimize the model. Therefore, how to effectively expand the 
existing training set without consuming a lot of human, material, and financial resources has become 
the focus of current researchers.  

Data augmentation is the application of transformations to practice without changing the text labels, 
expanding the amount of data in the original training set, and creating novel, seemingly more efficient 
training sets. It is of great significance in enriching the amount of data, improving the robustness and 
generalization ability of the classification model, and extending the value of the data. Data 
augmentation technology was first applied in the field of computer vision and achieved good results. 
In the field of computer vision, the purpose of expanding the dataset is achieved by flipping images, 
cropping[8], style transfer[9], image fusion[10,11] and other methods. Because images and texts have 
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different representations, images are more intuitive than texts, while textual data representations are 
symbolic and discrete, and there is a strong contextual relationship between characters or words. 
Therefore, the data augmentation technology in the text field is relatively slow compared to the 
computer vision field. However, with the deepening of research in the text field, some reliable data 
augmentation techniques have emerged [12,13,14]. And to a certain extent, they verified that 
excellent data augmentation techniques could effectively enhance the performance of text 
classification models. 

In this paper, we propose a data augmentation method based on a Chinese character vector. Our 
research work is as follows: 

1) Trained a Chinese character vector collection using the Chinese corpus. 

2) The form of changing text content in Chinese data augmentation is reduced from word-level to 
character-level, and the running time of the algorithm has dropped significantly. 

3) Improve the performance of CNN classification models using our proposed data augmentation 
method. 

2. Related Work 

Word-level replacement, also known as synonym replacement, implements data augmentation by 
using a thesaurus to replace words in a sample. Zhang et al. [15] applied the random synonym 
replacement method to the text classification task of the character-level convolutional neural network, 
which effectively improved the performance of the classification model. The disadvantage of this 
method is that the randomness is strong, and it is easy to change the critical content of the text, 
resulting in the generated text being inconsistent with the original label. Xie et al. [16] used the TF-
IDF algorithm to calculate the unimportant words in the text and replace them, avoiding the 
generation of useless and wrong data after expansion in the BERT text classification task. Although 
this method avoids the false replacement of the core content, it limits the scale of text augmentation 
when dealing with texts with shorter lengths. Wang et al. [17] used adjacent words in the embedding 
space to replace words in the sample. This method effectively improves the quality and quantity of 
replacement words. Although this method effectively increases the number of replacement words, it 
can reduce the quality of replacement words to a certain extent compared with using a thesaurus. 

Back-translation is to translate a sample into other languages with the help of translation models and 
then translate it back to the original language to achieve data augmentation. Sennrich et al. [18] 
applied it to machine translation tasks and constructed monolingual data into bilingual data to 
improve the performance of neural network translation models. Sergey et al. [19] augmented the 
training corpus with back-translation of sentences in the target language to boost neural machine 
translation performance. Yu et al. [20] applied it to the task of optimizing a question answering model, 
bringing their model a 1% performance boost. The advantage of back translation is that it can ensure 
that the augmented text content is more coherent and complete, and the generated data has specific 
differences. However, its shortcomings are also pronounced. There is a particular repetition rate of 
the text before and after back-translation, and it is necessary to use multiple languages for continuous 
translation. Content is distorted when using various languages for constant translation. 

Wei et al. proposed EDA (Easy Data Augmentation) [21] for text data augmentation. EDA includes 
four different operations: SR (synonym replacement), RI (random insertion), RS (random swap), and 
RD (random deletion). Randomly select n words from the text to perform four random operations of 
EDA to augment the text without considering stop words. In small-scale datasets, EDA can 
significantly improve the performance of classification models. However, it has limited improvement 
in the performance of classification models in larger datasets. 
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3. Model Structure 

In this paper, we proposed a data augmentation method based on a Chinese character vector. The 
model structure is shown in Figure 1. It consists of three parts: the training in Chinese character-
vector collection, character-level replacement data augmentation, and the CNN classification model. 

 

preprocessing

split character

Word2vec

character vector 
collection

character-level 
replacement

generate new text

new training set

Convolutional Neural 
Network

Classification result

short text vectorization

Short text 
dataset

Wikipedia Chinese 
Corpus

training set 
text

 
Figure 1. The structure of the model proposed in this paper 

3.1 Chinese Character Vector Collection 

Word2vec [22] is a process of using a neural network to map a one-hot sparse vector into an n-
dimensional dense vector. It is a kind of word(character) embedding method. It uses dense vectors to 
solve the matrix sparseness, curse of dimensionality, and semantic missing caused by traditional one-
hot vector representation. Word2vec includes two computing frameworks, CBOW (Continous Bag 
of Words) and Skip-gram. It can realize efficient Chinese word (character) vector training using a 
massive corpus. CROW is to predict the current central word through the context of the central word. 
The model is shown in Figure 2. Skip-gram training time is short, and the effect is better. Thus this 
paper used the skip-gram model in Word2Vec to train the Wikipedia Chinese corpus and generates 
Chinese character vector collection. 

 

Output

W(t-2) W(t-1) W(t+1)

Input

W(t+1)

SUM

W(t) Output

W(t-2) W(t-1) W(t+1)

Hidden layer

Input

W(t+1)

W(t)

SUM

CBOW Skip-gram

Hidden layer

 
Figure 2. Word2vec model 
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Construction of training samples. The input of the skip-gram model is the current character and the 
output in the context of the current character. Although we input Chinese sentences that have been 
segmented in the process of training the model, skip-gram internally uses character pairs to train. 
Therefore, we need to construct character pairs for each character through the window size, which is 
used as the input of the Skip-gram model for training. 

Skip-gram model training character vectors. First, count the corpus before training to get the character 
table. Supposing the length of the character table is 10000, and the character vector is 300 dimensions, 
the input character pair is (𝑎, 𝑏). Then the target of model fitting is 𝑀𝑎𝑥 𝑃(𝑏 ∣ 𝑎), at the same time 
need to meet Min 𝑃(other characters ∣ 𝑎) , the log-likelihood function is used as the objective 
function. 𝑃(𝑏 ∣ 𝑎) can be expressed by formula (1) (2): 

 

𝑃(𝑏 ∣ 𝑎) =  softmax (𝑋a × ⋅ 𝑊 × ) (1) 

softmax (𝑋) =
𝑒𝑥𝑝(𝑋 × ⋅ 𝑊 × )

∑   𝑒𝑥𝑝 𝑋 × ⋅ 𝑊 ×

 (2) 

 

According to 𝑃(𝑏 ∣ 𝑎) and 𝑃(other characters ∣ 𝑎), function formula (3) can be constructed: 

 

𝐿(𝑊) = 𝑃( 𝑏 ∣  𝑎 )   ⋅ 𝑃( other characters ∣  𝑎 )  other characters (3) 

 

Then: 

 

𝑙𝑜𝑔 𝐿(𝑊) = {𝑦 =  target character }𝑙𝑜𝑔 𝑃( b ∣  a ) + 𝑙𝑜𝑔 𝑃( other characters ∣  a )}

=   {𝑦 =  target character }𝑙𝑜𝑔 𝑃( character ∣  a )
 (4) 

 

In formula (4) {*} means if the expression * is true, then {*}=1, otherwise {*}=0. Put 𝑃(character  
∣ 𝑎) into formula (4) to get formula (5): 

 

log 𝐿(𝑊) =   {𝑦 = 𝑡𝑎𝑟𝑔𝑒𝑡 character }log 
exp(𝑋 × ⋅ 𝑊 × )

∑   exp 𝑋 × ⋅ 𝑊 ×

 
 

(5) 

 

The next thing is to maximize the likelihood function, which is equation (6): 

 

𝑀𝑎𝑥log 𝐿(𝑊) (6) 

 

To achieve the above goals, using the gradient ascent method and first take the partial derivative of 
the parameters get the formula (7). 

 

𝜕𝑙𝑜𝑔 𝐿(𝑊)

𝜕𝑤
= 𝑥 {𝑦 = 𝑡𝑎𝑟𝑔𝑒𝑡  character } − 𝑃(𝑡𝑎𝑟𝑔𝑒𝑡  character ∣ 𝑥 ; 𝑊)  (7) 
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Next, update according to the learning rate: 

 

𝑤 = 𝑤 + 𝜂 ⋅
∂log 𝐿(𝑊)

∂𝑤
 (8) 

 

After the model is trained, the parameter matrix 𝑊 ×  of the hidden layer contains the word 
vector of all words. The row of the matrix is the character table length, the column is the character 
vector dimension, and each row in the matrix represents the character vector. 

3.2 Character Vector Replacement Data Augmentation 

The process of character vector data augmentation is shown in Figure 3. The purpose of data 
preprocessing and text labeling is to make the text more adaptable to the requirements of data 
augmentation and the CNN classification model, reduce later repeated operations, and improve 
algorithm efficiency. In selecting characters, we only choose Chinese characters as the target of 
replacement and filter out non-Chinese character elements such as numbers and letters. By 
introducing the gensim library in the Python programming language, use the method in gensim to 
calculate the word vector similarity and return the top K similar characters closest to the replaced 
word in step 4. Selecting characters to replace in top k to achieve data augmentation. 
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Figure 3. Character vector replacement data augmentation process 

3.3 Text Classification Model 

CNN(Convolutional Neural Networks). It consists of the input layer, convolution layer, max pooling 
layer, fully connected layer, and softmax layer. The structure is shown in Figure 4. Text vectorized 
as input to the input layer. The convolution layer is used to extract features, and the local key 
information can be effectively extracted by setting convolution kernels of different sizes. The pooling 
layer compresses the input feature map to make the feature map smaller and simplify the network 
computational complexity. A fully connected layer is used to connect all features. Finally, the 
classification results are obtained through softmax. The specific execution process is as follows: 

1) The text is represented by N*K vectorization as the input layer of the model, where n represents 
the number of words in a sentence, and K represents the vectorized dimension of each word in the 
text. 

2) Set convolution kernels of different sizes for convolution operations. The convolution operation 
formula is as formula (9): 

 

𝑐 = 𝑓(𝑊 ∗ 𝑥 : + 𝑏) (9) 
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Among them, 𝑐  is the output after convolution, 𝒳 :  is the word vector matrix in the 𝑖 to 𝑖 + ℎ −
1 sliding window, 𝑊 is the filter, 𝑏 is the bias value, and 𝑓 is activation function. 

3) Use max pooling operation to extract more important text features. Formula (10) is the maximum 
pooling formula. 

 

𝑐 = 𝑚𝑎𝑥{𝑐 , 𝑐 , 𝑐 , ⋯ , 𝑐 } (10) 

 

Among them, 𝑐 is the output after max pooling, and 𝑐  is the output after convolution operation. 

4) The feature map after convolution and pooling with different filters is fully connected to obtain a 
feature map. 

5) Perform softmax operation on the feature map obtained in step 4 in the fully connected layer to 
obtain the classification result. The calculation formula is as follows: 

 

𝑖 = arg 𝑚𝑎𝑥
𝑎

∑   𝑎
 (11) 

 

Among them, 𝑎  is the output of the softmax layer, and 𝑖 is the output of the final classification 
result. 

The loss function used in this model is the cross entropy loss, and the formula is: 

 

𝐻 = −   (𝑦 ∗ log 𝑦 ) (12) 

 

Among them, 𝑦  is the predicted category, 𝑦  is the real category, and 𝑦  is the cross-entropy of 
both. 
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Figure 4. The model structure of CNN 
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4. Experimental Setup 

4.1 Experimental Datasets 

SouGou: Provided by Sogou Lab, Sogou is one of the largest language input method service providers 
in China. We selected the most representative 5 categories (real estate, economy, sports, 
entertainment, politics), and a total of 10000 texts as the experimental objects of text classification. 

TouTiao: Provided by ByteDance's Toutiao app, one of the most widely covered news media 
platforms in China. We selected 5 categories (e-sports, education, technology, sports, and 
entertainment) with a total of 3000 texts as the experimental objects. 

FuDan: The Natural Language Processing Group of the International Database Center, Department 
of Computer Information and Technology, Fudan University regularly publishes Chinese text corpora. 
We selected 6 categories (agriculture, art, history, sports, economy, and politics), a total of 6000 items 
as the experimental objects of text classification. 

THU: Provided by NLP Laboratory of Tsinghua University. We select 6 categories (agriculture, art, 
history, sports, economy, and politics), a total of 5000 texts as the experimental objects of text 
classification. 

 

Table 1. Experimental dataset details 

Dataset Class Average length Size Training size 

SouGou 6 18 10000 6000 

TouTiao 5 41 3000 1800 

FuDan 6 16 6000 3600 

THU 5 16 5000 3000 

4.2 Experimental Datasets 

In the character vector training model in the Skip-gram model, the main parameters are word vector 
dimension and window size. We chose the character vector dimension as 300 and the window as 5. 
Character vector replacement data augmentation. The parameters in word vector replacement data 
augmentation mainly include the proportion P of the replacement words. The value of parameter P is 
a minimum of 0.05 and a maximum of 0.5. The main parameter settings in the convolutional neural 
network, the size of the convolution kernel is (2, 3, 4), the number is 256, the learning rate is 1e-3, 
the dropout ratio is 0.5, and the epoch is 10. 

The experimental environment of this paper is Intel(R) Core(TM) i7-8750H, 8GB  memory, Linux 
4.4.0, Python 3.7, Pytorch1.9.0. 

5. Results and Analysis 

𝐴𝑐𝑐𝑢r𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
 (13) 

𝐹1 =
2 ×  Precision ×  Recall 

 Precision +  Recall 
 (14) 

 

In formulas (13) and (14), TP is the number of actual positive classes and predicted as positive classes. 
TN is the number of actual negative classes and predicted as negative classes, P and N represent the 
number of positive and negative categories, respectively. Precision expresses the precision of the 
classification result, and Recall means the recall of the classification result. 
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5.1 Classification Results of Different Data Augmentation Methods 

We conduct five sets of experiments on four publicly available datasets, the experimental results are 
shown in Table 2. Classification results without any data augmentation under the standard CNN 
model as a baseline. 

 

Table 2. F1 value of different data augmentation methods 

Model SouGou TouTiao FuDan THU Avg 

CNN 83.30 85.50 92.50 96.60 89.47 

+EDA 82.45 86.72 92.58 96.90 89.66 

+back-translation 83.80 86.13 92.83 97.10 89.96 

+ word-level  84.75 88.28 92.67 96.80 90.62 

+character vector  85.45 88.58 93.33 97.10 91.04 

 

From the results of the average classification in the four datasets, it can be seen that different data 
augmentation methods are also applicable to the Chinese dataset and effectively improve the 
performance of the CNN classification model. Compared with other techniques, our proposed method 
improves the performance of CNN classification models the most, reaching an average of 1.57%. 
Compared with word-level replacement, characters vector replacement has an average improvement 
of 0.42%.The reason for the low-performance improvement of the model by EDA technology is that 
the random insertion, random deletion, and random exchange in EDA significantly damage the 
original text. The injection of too much noise, although expanding the size of the training set, limits 
the improvement of the performance of the classification model. In the back-translation process, in 
order to avoid duplication of the back-translated samples and the original samples, it is necessary to 
perform continuous back-translation with the help of multiple languages. When numerous 
consecutive translations are completed, it will lead to problems such as inefficiency of the back-
translation algorithm and semantic distortion. In the process of word-level replacement, the problem 
is that the number of synonyms is limited. In some cases, the ideal amount of data augmentation 
cannot be achieved, resulting in the lack of enhanced samples. At the same time, since the granularity 
of the replacement content is word-level, the damage to the original text is more significant than that 
of character-level replacement. The reason why our proposed method performs better is that 
character-level replacement does more minor damage to the original text content, and there are a large 
number of similar characters to choose from in the trained character vector collection. 

5.2 The Effect of Parameter P on the Classification Results 

To verify the influence of the parameter P in our proposed method on the classification results, we 
conduct experiments in the convolutional neural network by setting different P values. The 
experimental results are shown in Figure 5. P-value is the ratio of the number of replacement 
characters selected to the total text length in the character-level data augmentation process. In the four 
datasets used in the experiment, as the value of P increases, the classification results tend to decrease 
gradually. When the value of P is 0.2 or 0.3, the effect is the best. The reason is that when there are 
few samples, the smaller the P-value, the lower the content of the text changes, which cannot increase 
the feature space of the samples. When the P-value is too large, there is a large gap between the 
content of the generated text and the original text, resulting in the inconsistency between the generated 
text and the original label, which affects the classification results of the text. 
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Figure 5. Classification results of different P-values in four datasets 

5.3 Algorithms Apply to Different Scenarios 

In order to verify that our method outperforms word-level replacement data augmentation in datasets 
of different scales. We randomly select 25% and 50% of the samples in the original training set to 
augment, respectively and mix the original samples and the augmented samples to form a new training 
set as the input of the convolutional neural network for classification. The classification results are 
shown in Figure 8. Figure 6(a) shows the result of randomly selecting 25% of the samples in the 
original training. Figure 6(b) shows the result of randomly selecting 50% of the samples in the original 
training set. From the experimental results, we can see that the classification effect of our proposed 
method is on average better than the word-level replacement augmentation by 0.24% and 0.84% on 
the four experimental datasets. 
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Figure 6. Randomly select different proportions of the training set for augmentation 

5.4 Algorithm Time Comparison 

We selected 6000 samples in the SouGou training set to use word-level replacement and character-
level replacement technology to augment the exact multiples, respectively, to verify that the character 
vector data augmentation algorithm is more efficient. We monitored the time consumed by the 
algorithm for every 1000 pieces of data during the running process of the algorithm. The results are 
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shown in Figure 7. From the resulting graph, word-level replacement takes nearly five times as long 
as a character-level replacement. The reason is that word-level replacement needs to perform word 
segmentation on the sample before replacement, and then select the replacement word to replace, and 
finally generate new text. However, character-level replacement does not require word segmentation 
on the sample and directly selects the replacement word to generate new text. Due to the reduction of 
word segmentation operations, the execution time and algorithm time complexity of character-level 
replacement are much lower than that of word-level replacement. 
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Figure 7. Time spent per thousand pieces of data augmentation 

6. Conclusion and Future Work 

This paper proposed a data augmentation method based on Chinese word vector replacement. This 
method effectively expands the samples in the training set and improves the performance of the CNN 
classification model. And through multiple stages of experimental results, our approach is better than 
EDA, back-translation under the CNN classification model. At the same time, compared with the 
word-level replacement data augmentation in the same methodology, our method has obvious 
advantages, especially in the algorithm's running time. We reduce the running time of the algorithm 
by four-fifths. In future research, our approach also needs to be tested under different classification 
models to prove the generality of our proposed method in different deep learning classification 
models. Whether good results can be achieved for other natural language tasks such as sentiment 
analysis, machine translation, etc., is also a direction worth exploring. 
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