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Abstract

The integrity of data greatly affects its quality, and 
thus its asset value and also the accuracy of data analysis 
tasks based on it. However, in reality, there are often 
various factors that cause data deficiency. Although 
many scholars have made researches on this problem, 
most of the studies have limited accuracy. Therefore, this 
paper proposes a transformer-GRU based GAN, which 
first learns the potential distribution of real data through 
generator formed by stacked encoder of transformer to 
generate the complementary data, and then inputs the 
complementary data into the discriminator based on GRU 
for discrimination. Finally, it trains the model through the 
adversarial game between generator and discriminator. 
Comparison experiments are carried out based on the sales 
data of a company, and it can be seen that the evaluation 
indicators of the method proposed in this paper are 
superior to those of the compared methods, proving that 
the missing data recovery method proposed in this paper 
has better accuracy.

Keywords: Data completion, Generative adversarial 
network, Transformer, Gated recurrent unit

1  Introduction

Since January 1st of 2024, the ‘Provisional Regulations 
on Accounting Treatment of Enterprise Data Resources’ 
issued by the Ministry of Finance, have been in effect, 
advancing a key step of data towards capitalization as the 
fifth major factor of production, indicating that data has 
an important asset value. Furthermore, since important 
information can be mined from data to provide important 
references to enterprises, governments, etc. for decision-
making, it is indicated that data has important application 
value as well. However, in practice, data may face 
interference from a variety of factors at various stages, 
i.e., collection, transmission, storage, etc. Situation such 
as the transmission link instability can result in missing 
and garbled data, significantly impacting the data quality, 
and consequently, affecting the prediction accuracy and 
other subsequent data mining tasks. Thus, the study of the 
missing data problem is of great significance, which can 

not only improve the accuracy of the subsequent research 
tasks, but also enhance asset value of data.

Till now, several scholars have researched the problem 
of missing data, but most of the models proposed have 
low accuracy, making them difficult to be applied in 
practice. Therefore, in this paper, by leveraging GAN’s 
ability in learning potential distribution of real data, 
transformer’s multi-attention mechanism, and GRU’s 
ability in efficient information learning of time-series, we 
construct a transformer-GRU based GAN. Furthermore, 
by introducing time decay factor and scaling factor in 
attention mechanism and residual connection process, 
respectively, we improve the efficiency and accuracy of the 
model.

This method first calculates the corresponding mask 
matrix and the random noise matrix of missing bits based 
on missing data. Secondly, the missing data is 0-filled 
and input into the generator formed by stacked encoder 
of transformer along with the mask matrix and noise 
matrix. Then, the complementary data generated is input 
into the GRU-based discriminator. Finally, an adversarial 
game is held between generator and discriminator. Loss 
is back propagated and model parameters are updated. 
Comparative experiments based on a company’s sales 
data are conducted to verify the effectiveness of method 
proposed in this paper.

The main contributions of this paper are as follows:
1) The encoder of Transformer is improved. Aiming at 

the characteristics of time-series data, a time decay factor 
is introduced to improve the multi-head self-attention 
mechanism by realizing the adjustment of attention 
weights. Meanwhile, a scaling factor is added in the 
process of residual connection and layer normalization, 
which effectively balances the inputs of corresponding 
layer, thus improving the stability and generalization 
ability of the model.

2) The generator is designed based on the above 
optimized encoder, and combined with the GRU-based 
discriminator, a GAN network is constructed, which is 
applied to the data recovery task to improve data recovery 
accuracy.

3) A comparative experiment is conducted based on a 
company’s sales data. The experimental results indicate 
that compared with existing methods, the method proposed 
in this paper not only possesses higher data recovery 
accuracy, but also shows strong robustness. Specifically, 
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as the rate of missing data increases, the error increase of 
the proposed method remains relatively small, providing 
strong support for the practical application of the proposed 
method in data recovery.

The remainder of this paper is organized as follows: 
Section 2 presents the relevant literature. Section 3 
describes the various steps of the data completion algorithm 
proposed in this paper as well as the overall algorithmic 
flow, and briefly describes the underlying algorithms the 
proposed model relies on for a better understanding of 
the data completion algorithm proposed in this paper. 
Section 4 introduces the related data experiments and 
analyzes the results, taking the real sales dataset as the 
experimental object to verify the effectiveness of the data 
complementation algorithm proposed in this paper, which 
is mainly involved in the construction of the experiment 
environment, the preparation and preprocessing of the 
data, the selection of model hyperparameters and model 
performance evaluation indexes, and the training of the 
model. Finally, in Section 5, the main research results and 
contributions achieved in this paper are outlined, and the 
future research direction is initially discussed.

2  Literature Review

Currently, there are several ways to deal with 
the problem of missing data [1-2], but since simple 
deletion and direct neglect will affect the amount of 
data information, data repair has become a mainstream 
processing method. A number of researchers have proposed 
methods for data restoration, leveraging both spatial and 
temporal correlation in data. These methods can be mainly 
divided into two categories.

The first category is the data restoration models 
constructed based on traditional statistical or mathematical 
methods. For example, in the orientation of restoring 
data distribution, Yu et al. proposed an interpolation 
method that minimized maximum mean difference and 
variance between the interpolated values and the original 
complete values [3]. Zhang et al. improved the sparse 
basis of compressed perception to achieve effective data 
restoration [4]. Yang et al. firstly split the high-dimensional 
data into multiple low-dimensional data according to the 
correlation between variables, and then completed the 
data to reduce the impact of irrelevant and low-correlation 
data on the filling accuracy [5]. Li et al as well as Ma et al 
used probabilistic principal component analysis to repair 
missing data for structural health inspection [6-7]. Ji et al. 
proposed a Pearson correlation coefficient interpolation 
method based on similar moments to repair data of the 
power station [8].

The second category is data repair models built based 
on machine learning. For instance, Zhang et al proposed 
a data restoration method based on Bayesian dynamic 
regression and demonstrated that the multivariate quadratic 
Bayesian dynamic regression model has higher data 
reconstruction accuracy in experiments using architectural 
model data and bridge data [9]. Li et al. and Miao et al. 
both proposed data restoration methods based on support 

vector machines (SVM) [10-11]. Li et al. employed 
SVM to fill the multivariate time series, while Miao et al. 
integrated support vector regression (SVR) with the simple 
mean method and dynamical selection of explanatory 
variables to propose their data restoration method. This 
comprehensive approach considers various characteristics 
of traffic detector data, including temporal and spatial 
correlation, cyclical tendency, and real-time variability. Su 
et al., Xu et al., Cao et al. and Yu et al. proposed missing 
value interpolation methods based on the nearest neighbor 
algorithm [12-16], in which Su et al. improved the nearest 
neighbor algorithm by using the localization-preserving 
projection and sparse self-coding, respectively, and Xu 
et al. employed the nearest neighbor algorithm based on 
the Mahalanobis distance. Sun et al. combined neural 
networks and Gaussian processes to complete missing 
data of time series in the context of small datasets and 
applied it to the Beijing PM2.5 content dataset as well as 
the ocean surface temperature dataset to test the algorithm 
performance [17]. Bu et al., Chen et al. and Xu et al. all 
proposed data repair models based on self-coding models 
[18-20]. Among them, Bu et al. first clustered datasets 
using the fast density clustering algorithm, and then filled 
the missing data in chunks using the improved noise-
reducing self-coding model. Chen et al. extracted the deep 
correlation relationship between data using the deep noise-
reducing self-coding network, and predicted the data to be 
repaired with the SVR, and verified the performance based 
on the noise data of an airport. Xu et al. extracted spatio-
temporal features of the missing data in road network 
through a noise-reducing graph variational self-encoder, 
and based on this extracted spatio-temporal features, they 
used a generative adversarial network to generate the road 
network data to achieve interpolation of missing data, and 
carried out the comparative experiments of data restoration 
under different types of missing and missing rates. Hu et 
al proposed a hierarchical data recovery method based 
on generative adversarial networks for missing pressure 
data in pipeline network [21]. Zhang et al., Wang et al., 
Hou et al., Chai et al., Tang et al. and Lin et al. proposed 
data repair methods based on convolutional network [22-
27]. Among them, Wang et al. and Hou et al. applied the 
proposed methods to the restoration of missing wind speed 
data and missing traffic flow data, respectively. Lin et 
al. combined the signal decomposition and interpolation 
methods and applied it to the recovery of missing wind 
speed data. Lu et al. established a fault data repair model 
based on gray-wavelet neural network [28]; Dai et al. 
utilized symmetric residual U-network for repairing traffic 
flow data of road network [29]. Shao et al. and Li et al. 
proposed traffic flow data restoration methods based on 
random forests [30-31]. Between them, the former also 
used genetic algorithm to optimally tune the parameters of 
random forest model. Yu et al. and Wang et al. proposed 
missing data repair methods based on Long Short-term 
Memory (LSTM) networks [32-33], and Yu et al. also 
incorporated a multiple attention mechanism. Wang et 
al. proposed a data filling method based on generalized 
central clustering to fully employ the useful information 
of partially missing data [34]. Liu et al. proposed a 
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transformer method based on convolutional network and 
self-attention mechanism to repair the data [35]. Yang et 
al. first mapped one-dimensional power quality data into 
two-dimensional grayscale images, and then applied fuzzy 
self-organizing neural networks to cluster the data. Finally, 
they restored the clustered data hierarchically [36]. Dai 
et al. proposed a tensor ring completion method based 
on Bayesian inference, which can automatically learn 
the optimal rank for tensor ring completion to effectively 
recover missing data in intelligent transportation systems 
[37]. Dai et al. and Lu et al. proposed improved tensor 
completion methods based on nuclear norm and truncated 
nuclear norm, which leverages prior rank information and 
retains large/key singular values to optimize the recovery 
of missing traffic data and video data respectively [38-39].

3  The Proposed Approach

Generative adversarial network (GAN) is a neural 
network designed on the basis of game theory, which 
consists of two parts: generator and discriminator. In the 
training process, the generator generates false data, and the 
discriminator judges between the real and false data. The 
generator continuously generates false data that is close to 
real data to deceive the discriminator, and the discriminator 
continuously improves its own discriminatory capability. 
According to this adversarial training, model parameters 
are continuously adjusted to improve the model 
performance and accuracy. Finally, the purpose of passing 
off the spurious as genuine is achieved, which allows the 
model to generate the required data. Structure of GAN is 
shown in Figure 1. To solve the problem of missing data 
recovery, this paper designs a data restoration model based 
on GAN.

Noise Z Generator Generated
Sample

True
Sample

Discriminator T/F

Figure 1. Structure of GAN

3.1 Generator
Transformer is an advanced model for processing 

sequential data in the field of Natural Language Processing 
(NLP). It was initially introduced for machine translation 
tasks, but had since been widely used for other generative 
tasks as well. It introduces an attention mechanism to 
dynamically adjust the weights of input data, and employs 
residual concatenation and layer normalization for better 
performance. Transformer model is obtained by stacking 
multiple Encoders and Decoders, where Encoders are 
used to learn representations of input sequences, and 
Decoders use outputs of Encoders and context information 
to generate output sequence. Generators for traditional 
GAN are usually designed based on Convolutional Neural 
Networks (CNN) or Recurrent Neural Networks (RNN). 
The generator designed in this paper, however, uses 
encoder of Transformer. The structure of a single encoder 

of Transformer is shown in Figure 2.
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Figure 2. Structure of encoder

For an input sequence with time step n and number of 
features m, its matrix X is represented as shown in equation 
(1), where X is an n×m matrix and xij is the j-th feature at 
the i-th moment.
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Transformer’s encoder adds positional features to 
the input sequence through positional embedding in the 
embedding layer, which helps the model to understand 
relative positions of different time steps and learn 
positional features of sequences. The position embedding 
is a positional embedding matrix obtained by periodic 
sine-cosine function. Such position embedding matrix is 
calculated as shown in equations (2) and (3), where i and j 
denote the j-th position of the i-th sequence and m denotes 
the dimensionality. The position embedding matrix has the 
same dimension as the input sequence X, so that it can be 
added to the input sequence element by element to obtain 
the position embedded matrix X1, the process is shown in 
equation (4).
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1X X P= + (4)

After the action of positional embedding matrix, 
the input sequence is mapped through a series of fully 
connected layers to transform features at each time 
step nonlinearly. Thus, complex relationships and 
feature representations in sequence are captured. The 
corresponding calculation is shown in Equation (5), where 
W1, b1 are parameters of the first fully connected layer, 
W2, b2 are parameters of the second fully connected layer, 
σ is the ReLu activation function, and X2(X2∈Rn×m) is the 
embedding layer’s output.
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( )( )2 1 1 1 2 2X W X b W bσ= + + (5)

To enhance the representation ability of model, the 
encoder introduces a multi-head attention mechanism. 
After each attention head learns a different relevance 
weight, they are merged to obtain the final attention 
score. The relationship between different time steps in the 
sequence may be different, and weaker dependencies may 
exist between more distant time steps. Therefore, a time 
decay self-attention mechanism is introduced. According 
to the adjustment of attention weights by time decay 
factor, temporal preferences and correlations are taken 
into account. The time decay factor matrix is calculated as 
shown in equation (6), where ηi,j is the decay coefficient 
at the j-th position of the i-th sequence, w is the learnable 
periodic coding frequency parameter, and sin is the sine 
function.

( )( ), sini j w i jη = ∗ − (6)

For the i-th moment, if the j-th feature is missing, 
it is labelled as 0, otherwise labelled as 1. On the basis 
of this rule, a mask matrix M is constructed and M is 
homomorphic with X. An example is shown in equation (8), 
where ‘Null’ is the missing value in input sequence.
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The calculation of the self-attention mechanism 
defined by combining mask matrix and time decay factor 
matrix under single-head attention mechanism is shown in 
equation (9). In this equation, Q, K and V are query matrix, 
key matrix and value matrix separately, which are obtained 
by linear transformation of input sequence. 1/ kd  is 
scaling factor and softmax is normalization process.

( ), ,
T

k

QKAttention Q K V softmax M V
d

η
 
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 

(9)

The number of multi-head attention mechanism 
heads is h. A richer and more integrated representation 
matrix X3 is obtained after the concatenation and linear 
transformation of the results affected by each attention 
mechanism head, and is used as input of the next layer. The 
process is shown in equation (10), and the calculation of 

the i-th attention head is shown in equation (11), where Wo, 
Q

iW , K
iW , V

iW  are learnable weight parameter matrices 
and Concat is concatenation operation.

( )3 1, , o
hX Concat head head W= … (10)

( )2 2 2, ,Q K V
i i i ihead Attention X W X W X W= (11)

The multi-head self-attention mechanism is followed by 
residual connection and layer normalization. The residual 
connection adds the current input sequence directly to the 
embedding layer output and then performs normalization 
operation through layer normalization, which helps to 
mitigate gradient vanishing as well as increases training 
speed. In order to better balance the inputs of residual 
connection, a scaling factor ε is introduced and the process 
is shown in equation (12).

( )( )4 3 2X LayerNorm X Xε= + (12)

Finally, the results of a single encoder are output 
through a fully connected layer as shown in equation 
(13), where W3, b3 are learnable parameters of the fully 
connected layer and σ is the ReLu activation function.

( )5 3 4 3X W X bσ= + (13)

The generator is designed based on above encoder 
structure, and utilizes a stack of two encoders. For 
the randomness and diversity of the data generated by 
generator, random noise z satisfying normal distribution 
is introduced between encoder layers, where z and X5 
are homogeneous matrices. z is applied to the output X5 
of the first layer and then inputs to the second encoder 
layer to get the result after filling. Based on mask matrix, 
the complementary data for the missing positions is 
calculated and filled to the true sequence X, resulting in the 
complementary data X'. This process is shown in equation 
(14).

( )( )
( )1

X Encoder Encoder X z

M X M

′ = +

− + 

(14)

The complementary data generated by the generator 
will be fed into discriminator, which will be used to 
discriminate the authenticity of input data. This interaction 
process between generator and discriminator forms the 
core of the game relationship in GAN.

3.2 Discriminator
Gated Recurrent Unit (GRU), as a variant of RNN, 

benefits from the memory of past information and is 
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commonly used in processing sequence tasks. Compared 
to LSTM, GRU occupies simpler structure, faster 
convergence speed, and can also solve the long-term 
dependency problem of RNN due to the unique design 
of update gate and reset gate structure. The update gate 
determines how much the current information is affected 
by the previous information, and the reset gate determines 
whether the information of previous step is ignored. The 
training process of GAN is usually unstable and prone to 
pattern collapse or pattern oscillation. As a discriminator, 
GRU can provide a certain degree of stability. It can 
capture temporal information of input samples, and thus 
offer a more comprehensive discriminative ability. The 
discriminator is implemented using GRU with an output 
dimension of 1, which outputs the probability that input 
sample is the real data. The discriminator will give a higher 
probability for the real data and a lower probability for the 
complementary data generated by generator, thus achieve 
the discrimination of authenticity of data. The structure of 
GRU is shown in Figure 3.

ht-1

X`

ut rt
tanh h ̃t  

ht

×

+

×

×

σ σ

1-

Figure 3. Structure of GRU

The update process of GRU is shown in equations 
(15) to (18), where ut is the value of update gate, ht−1 is 
the hidden state of previous step, rt is the value of reset 
gate, σ is sigmoid activation function, th  is the candidate 
of current hidden state, ht is the current hidden state, and 
Wu , Wr , hW



, bu , br and hb


 are trainable parameters. This 
structure allows GRU to efficiently control the current 
inputs and outputs through the gate structure for more 
effective processing of sequences.

( )1,t u t uu W X h bσ −= × +  ′ (15)

( )1,t r t rr W X h bσ −= × +  ′ (16)
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
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( ) 11t t t t th u h u h−= − + 



 (18)

3.3 Algorithm Flow
The generator of GAN learns the distribution of 

true sequence to generate fake data that is similar to 

true sequence, and the discriminator discriminates this 
generated data. The two networks fight against each other 
and adjust parameters during the training process, which 
eventually makes discriminator unable to distinguish 
between the data generated by generator and the real one. 
Loss of generator GLoss is shown in equation (19) and that 
of discriminator DLoss is shown in equation (20), where 
G(∙) is the generator, D(∙) is the discriminator, and λ is 
coefficient of reconstruction loss. For discriminator, it is 
required that the probability D(X) of discriminating on 
true sequence to be as close to 1 as possible, while the 
probability D(G(X)) of discriminating on generated data 
to be as close to 0 as possible. For generator, it is required 
that the probability D(G(X)) of discriminating on generated 
data to be as close to 1 as possible.

( )( ) ( ) 2LossG D G X X G Xλ= − + − (19)

( ) ( )( )LossD D X D G X= − + (20)

In training process, firstly, the missing part of true 
sequence X is filled with 0, and the corresponding 
mask matrix M and noise z are constructed. The true 
sequence after 0-filling is min-max normalized, and 
input to generator to generate the corresponding 
complementary sequence X'. According to true sequence 
and complementary sequence, loss of generator GLoss 
is calculated. The complementary data is input to 
discriminator, and loss of discriminator DLoss is calculated. 
Then, feedback of DLoss is given to discriminator and the 
sum of GLoss and DLoss to generator, so that the generator 
and discriminator fight against each other to get the final 
sequence which approximates the true data distribution 
to achieve missing data recovery. The whole algorithmic 
framework is shown in Figure 4.

True Sequence 
X

Mask M

Encoder Noise z Encoder

Generated 
Sequence X` GRU T/F

GLoss DLoss

Generator

Discriminator

Figure 4. Algorithmic framework

Algorithm 1. Data restoration algorithmic
Input: Missing sequence X
Output: Complementary sequence X'
Algorithm:
Initialize hyperparameters of model
while epoch does not exceed the maximum value do:

Based on input sequence X, compute mask matrix M.
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Based on M, compute noise matrix of missing bits z.
After 0-filling and min-max normalization of X, it is 

fed into generator together with M and z.
Generator generates complementary sequences X'.
Calculate the loss of generator GLoss.
Input X' into discriminator.
Calculate the loss of discriminator DLoss.
Backpropagate and update parameters.

end while

4  Experiments

4.1 Experimental Data and Experimental Environment
In this paper, real sales data from a company is used to 

validate model performance. The dataset consists of sales 
data from 133 shops in 172 weeks from 2016 to 2019. The 
data contains in total 27 features such as record date, sales 

amount, number of items sold, customer flow, number of 
VIPs, conversion rate of customers, total number of items 
sold for each shop, etc. 2% of the data is missed, which 
is a low missing rate and it can be basically determined 
that the data belongs to a complete dataset. Some data 
samples are shown in Table 1. Designing experiments 
using a complete dataset allows for better validation of the 
model’s effectiveness in repairing missing data. Missing 
data scenarios are simulated by randomly replacing feature 
values with ‘Null’.

Construction of network together with training 
and testing processes of the experiments in this paper 
are implemented based on pytorch framework. Adam 
optimizer serves as a relative mainstream choice in 
sequence prediction due to its good performance. For this 
reason, it is used to optimize the training process in this 
paper. The experiment environment is shown in Table 2.

Table 1. Data samples

Date Shop ID
Number 
of VIPs 
(person)

Quantity sold of 
commodity A 

(piece)

Quantity sold of 
commodity B 

(piece)

Total quantity 
sold (piece) … Sales 

(CNY)

2016/01/01 01 19 157 133 425 … 164195.74
2016/01/08 03 45 223 124 658 … 197251.28
2016/01/15 02 23 125 79 387 … 159496.81
2016/01/22 05 21 164 102 326 … 149425.15

Table 2. Experiment environment

System environment Windows 10 64BIT
GPU NVIDIA GeForce RTX3070

Programming language Python 3.8
Development tool Pycharm

Anaconda Anaconda 4.12.0
CUDA Cuda 11.1
Pytorch 1.9.0

4.2 Evaluation Indicators and Hyperparameters Value
In order to verify the model’s accuracy of data 

completion, Mean Square Error (MSE) and Mean Absolute 
Error (MAE) are used as the evaluation indicators, as 
shown in equations (21) and (22), where y is the true value, 
y' is the predicted value and n is the number of samples.

2( )y yMSE
n

∑ − ′
= (21)

y y
MAE

n
∑ −

=
′

(22)

Following a series of experiments, the primary 
hyperparameters for model training are set as in Table 3.

Table 3. Hyperparameter value

Hyperparameter Meaning Value
epoch Number of iterations 1000

lr Learning rate 0.001
hidden_size Size of hidden units 128

weight_decay Regularization parameter 0.001
h Attention heads 8

4.3 Comparative Experiment
In order to verify the performance of the model for 

missing data repair, the original dataset is treated as a 
missing dataset by replacing operation of ‘Null’ in the 
proportion of 5%, 10% and 15%, respectively, and then 
the corresponding mask matrix is obtained. After the 
simulation of missing dataset, ‘Null’ is replaced with 0 and 
min-max normalized preprocessing is performed. All the 
data is divided 8:2 on a total basis of shops’ number, with 
107 shops as training data and 26 shops as testing data.

Commonly used missing value processing methods 
usually include direct deletion, mean interpolation (MI), 
median interpolation, k-nearest neighbor algorithm (KNN), 
least squares, matrix factorization (MF), etc. In this paper, 
MF, MI, KNN, and GRU-GAN are taken as comparison 
methods for experiments. MF decomposes the original 
data matrix with missing values into the product of two 
low-rank matrices to fill in missing values and to get 
complete data. KNN filling uses clustering to obtain a 
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number of sample points in the neighborhood of a given 
missing sample, and performs missing value filling by 
calculating the mean or weighted average of these sample 
points. GRU-GAN is a GAN where both generator and 
discriminator are implemented using the GRU network. 
Results of comparative experiments are shown in Table 4 
to Table 6.

Table 4. Results of comparative Experiments at 5% of 
missing values

Method
Indicator MF MI KNN GRU-

GAN Ours

MSE 0.0736 0.0661 0.0521 0.0329 0.0261
MAE 0.0577 0.0540 0.0457 0.0308 0.0194

Table 5. Results of comparative Experiments at 10% of 
missing values

Method
Indicator MF MI KNN GRU-

GAN Ours

MSE 0.0947 0.0722 0.0606 0.0427 0.0332
MAE 0.0772 0.0661 0.0551 0.0399 0.0262

Table 6. Results of comparative Experiments at 15% of 
missing values

Method
Indicator MF MI KNN GRU-

GAN Ours

MSE 0.103 0.0821 0.0693 0.0521 0.0413
MAE 0.094 0.0703 0.0661 0.0547 0.0358

From the experimental results, it can be concluded 
that the performance of each algorithm decreases as the 
missing rate increases. Among them, MF and MI perform 
worse in learning of overall data patterns with increase of 
missing data. As a result, if data is poor in completeness, 
accuracy of data repair will be low with the usage of these 
two methods. KNN has a better performance because of 
its neighbors’ similarity. It behaves well in the case of low 
missing rate, and performs stable because it has relative 
low decrease in capability as the missing rate increases. 
GRU, which is realized on the basis of RNN, has good 
memory ability for time series data. This allows it to 
better process sequence data and learn its regularities. The 
experimental results of proposed method in this paper are 
superior to those of compared methods in all missing rate 
cases. The attention mechanism of transformer can capture 
correlation information between different positions in 
sequence, and GAN uses potential distribution information 
in training data to generate reasonable estimates of missing 
value, making filling results more realistic and accurate.

5  Conclusion and Future Research

Aiming at the problem of missing data, this paper 
designs a data repair model using Transformer and GRU 
based on the thought of GAN. Firstly, based on the 

structure of Transformer’s encoder, for time series, the 
time decay factor is introduced to improve the multi-head 
self-attention mechanism to achieve the adjustment of 
attention weight. The scaling factor is introduced in the 
process of residual connection and layer normalization to 
balance input size. And the generator is formed by stacking 
improved encoder. Secondly, considering the simple 
structure and efficient training of GRU, the discriminator 
network is designed based on GRU. The proposed method 
is verified by conducting corresponding comparison 
experiments, and the results show that the designed 
network has optimal feasibility and accuracy for repair of 
the missing data in some extent.

However, there are still some deficiencies and 
limitations during the research of this paper. Although 
the repair results are relatively close to the actual values, 
they still need to be explored and verified in multiple data 
scenarios. For the discriminator, more efficient models can 
be further explored. As for the problems such as pattern 
collapse and pattern oscillation that tend to happen in 
the training process, improvements in network depth and 
activation function can be made to design GAN with better 
performance.
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