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Generative adversarial networks are currently used to solve various problems and are one of the most popular models. Generator
and discriminator are characteristics of continuous game process in training.While improving the quality of generated pictures, it
will also make it difficult for the loss function to be stable, and the training speed will be extremely slow compared with other
methods. In addition, since the generative adversarial networks directly learns the data distribution of samples, the model will
become uncontrollable and the freedom of the model will become too large when the original data distribution is constantly
approximated. A new transfer learning training idea for the unsupervised generation model is proposed based on the generation
network. -e decoder of trained variational autoencoders is used as the network architecture and parameters to generative
adversarial network generator. In addition, the standard normal distribution is obtained by sampling and then input into the
model to control the degree of freedom of the model. Finally, we evaluated our method on using theMNIST, CIFAR10, and LSUN
datasets.-e experiment shows that our proposed method canmake the loss function converge as quickly as possible and increase
the model accuracy.

1. Introduction

GAN is a new image-generating model based on game
theory, which innovatively combines the generative model
and adversarial model, and proposes a useful training
method based on model features to make the output
resulting images clearer and sharper than other methods.

Compared with the previous complex image generation
methods, the generation of adversarial network does not
need to model its original dataset, but only needs to use
generators to approach the original data distribution. Its
generator and discriminator also do not need complex
network structure, and the original deep neural network can
achieve better generation effect. Although researchers have
made a lot of improvements to the generation of adversarial
network, there are still some points that need to be improved
based on its own characteristics. For example, the model

training speed is slow and the model freedom is too large. So,
the purpose of our study is speeding up model training and
reducing model freedom.

-is is a challenging problem because (1) the generation
of adversarial network is a process of continuous game
between the generator and discriminator during training.
While constantly improving the generation of images, it is
difficult for the model to reach equilibrium or even stability
due to the violent fluctuation of gradient, and the training
speed will be too slow. Traditional GAN training on the CPU
takes about 3 hours. (2) -e generation of adversarial
network requires no modeling in advance. Although the
process of generating pictures is simplified, the model is too
uncontrollable and the freedom of the model is too large.

To counter the problems above, we use the transfer
learning method in the unsupervised deep model and
combine with other variational autoencoders of the image
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generation model to reduce the resource consumption and
time of training generative adversarial network. In addition,
based on the particularity of the decoder input of the var-
iational autoencoder, the freedom of the model is further
limited by limiting the input data distribution of the gen-
erator, which provides an improved method for the future
training of other unsupervised generator models. In recent
years, based on the great potential of generating adversarial
network, the method has been widely improved and applied
by researchers. Some studies use GAN in semisupervised
learning. Finally, some research studies combine GAN with
specific applications and achieve good results.

We combine transfer learning and unsupervised learn-
ing to make up for the shortcomings of both sides and use
standard normally distributed sampling as parameters to
increase input of the model. -e specific combination and
control methods are as follows:

(1) -e decoder of the trained variational autoencoders
is used as the network architecture and initial pa-
rameters to generative adversarial network genera-
tor. -e generator is provided with a new starting

point for learning and make the loss function fall
down as quickly as possible. Experiments show that
the method can reduce the training time by about
half.

(2) Take standard normally distributed sampling as the
input data of the generator, and the problem of too
much freedom of the model is improved by limiting
the input data of the model.

2. Related Works

-e idea of generative adversarial networks (GANs) is de-
rived from game theory’s Nash equilibrium [1].-emodel is
shown in Figure 1. GAN can be seen as a collection of two
networks: a generator G, which is responsible for fetching
data close to real data, and D, a discriminator, determines
whether the sample is a real sample or a false sample, t is
sampled from the real data, and n is the data generated by the
generator. Two networks are trained by gaming each other,
and the loss function is

min
G

max
D

V(D, G) � Et∼pdata(t)[logD(t)] + En∼pg(n)[log(1 − D(G(n)))]. (1)

GAN can be found from conferences and journals in
recent years [2–8]and is already a hot topic in artificial
intelligence [9–11]. It has many papers related to GANs. -e
original GAN [1] requires no Markov chain or expanded
approximate inference network during training. DCGAN
uses CNN to replace the basic nerve structure in GAN and
uses global pooling layer to reduce the computation.
PROGAN starts to train and gradually generates clear im-
ages from blurred images [12]. SAGAN uses the weighted
sum of the elements of all positions as the response of that
location by self-attention and better handles the depen-
dencies between different regions [13]; LP-WGAN [14]
replaces Lipschitz [15] to lp-norm to constrain weight search
and effectively close the generated distribution and the true
distribution. WGAN-GP [16] uses improved gradient
penalty to solve the problem of associating parameters with
limits to achieve real Lipschitz constraints. -e LSGAN
changes the target function of the model, more accurately
describes the loss of the model and solves the problems of
low picture quality and unstable training process [17].

F-GAN proofs that any divergence is suitable for generating
models [18]. UGAN can remove the source category in-
formation retained in the generated image, making the
source category of the generated image more difficult to
track [19]. LSGAN uses Lipschitz regular conditions to
further normalize its loss function to the density of real data
[20]. MRGAN takes advantage of the unique geometry of
real data, especially manifold information [21]. Geometric
GAN [22] uses SVM to separate hyperplanes to maximize
margin. RGAN [23]considers that the probability that the
real data is true should be reduced because this can reduce
the gap between true and false data and make the data
smoother.

-e autoencoder designs a neural network architecture
that imposes bottlenecks on the network and forces the
original input to compress knowledge representation. -e
autoencoder is shown in Figure 2. -e autoencoder forces
the model to retain only the changes of data required by the
reconstruction input, but not the redundancy of input.
-erefore, the loss function is referred to as

L � min
θ

‖x − f(x)‖
2

+
1
2

tr (x)  + μ(x)
Tμ(X) − K − log det (x)  . (2)

3. Methods

Transfer learning is to transfer the parameters of the model
learned and trained to the new model to help the training of
the new model. Most of the data or tasks are correlated.

-rough transfer learning, the model parameters can be
shared with the new model in some way to speed up and
optimize the learning efficiency of the model without
learning from zero as most networks do. Transfer learning
mainly includes the concept of data domain and task. A data
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domain D consists of the feature space X and the probability
distribution P(X), and X� x1,x2,...,xn. A task T consists of a
label space Y and an objective function F. Different models
can be transferred according to the correlation between the
data domains and tasks of the source model and the target
model in transfer learning.

3.1. Transfer Learning -eory Based on CNN. Transfer
learning based on convolutional neural network can be
divided into two methods.

In the development model, we need to select a relevant
predictive modeling problem with rich data first. -ere is a
relationship between the input data of the original task and
the target task, the output data, and the concepts learned by
adjusting the model parameters with the input data. -en,
we need to define an excellent networkmodel for the original
task to ensure that the network can enhance the represen-
tation of features of original dataset as much as possible.
-en, the network model of the original task can be selected
as the training starting point of the network model of the
new task. Part or all of the original network model can be

selected according to the needs of the new task. Finally,
according to the training results of the new model and the
needs of the target task, the network model can be adjusted
appropriately to make it perform better in the new task.

In the pretraining model, we select the source model first.
-e pretraining model is difference from the development
model because the basic model does not need to be trained.
Many research institutions have already trained the basic
model in the super-large dataset, and the caller only needs to
select the network model suitable for the new task. -en, we
reuse themodel, select the networkmodel of the original task as
the training starting point of the network model of the new
task, and select part or all of the original network model
according to the needs of the new task. Finally, according to the
training results of the new model and the needs of the target
task, the network model can be adjusted appropriately to make
it perform better in the new task.

3.2. Transfer Learning Based on Unsupervised Generation
Model. Transfer learning is generally applied to the
supervised discriminant model. -e source model is
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Figure 1: Structural figure of generative adversarial networks.
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Figure 2: Variational autoencoders include the encoder and decoder.
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transferred to the target model after training through
similar datasets, and a new training starting point is
given to the target model to accelerate the training speed
of the target model. By combining generative models
with transfer learning, a new transfer method is pre-
sented which can be applied to the unsupervised gen-
eration model of deep learning. In this paper, two
unsupervised generation models of generation adver-
sarial network and variational autoencoder and their
improvement are studied, and MNIST and LSUN
datasets are selected as input data. -e variational
autoencoder is selected as the source model of transfer
learning, and the original generative adversarial net-
work and WGAN-GP are selected as the target model.
-is experiment adopts a new training method of
transfer learning based on the unsupervised generation
model:

(1) Select the source model: the variational autoencoder
is chosen as the source model of training

(2) Reuse model: the model parameters of the decoder of
the variational autoencoder are saved

(3) Adjust model: the generative adversarial network is
adjusted so that the input of the generative model is
obtained from the standard positive attitude distri-
bution, and then the iterative training is carried out
according to the generative adversarial network
algorithm

-e improved original generation adversarial network
adopts the small-batch stochastic gradient algorithm. -e
training times of the discriminator are k, which is a hyper-
parameter. -e dataset is input into the encoder of the vari-
ational autocoder so that the encoder learnsmean and variance.
-e potential variable n is selected from the standard normal
distribution and input into the decoder to train the variational
autocoder so that its loss function is stable or even minimal.
-e network structure and network parameters of the decoder
of the variational autocoder after training are transferred to the
generative adversarial network as its initial generator for the
following training. -e improved original generative adver-
sarial network algorithm is described in Algorithm 1.

4. Experiments

In this experiment, the MNIST, CIFAR10, and LSUN
datasets are used to compare different models.-eMNIST is
a computer vision dataset, which contains 70,000 grayscale
images of handwritten digits, each of which contains 28∗ 28
pixels, and each image has a corresponding label that is the
corresponding number of images. -e CIFAR10 has a total
of 60,000 color images, and the image pixels are 32∗ 32,
which are divided into 10 categories with 6,000 images in
each category. -e LSUN mainly includes 10 scene cate-
gories and 20 object categories, and each category has about
one million pictures. It is a scene understanding image
dataset, mainly including bedroom, house, living room,
classroom, and other scene images. We improve the gen-
erative adversarial network, deep convolutional network,
and WGAN-GP, respectively, in three datasets. -e details
are shown in Table 1. -e original generative adversarial
network trains the MNIST dataset, and the improved
original generative adversarial network adopts the same
network structure. -e leaky ReLU activation function is
used in the original network activation function. Deep
convolution generative adversarial network is to change the
structure of the original generative adversarial network. -e
improved deep convolution generative adversarial network
adopts the same network structure. In the discriminator of
deep convolution generative adversarial network, step
convolution is used to replace pooling layer for down
sampling, and in the generator, transposed convolution is
used to replace upsampling. Removing the full connection
layer and replacing the full connection layer with global
pooling, the improved WGAN-GP and WGAN-GP adopt
the same network structure as deep convolution generative
adversarial network, while theWGAN-GP improves the loss
function of network to avoid the model collapse.

4.1. Improved Original Generative Adversarial Network.
In this experiment, the low-pixel MNIST dataset is used for
training, and the network structure of the generator and
discriminator is relatively simple. In order to make a
comparison with the original generative adversarial

Input: noise data n(1), . . . , n(m)  from standard normal distribution pg(n) and t(1), . . . , t(m)  from the generated distributed data
pdata(t).
Output: -e losses of generator and discriminator.
For generative adversarial network training times do
For k times do
Select m small batch samples from standard normal distribution pg(n) .
Select m small batch samples from the generated distributed data pdata(t).
Optimize discriminator weights by stochastic gradient ascent algorithm: ∇θD(1/m) 

m
i�1[logD(t(i)) + log(1 − D(G(n(i))))]

end For
Select m random samples from standard normal distribution pg(n).
Optimize generator weights by random gradient descent algorithm: ∇θD(1/m) 

m
i�1 log(1 − D(G(n(i))))

end For

ALGORITHM 1: Improved original generative adversarial network Algorithm. D and G are the two parts that make up the GANs. Really
sampled data t and the noise data n. G(n) is the sample generated by G that is closest to real data. D(t) is the discriminator of really sampled
data, and D(G(n)) is the discriminator of fake data from the generator.
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network, this experiment uses theMNISTdataset to train the
two algorithms, respectively. -e MNIST dataset generate
the training result graph of the adversarial network in the
original phase in Figures 3 and 4. -e MNIST dataset in the
generation of improved counter network training loss in
Figures 5 and 6. Figures 7(a) and 7(b) show the generated
images, respectively. In the experimental figure, d_loss is the
loss value of the discriminator, g_loss is the loss value of the
generator, and the x-coordinate is the number of iterations

during training. As the training time increases, the loss of the
network gradually decreases and tends to be stable when the
training times of the original generative adversarial network
reach to 120 k. And generative adversarial network in
training reach to 40k, network convergence, generator, and
discriminant loss function tends to be stable; therefore, when
using a transfer generative adversarial network-based al-
gorithm while the MNIST dataset for network training and
greatly improves the convergence speed.

Table 1: -e experimental comparison table.

Dataset Algorithm Instruction

MNIST
Original generative adversarial network

-e experimental results of the original network and the improved network are
shown, which show the effectiveness

of improved network

Improved original generative adversarial
network

CIFAR10

Deep convolution generative adversarial
network

Improved deep convolution generative
adversarial network

LSUN WGAN-GP
Improved WGAN-GP
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Figure 3: -e discriminator loss function of generative adversarial networks.

g_
lo

ss

1.60

1.20

0.800

0.400

0.00

0.000 10.00k 20.00k 30.00k 40.00k 60.00k 70.00k50.00k
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4.2. Improved Deep Convolution Generative Adversarial
Network. In this experiment, we use the CIFAR10 for
training and deep convolution which is adopted by the

generator and discriminator to generative adversarial net-
work. For the purpose of making a comparison with the
adversarial network generated by the original deep
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Figure 5: -e discriminator loss function of improved generative adversarial networks.
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Figure 7: (a) Generative adversarial network-generated pictures. (b) Improved generative adversarial network-generated pictures.
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convolution, this experiment uses the CIFAR10 dataset to
train the two algorithms, respectively. -e CIFAR10 dataset
generates training result graph of countermeasure network
in the original deep convolution in Figures 8 and 9. -e

CIFAR10 dataset generates the training result graph of
adversarial network in the improved deep convolution in
Figures 10(a) and 10(b). Generated images are shown in
Figures 11 and 12. In the experimental figure, error_D is the
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Figure 8: -e discriminator loss function of deep convolutional generative adversarial networks.

er
ro

r_
G

4.50

4.00

3.50

3.00

2.50

2.00

1.50

1.00

0.500

0.00

0.000 5.000k 10.00k 15.00k 20.00k 30.00k25.00k

Figure 9: -e generator loss function of deep convolutional generative adversarial networks.
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loss value of the discriminator, error_G is the loss value of
the generator, and the x-coordinate is the number of iter-
ations during training. When the training times of the
original deep convolution generation adversarial network
reaches 15 k, the network reaches convergence and the loss
function of the generator and discriminator tends to be
stable and improves the deep convolution generative
adversarial network in training reach to 8k, network con-
vergence, generator, and discriminant loss function tends to
be stable. -erefore, when deep convolution generative

adversarial network based on transfer learning is used for
training in CIFAR10, the convergence speed is improved. In
addition, from the result graph of generated images, the
quality of generated images is also improved to some extent.

4.3. Improved WGAN-GP. In this experiment, the LSUN
dataset is used for training, and the generator and dis-
criminator used deep convolution to generate the adversarial
network. In order to make a comparison with the original
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Figure 11: Deep convolutional generative adversarial network-generated pictures.
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Figure 12: Improved deep convolutional generative adversarial network-generated pictures.
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WGAN-GP.-e LSUN dataset is used for training in the two
algorithms in this experiment. -e LSUN dataset in the
original WGAN-GP training result graphs is shown in
Figures 13 and 14. -e LSUN dataset in the improved
WGAN-GP training result graphs are shown in Figures 15
and 16. Generated images are shown in Figures 17 and 18,

respectively. In the experimental figure, data/disc_cost is the
loss value of the discriminator, data/gen_cost is the loss value
of the generator, and the x-coordinate is the number of
iterations during training. In the loss function graph of the
generator and discriminator, when the training frequency of
original deep WGAN-GP reaches 25k, the network reaches
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Figure 13: WGAN-GP discriminator loss function.
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convergence and the loss function of the generator and
discriminator tends to be stable. And improved WGAN-GP
in training reaches to 20 k, network convergence, generator,
and the discriminant loss function tends to be stable;
therefore, when using WGAN-GP algorithm based on mi-
gration study in LSUN dataset for network training, improve
the convergence speed, the other by the result of the gen-
erated image, and generated images are also better than the
previous images, and images become more acute.

5. Conclusions

In all unsupervised generative models, the generation of
adversarial network has the advantages of clearer and

sharper image generation, and does not need to use Markov
chain to sample the input dataset repeatedly, and the model
is more concise than other unsupervised network models.
However, the problems of long training time and too much
freedom of the model have not been improved. So, we put
forward the transfer method between unsupervised gener-
ation models. First, we transfer the decoder of the variational
autocoder to the generator that generates the adversarial
network and the convergence speed of the adversarial
network is greatly accelerated. Second, our model restricts
the generation of the input of the antagonistic network and
uses the standard normal distribution, which further limits
the freedom of the model and makes it more instructive and
closer to the real picture. Experiments show that generated
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Figure 17: WGAN-GP generated pictures.

Figure 18: Improved WGAN-GP generated pictures.
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pictures are more instructive and closer to the real pictures.
-e image resolution is still the focus of research, so we will
design experiment to building a new network that makes the
generated images more realistic and speeds up training in
our future work.
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