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Abstract. The effectiveness of adversarial generative networks (GANs) has been shown in
many works. However, the convergence of the GANs should be granted mathematically with
proper hyperparameters and some network structures. Considering the difficulties of
constructing a large and clean dataset, GANs are required in many cases to extract enough
information from a relatively small dataset. This could result in bad coverage performance of
GANsS, and one way to tackle this problem is pretraining. Since this method relies on importing
external information from the pretraining dataset, this paper does a necessary discussion on the
effect that the pretraining dataset has on the model and makes a simple assumption on the
standard of choosing a pretraining dataset. Specifically, this paper focuses on the case where
the target is to generate animation-style characters, and it has been proven that when providing
a pretraining dataset with higher diversity, the performance of the GAN is better. The result of
this paper should reveal the possibility that using a specially chosen pretraining dataset can
improve the result of GAN.
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1. Introduction

Since introduced, generative adversarial neural networks have been the most effective machine
learning paradigm for generative tasks [1]. Given a set of samples that represents the distribution of
the generation target in the sample space (e.g., in R3%64%64 for 64*64 colored picture generation), the
GANSs can find a map from the distribution of a latent noise to a distribution in the sample space (the
generated distribution), which minimizes the difference between the generated distribution and the
sample distribution. Based on the idea of a “zero-sum” game between two neural networks, the
generator and the discriminator, this network structure pointed out a brand-new way of the generative
model. Soon after, the good nature of GANs in generative works was revealed, and numerous studies
are using GANs and their variants for generative tasks [2].

Apart from improvements made on the network, some tricks have also been conducted to boost the
training process of GANs, among which the pretraining trick is what these paper focuses on.
Pretraining may be widely used in many machine learning studies for better performance, e.g.,
accelerating convergence [3, 4]. However, the goal of most of these studies is classification rather than
generation, and the application of pretraining on GAN architectures seems to be less considered. Only
a few studies have been done in this field. For example, one has shown the effectiveness of pretraining,
especially when the dataset is small [5]. More recently, another research proved that both training of
generator and discriminator could benefit from pretraining [6]. Nevertheless, more detailed
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information remains unknown, e.g., the selection for an appropriate pretraining checkpoint and the
standard for choosing a pretraining dataset.

Unlike the mentioned works, this paper investigates the relationship between the pretraining dataset
and the result's quality. By building pretraining datasets from different base datasets, it is possible to
control the pretraining dataset's diversity roughly. Using this technique, two experiments using two
different GAN architectures are conducted. Each goes in 2 significant steps: First, the GAN is trained
with a pretraining dataset several times, then switched to the training set and continuously trained for a
long time. After that, save some samples for comparison. Second, initialize the parameters, train the
GAN with an altered pretraining dataset, and repeat the same operations as step 1. In the end, the
outcomes of these two steps are compared, and the result shows that when the pretraining dataset is
altered to have better diversity, the performance of GAN is better.

The remainder of this paper is written in the following structure: Section 2 contains information on
generative adversarial networks, including some problems with GANs. Section 3 gives a brief
introduction to 3 different GAN variants, which are used in this study. Section 4 demonstrates the
approach used to compare the "power" of different features and the result with discussions. Section 5
gives a conclusion of this paper.

2. The generative adversarial networks

2.1. The Structure of GANs

The GANSs consists of 2 parts, the generator G and the discriminator D. G is the generative part of the
model. It generates fake samples in high-dimensional space with given low-dimensional latent noise
vectors (usually uniform or Gaussian). In this way, the generator maps the distribution of the latent
noise to distribution in a high-dimensional space. By contrast, the goal of D is to distinguish the
generated samples from the real ones. The judgment of the discriminator usually comes out in the
form of real numbers. It is used to construct the loss function. During the training process, these two
networks are trained alternately. The structure of GANs is given in Figure 1.

real samples —

discriminator judgement

latent noise generator

Figure 1. The structure of GAN.

In the original GAN, the discriminator gives the predicted probability that the sample belongs to the
real dataset. Denote by Dgy,., the distribution of the dataset and D, the distribution of the generated
samples. If the loss function is chosen to be the binary entropy loss, then G and D can be seen as two
player of the minimax game with value function V (D, G):

min max V(D,G) = Ex.p,,,[log D (x)] + E,.p, [log (1 - D(G(Z)))] €y

It is also proved that if D is optimal with respect to a fixed G, then the goal to minimize the value
function can be viewed as to minimize the Jensen—Shannon divergence between the D, and D 4,.
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2.2. Some Problems of GANs
Although the GANSs are suitable for generative tasks, they (especially the original GAN) still suffer
serious problems. Some of them are listed as follows:

2.2.1. Vanishing Gradients. One problem is the absence of a gradient of the generator. The GAN
relies on the gradient descent method to update the discriminator and the generator and let these two
players of the minimax game reach the Nash equilibrium. However, as mentioned in a related study, in
some cases where the discriminator can do the classification perfectly, Jensen—Shannon divergence
cannot provide valid gradient information [7]. This may happen when the dataset and the generated
distribution are disjoint, or their support is a low-dimensional manifold in the sample space. In these 2
cases, the measure for their support is zero. Moreover, the dataset and the generated distribution are
low-dimensional manifolds, which means this problem will happen if the discriminator is “too good”
[8]. Therefore, one must consider carefully how often the discriminator should be trained.

2.2.2. Model collapse. Another problem of GANSs is called model collapse. Sometimes the generator
only produces the same output (or a small set of outputs), which is plausible for the discriminator.
Theoretically, the strategy of the discriminator, in this case, is to reject all samples in this set to force
the generator to learn other patterns of outputs. Nevertheless, the discriminator may not be optimized
enough or be stuck at some local minima. Hence, the discriminator cannot always perform the ideal
strategy, and the generator continues to produce the same outputs to fool the discriminator.

2.2.3. Convergence Status is Hard to Monitor. For the supervised optimization problems, the loss can
be viewed in real-time. By contrast, the GAN, as an unsupervised learning architecture, does not have
such trait. Although in WGAN models, the output of the discriminator can be seen as an estimator of
the EM distance and therefore be used for monitoring convergence, this metric still correlates with the
discriminator’s structure. It is meaningless when comparing different models [7].

3. The gAN architectures

Despite the problems mentioned above, the generative adversarial network has been a well generative
model, and many of its variants have been introduced to tackle these problems. Two variants used in
the experiment part of this paper are listed here.

3.1. DCGAN

Deep convolutional GAN (DCGAN) is a classical variant of GANs. This GAN architecture changes
the original GAN's MLP layers to convolutional ones. It adds batch normalization layers in between
[9]. Besides, the ReLu function is used after every convolutional layer in the generator. LeakyReLu is
used in the discriminator to prevent parse parameters. Compared to MLP layers in the original GAN,
convolutional layers are more capable of extracting patterns or features from the input signal,
especially in computer vision. Moreover, the batch normalization layers make the model more stable.
Therefore, DCGAN is a successful GAN architecture and has been used in many other studies, mainly
in computer vision [10-12].

3.2. WGAN-GP

Wasserstein GAN (WGAN) also makes modifications to the loss function. It solves the vanishing
gradient problem and makes the training more stable. WGAN uses the Wasserstein distance instead of
the JS-divergence to measure the loss between the generated and data distribution [7]. This could solve
the vanishing gradient problem, as Wasserstein distance can always provide reliable gradients for
training. In addition, this model also solves the model collapse problem to some extent, as the WGAN
model allows the discriminator (or the “critic”) to be trained to perfection. In other words, a WGAN
model solves the following minimization problem:

minVisean (D) = Ezp, ) [D(6(2))] = Ex~pypate) [P ()] (2)

412



Proceedings of the 3rd International Conference on Signal Processing and Machine Learning
DOI: 10.54254/2755-2721/5/20230608

mGin Visean (G) = —E,~p, 5| D(G(2))] 3)

The only problem with Wasserstein distance is that it is a much weaker condition compared to JS-
divergence. Hence, the discriminator has to satisfy the precondition of Lipschitz continuity to
guarantee the convergence of the network. In WGAN-GP, the gradient penalty method is introduced to
maintain the Lipschitz property by penalizing significant gradients of the discriminator.

4. Experiments

This paper train GAN models with images, as graphic generation is one of the most popular
applications of GANs. The experiments are implemented in the following steps: In the pretraining
phase, the GAN model is trained on a dataset for some time, and the pre-trained model is saved and
passed to the training phase. In the training phase, the model has trained on the target dataset for a
longer time to learn to generate target pictures. The experiment is repeated with different GAN models
(those mentioned in the previous section) and pretraining datasets, so different combinations are tested,
returning a series of results.

4.1. Datasets

The experiment in this paper uses relatively small datasets. One reason for this is that the pretraining
trick is usually used to help train on a small dataset, so the experiment is made to simulate such
situation. Besides, smaller datasets are more controllable, i.e., it is easy to make significant changes in
a small dataset by adding a limited number of pictures, which is essential for the experiment method.
For the pretraining datasets, one choice is around 30000 bedroom pictures randomly chosen from the
LSUN-Bedroom dataset [13]. Since the original LSUN dataset is too big and pretraining only lasts for
a limited time, using this truncated dataset should be more cost-effective. Another choice is a mixed
dataset containing pictures from LSUN-Bedroom and pictures of cats and human faces. In the
remaining part of this paper, the former is referred to as” the bedroom dataset,” and the latter is
referred to as ”the mixed dataset .”Some samples from these datasets are displayed in Figure 2.

Figure 2. Some Pictures from the datasets used in pretraining.

A dataset containing Japanese animation-style girl faces was used for the training dataset. This choice
is because this kind of picture is less studied, so it is hard to find an existing extensive dataset for
training. Therefore, the pretraining trick should be meaningful in this situation. Another reason is that
animation style faces differ strongly from the pretraining datasets. Hence, the only difference between
these two pretraining choices is the diversity. Again, some samples of the training dataset are
displayed in Figure 3.
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Figure 3. Some pictures from the dataset used in training.

4.2. Results and Discussions

They are starting with the experiment on the DCGAN model. Generally, as shown in Figure 2, the
network produces better pictures when the pretraining is done on the mixed dataset. Specifically, when
pre-trained with the mixed dataset, the GAN model learns the shape of the face better, and a wider
variety of colors can also be observed in the generated pictures (see Figure 4). This may result from
features of the bedroom dataset: Most contour lines in bedroom pictures are straight, and a lot of them
has some part that is plain white, e.g., the bed or the wall. These two features are different from
animation style faces, affecting the network's performance. By contrast, adding the cat and human face
pictures in pretraining disallows the model to fit the bedroom dataset. In other words, this change
prevents the model from being trained too well in the pretraining phase. A further experiment shows
that even with a doubled pretraining time, the mixed dataset still performs well in pretraining (see
Figure 5). Hence, using a "dirty" or more diverse dataset for pretraining may help improve the
performance of the pretraining trick and make the pretraining trick more stable towards the change of
pretraining time.
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Figure 4. Generated pictures by DCGAN on an animation style girl face set.

5

The left is from the experiment pre-trained with the bedroom dataset, and the right one is from the
experiment using a mixed dataset. The left one contains more white parts, and its colors are also not as
good as the right one: Colors in the left picture are too dark or too bright. Besides color, the
experiment using the bedroom dataset also performs poorly in drawing the shape of the face: In the
left picture, several samples failed to create a character with a round face, while this failure is rare for
the right one. Moreover, using the bedroom dataset for pretraining may lead to model collapse, as the
blonde hair samples in the left picture are similar.
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Figure 5. Generated pictures using a doubled pretraining time.

Obviously, using a doubled training time has a negative effect on the performance, and when using the
mixed dataset, such decrease 1s less remarkable
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Figure 6. Generated picture of WGAN-GP model.

The left is from the experiment pretrained with the bedroom dataset, and the right one is from the
experiment using mixed dataset. Like Figure 2., the mixed dataset performs also better here, especially
in matching the round shape of character faces and eyes.

One may note that the quality of all the generated pictures is not so good. This is because this
experiment does not focus on the quality but on comparing different datasets. Thus, the
hyperparameters and the DCGAN structure are not well-tuned, and the GAN model was not trained
for a long time. However, as displayed above, this experiment still provides enough information for
comparison.

Similar results can also be observed in experiments involving the WGAN-GP or BEGAN models.
Although the performance of WGAN-GP is generally worse than DCGAN, it is still apparent that
using the mixed dataset in pretraining improves the quality of the generated pictures, especially in
catching the shape of the face (see Figure 3). This result supports the above discussion and indicates
that the conclusion may be widely applicable to various GAN models (see Figure 6).

5. Conclusion

To summarize, this paper takes results from a series of simple experiments to investigate the
performance of the pretraining trick in generative neural networks. It is observed that more diverse
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datasets are better for pretraining. A possible explanation for this phenomenon is that more diverse
datasets are harder to learn, so using this kind of dataset prevents the well-fitting of the pre-trained
model. Some further experiments show that diverse datasets can make the pretraining process less
sensitive to pretraining time. As there is still no tool to determine a suitable pretraining time, this paper
attempts to enhance the robustness of the pretraining trick against the selection of pretraining time by
using a more diverse dataset. Moreover, the results indicate that when there is already some a priori
expectation for the generation target, adding data matching these expectations to pretraining might
also improve the quality of training. Specifically, pretraining with human faces and cat images, in this
case, helps train animation character faces. Since GAN models and the datasets used in this paper tend
to be simple, there is still much room for further studies.
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