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Abstract
Generative Adversarial Networks (GANs) have shown remarkable po-
tential in generating high-quality images, with semi-supervised GANs
providing a high classification accuracy. In this study, an enhanced semi-
supervised GAN model is proposed wherein the generator of the GAN
is replaced by a pre-trained decoder from a Variational Autoencoder.
The model presented outperforms regular GAN and semi-supervised
GAN models during the early stages of training, as it produces higher-
quality images. Our model demonstrated significant improvements in
image quality across three datasets - namely the MNIST, Fashion MNIST,
and CIFAR-10 datasets - as evidenced by higher accuracies obtained
from a Convolutional Neural Network (CNN) trained on generated im-
ages, as well as superior inception scores. Additionally, our model pre-
vented mode collapse and exhibited smaller oscillations in the discrimi-
nator and generator loss graphs compared to baseline models. The pre-
sented model also provided remarkably high levels of classification ac-
curacy, by obtaining 99.32% on the MNIST dataset, 92.78% on the Fash-
ion MNIST dataset, and 83.22% on the CIFAR-10 dataset. These scores
are notably robust as they improved some of the classification accuracies
obtained by two state-of-the-art models, indicating that the presented
model is a significantly improved semi-supervised GAN model. How-
ever, despite the high classification accuracy for the CIFAR-10 dataset,
a considerable drop in accuracy was observed when comparing gen-
erated images to real images for this dataset. This suggests that the
quality of those generated images can be bettered and the presented
model performs better with less complex datasets. Future work could
explore techniques to enhance our model’s performance with more in-
tricate datasets, ultimately expanding its applicability across various do-
mains.
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Chapter 1

Introduction

The Fourth Industrial Revolution has brought about a paradigm shift in the techno-

logical landscape, where Arti�cial Intelligence (AI) has emerged as a crucial com-

ponent. One of the major components of AI is Machine Learning, which has rev-

olutionised how computers learn and optimise. This discipline leverages data and

algorithms to imitate human learning, fostering numerous advancements in the

broader �eld of AI. Several learning methods exist within the domain of Machine

Learning, including supervised learning, unsupervised learning, as well as semi-

supervised learning [19].

Generative modeling is a subset of unsupervised machine learning that involves

discovering and learning patterns from data so that the model can create new out-

puts similar to the probabilistic distribution of the original dataset [5]. Generative

Adversarial Networks (GANs) are one example of a generative model. GANs have

been widely used in the �elds of Natural Language Processing and Computer Vi-

sion. They improve the Restricted Boltzmann Machine, vulnerable to modi�ed data

[6].

GANs have been applied to various tasks, including image generation, image trans-

lation, 3D object generation, video prediction, and object detection [3, 6]. Given the

versatility of GANs, they have become increasingly popular in AI, with numerous

use cases in the 21st century. Despite the extensive research that has been con-

ducted on GANs, there is still ample room for improvement in this emerging and

constantly evolving �eld.
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This study aims to improve the architecture of GANs by incorporating semi-supervised

learning into the GAN training process. The objective is to enhance the performance

of GAN outputs, as well as the accuracy of the classi�cation of GAN outputs by util-

ising semi-supervised learning to train part of the GAN architecture. In addition,

the study aims to improve classifying the outputs of GANs into different categories

to make them more useful.

In recent years, semi-supervised learning has gained attention due to its ability to

learn from labelled and unlabelled data. It is a useful technique for improving the

performance of machine learning models [18]. By incorporating semi-supervised

learning into the GAN training process, the proposed method aims to leverage the

bene�ts of both supervised and unsupervised learning, resulting in a more ef�cient

and effective model [10].

Furthermore, clustering the outputs of GANs into different categories can enable

the creation of additional labelled datasets, which can be used to train other ma-

chine learning models. Data clustering can be especially useful in cases where la-

belled data is scarce or expensive to obtain [26]. The proposed method aims to

enhance the performance of the GAN and the classi�cation of the GAN outputs.

This study has aimed to contribute to the ongoing research and development of

GANs, and it has the potential to be applied to a range of tasks in various �elds.

The rest of this report is structured as follows: the rest of Chapter 1 introduces

the reader to similar projects undertaken in this �eld, as well as the project's goals,

aims, and objectives. Chapter 2 provides the methodology used for the research and

the methods and design principles used. Chapter 3 provides the results obtained

from the implementation of the study and an in-depth analysis of those results.

Conclusions are drawn from all chapters in Chapter 4.

1.1 Literature review

Due to considerable progress in the digital landscape, with the introduction of com-

puters, cell phones, and social media, there is a deep need for evolving technologies

to satisfy the requirements of many �elds [22]. With the introduction of Generative

Adversarial Networks and their versatility, many of these requirements have been
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satis�ed such as image generation, image manipulation, and natural language pro-

cessing [6]. Yann LeCun, a renowned professor known as one of the 'Godfathers

of Arti�cial Intelligence', termed GANs 'the coolest idea in machine learning in the

last 20 years' [23]. To evolve these GANs further, much research has been conducted

on GANs since their inception in 2014 [4].

GANs were introduced in 2014 through a research paper by Ian Goodfellow. They

are based on zero-sum games [4]. A zero-sum game is a game in which players are

strictly opposed to each other, where one player's gain is equivalent to the other

player's loss. The GAN is designed to have a two-part architecture comprising

a generator and a discriminator. These components are trained in parallel. The

generator generates synthetic data, and the discriminator's function distinguishes

between the real data used in the training process and the generated data. The

objective of this training process is to optimise the performance of the generator

so that it can produce high-quality synthetic data. In the case of the GAN, the

distribution of generated data should be as close as possible to the distribution of

real-world data. This is crucial in ensuring that the generated data has practical

applications and can be used for various tasks [6].

Many different types of GANs have been developed since 2014. All of them are

based on the same base architecture, with modi�cations and variations to improve

them [17]. Mehdi Mirza proposed the Conditional GAN (CGAN), which improved

regular GANs by re�ning the quality of generated samples [13]. Mirza proposed

Deep Convolution Generative Adversarial Networks (DCGAN) to overcome a few

of the issues of general GANs. These issues include the training of a GAN being too

slow, the large number of parameters, including weights, and the generalisation ef-

fect. DCGAN uses a Convolutional Neural Network, which uses backpropagation

to achieve this [3].

Other GAN models were created for speci�c use cases, such as CycleGAN, which

was established for image translation without a one-to-one mapping between do-

mains [29]. WGAN was introduced by Arjovksy et al. as a variant of GANs that

uses the Wasserstein distance to measure the difference between the generated and

real data distributions. This approach leads to more stable training and better

results [2]. Other GANs were also created for speci�c use cases, such as Style-

GAN. The StyleGAN architecture uses a novel mapping network to transform a
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low-dimensional latent space into a high-dimensional feature space. This mapping

allows precise control over the generated image's style and appearance [7].

With the different GAN models being developed, an interest was naturally sparked

in using contrasting supervision techniques during training. Semi-Supervised GAN

(SGAN) was one of the �rst works on using semi-supervised learning in GANs and

was published by Augustus Odena [15]. Unlike traditional GANs, where the dis-

criminator makes a binary classi�cation between 'real' or 'fake', SGAN introduces a

novel feature in its architecture. Odena's discriminator is designed to perform as a

multiclass classi�er, predicting which of N classes an input belongs to. The number

of classes is then extended to N+1 during training, with the additional class corre-

sponding to the outputs generated by the generative model G. This methodology,

Odena demonstrates, results in a more data-ef�cient classi�er and enhances the

quality of samples generated compared to a regular GAN." Thus, the aim shifted

from focusing on bettering the generator to bettering the discriminator. This then

improved the regular GAN network as labels were attached to the generated sam-

ples, and the network became more data-ef�cient. Training times for the generator

part of the network also decreased. SGAN provided better accuracy for limited

labelled data than Convolutional Neural Networks (CNNs) [15].

In 2016, researchers from OpenAI proposed an improved technique for using GANs

through semi-supervised learning. Tim Salimans et al., [20], proposed a model that

added to the work done by Odena, [15], by improving and simplifying the architec-

ture of the discriminator in the GAN network. The model was tested on multiple

datasets, and the results illustrated that the visual quality of the images produced

had increased [20]. Kumar, Sattigeri, and Fletcher [10] proposed further improve-

ments to semi-supervised learning GANs by observing fake samples in the training

process. The research helped to improve the architecture as even fewer samples of

labeled data were needed [10].

Though there was much success for the GANs proposed by Goodfellow, [6], and the

subsequent improved models, there are still some problems that GANs face, such

as convergence. According to the ideologies of game theory, Nash Equilibrium in

a GAN can be reached in theory. However, in reality, too many parameters must

be added to the loss functions of the generator and discriminator to achieve the re-

quired balance. One factor that can prevent convergence is mode collapse, which
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results in a lack of diversity in the samples produced by the generator. When gradi-

ent descent is optimised, the generator generates similar data samples repeatedly,

making it easier to deceive the discriminator. [3].

GANs may also experience dif�culties in training due to the vanishing gradient

problem, which can result in poor convergence. Several modi�cations have been

proposed, including using residual connections [12]. GANs may also face chal-

lenges when dealing with imbalanced datasets, where some classes have fewer ex-

amples than others. Imbalanced datasets can result in poor performance and bi-

ased sampling. Several techniques have been proposed to address this issue, such

as Class-Conditional GANs [14].

While much work has been done, this study aims to improve upon the already-

existing GAN architecture by overcoming some of the problems faced in GANs and

enhancing image quality and classi�cation. Xianwen Yu et al. proposed VAEGAN,

which uses a Variational AutoEncoder (VAE) acting as a generator in conjunction

with the discriminator from the traditional GAN model [25]. This model does pro-

duce higher-quality images but makes it dif�cult for the model to learn the latent

distribution and for the discriminator to be well-trained. This study differs in that

it disconnects the generator of the GAN network and uses a VAE to pre-train the

generator before connecting it to provide the discriminator with better samples and

higher-quality images at earlier training times while using semi-supervised learn-

ing. The image quality is veri�ed with a Convolutional Neural Network (CNN).

1.2 Research Question

With the ever-increasing use of GANs in AI, more research is constantly under-

taken to improve the architecture to obtain better and more useful outputs. The

architecture and output can be improved by re�ning the machine learning tech-

niques or designing new ones. More speci�cally, the following research questions

can be asked:

1. Could the samples at early epochs of a semi-supervised GAN model be im-

proved by pre-training the generator using a Variational Auto Encoder? Can

this architecture lower the risk of mode-collapse and fast convergence of the

discriminator?
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2. Can the output data of a GAN be labelled and classi�ed into different cate-

gories with a high level of accuracy?

1.3 Research Aim and Objectives

The research aims and objectives are essential in understanding the scope of the

work. The aim of the research encapsulates what the research study sets out to do,

while the goals described are the tasks that assist with leading up to the project's

aim.

1.3.1 Research Aim

This research aims to improve upon GAN architecture that utilises semi-supervised

learning to train the discriminator of the GAN, through slower convergence of the

discriminator during training, avoiding mode collapse, and improving the quality

and labelling of generated samples. The research further aims to classify the out-

puts of the GAN better to be repurposed and to understand the performance better.

1.3.2 Objectives

The following objectives are to be achieved in the research to achieve the aims:

1. Implement a VAE and use the decoder as a pre-trained generator for a GAN

2. Implement a GAN network using semi-supervised learning as well as the pre-

trained generator.

3. Make comparisons between the proposed semi-supervised GAN model re-

sults and existing semi-supervised learning GAN results using many meth-

ods, including statistical analysis.

4. Use machine learning methods to classify the outputs of the GANs to improve

the labelling of the GAN output.
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1.4 Limitations

As with any project, there are always constraints or limitations that apply. The

following limitations apply to this research:

• Timing - a good balance of timing was needed. The training of machine learn-

ing models takes a long time, and with more data making it more accurate,

suf�cient time is needed to be allocated for training the models. A Gantt chart

was created with the ideal timelines for each task of the project to overcome

this

• The best performance is achieved using Google Colab for coding due to the

high number of GPUs and a large amount of memory, as there is no access

to a supercomputer, and thus a stable internet connection was required for

training and testing purposes

• Many datasets had to be used for training, and therefore the implementation

of the code had needed to be completed well in advance to allow the machine

learning models time to learn and analysis to be conducted

1.5 Overview

The experimental research involves creating and training Generative Adversarial

Networks using semi-supervised learning. The generator of the GAN was pre-

trained using a VAE. This network, a typical semi-supervised GAN network, and

a regular GAN network were trained. The samples were compared to understand

the accuracy and results and whether the pre-training of the generator had aided

in the results. The GANs were trained on three datasets: MNIST, Fashion MNIST

(FMNIST), and CIFAR-10, each containing a substantial number of images rang-

ing between 60 000 to 70 000. In the semi-supervised learning GAN, a subset of

the samples was labelled to facilitate the training process. The study also re�ned

the output of GANs by creating an image classi�er in the form of a Convolutional

Neural Network (CNN) to work in conjunction with the output of the GAN mod-

els, so that the image quality and images can be analysed and better understood.

Statistical analysis was then performed to understand the accuracy of the results.
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Chapter 2

Research Methodology

2.1 Research Design Overview

2.1.1 Process Overview

In order to undertake the research, a design methodology had to be created. The

�rst step was to identify which technologies would be needed for the undertaking

of the project. Once technologies were obtained, the data had to be accessed and

processed. Due to the amount of datasets used, this was a lengthy process and the

datasets needed to be analysed. Once the data was in a state that could be used,

the model selection and building had to take place. This was carefully thought out

as there are various models that could be used for the aforementioned research. In

order to obtain the best results out of the models, once they were built the hyper-

parameters were trained and �ne-tuned. The entire process is illustrated in Figure

2.1.

FIGURE 2.1: Overview of design methodology process.
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2.1.2 Model Overview

The �rst part of the model-building process was the creation of the Variational

Autoencoder (VAE) and, speci�cally, its decoder, which was used as the genera-

tor of the proposed semi-supervised Generative Adversarial Network (GAN). The

GAN model was then built with a stacked architecture for the discriminator, and

trained using mainly unlabelled data (unsupervised learning) and a small number

of labelled data (supervised learning). Hence, the GAN was trained in a semi-

supervised fashion overall.

Upon constructing the GAN, it was trained to utilise the decoder of the VAE as the

generator, while employing multiple distinct datasets. Subsequently, the generated

outcomes of the aforementioned GAN (termed SSGAN for this study) were juxta-

posed with those of other GAN models, including a normal Semi-Supervised GAN

model, which was also trained with the same datasets. An extensive evaluation of

each model was carried out to ascertain which one performed better.

The output of the GANs was further classi�ed into different categories, and the

quality of the images was tested with a classi�er. Many classi�ers can be used to

achieve this. A common method used is the K-Nearest Neighbour (KNN) method.

This method is based on a feature space and classi�es images to the closest sam-

ples of that image. The method is simple. However, it uses all features equally

for similarity computing, which leads to classi�cation errors. Another method is

using a Support Vector Machine (SVM). SVMs represent features in space using a

hyperplane and contain major limitations concerning the size and speed of images

during training [27]. The Convolutional Neural Network (CNN) is a more popular

method, which performs better than SVMs and KNNs for image recognition tasks

[9]. The SSGAN outputs were thus run through a Convolutional Neural Network

to obtain an indication of the quality of the generated images.

2.2 Instruments and Technologies Used

This study uses various technologies to run the required expirements:

• Laptop: Dell 11th Generation Intel Core i7 with 16GB RAM and 64-bit operat-

ing system.
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• Google Colab: Google Colab is an online cloud-computing platform for de-

velopers that allows users to use the GPU power provided by them. There

exists a version with limited usage which is free to use and was thus used to

run the models. Google Colab is integrated with Google Drive. This allows

for the output data sets to be easily stored. As Google Colab allows users to

gain access to GPUs, the speed with which Google Colab trained the models

was faster than if it were to run locally on a regular laptop.

• Python 3: The code for the study was written in the Python 3 programming

language.

• Pycharm: The Pycharm IDE and the Anaconda environment were used to

conduct testing locally.

2.3 Data Access and Processing

Three datasets were used to train and evaluate the models; MNIST, Fashion-MNIST,

and CIFAR-10. The choice of evaluating three different datasets was made to pro-

vide a fairer comparison to other models and evaluate the performance of the mod-

els more accurately. All three datasets were obtained using Kerasfrom the Tensor�ow

library in Python.

2.3.1 MNIST

The MNIST dataset is a commonly used benchmark dataset in computer vision. It

consists of 70 000 images of handwritten digits (0 to 9) that are 28x28 pixels. The

images were split according to the optimal splitting values built into Keras, with 60

000 images used for training and 10 000 for testing.

As each pixel in the dataset is in the same range [0,255], the MNIST dataset was

normalised by dividing each pixel value by 255, which scales the pixel values to

be in the range of [0,1]. This normalisation step helps improve the convergence

of machine learning models, ensuring that all input features are on a similar scale.

Figure 2.2a shows a correlation plot of the data set. The correlation plot represents

the pairwise correlation of the dataset's features, which helps to more intuitively

identify relationships in the data. A correlation coef�cient close to 1 means that
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there is a very strong positive correlation between variables, while -1 means there

is a very strong negative correlation between variables. This correlation plot was

generated by obtaining a correlation matrix of the input datasets' dataframe, and

then utilising Seaborn's heatmapfunction.

The plot indicates that the data is well-correlated, as shown by the diagonal and

the data surrounding it. In machine learning, the presence of well-correlated data

holds great signi�cance as it facilitates the identi�cation of meaningful patterns and

relationships between the features of a given dataset. This, in turn, contributes to

enhancing the accuracy of predictions made by machine learning models, thereby

resulting in improved overall model performance.

(A ) MNIST Correlation Plot (B) FMNIST Correlation Plot

FIGURE 2.2: Correlation Plots of the MNIST and FMNIST datasets.

2.3.2 Fashion-MNIST

The Fashion-MNIST dataset is another popular benchmark data set for computer

vision tasks. It comprises 70 000 images of clothing items, including ten different

classes, such as T-shirts, dresses, and shoes. The images are also 28x28 pixels in

size. The images were split with the same ratios as MNIST.

Like MNIST, the Fashion-MNIST dataset was also normalised by dividing each

pixel value by 255, which scales the pixel values to the range [0,1]. Figure 2.2b
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shows the data correlation plot of the data set. As with MNIST, the data is well-

correlated.

2.3.3 CIFAR-10

The CIFAR-10 dataset is more complex than MNIST and Fashion-MNIST, consisting

of 60 000 RGB images of ten different classes such as aeroplanes, birds, and cats, and

are 32x32 pixels in size. The images were split with 50 000 images used for training

and 10 000 for testing, according to the optimal splitting values built into Keras.

As with MNIST and Fashion-MNIST, the CIFAR-10 dataset was normalised by di-

viding each pixel value by 255, scaling the pixel values to the range [0,1]. Figure

2.3 shows a correlation plot of the data set. Similar to MNIST and Fashion-MNIST,

there is a good correlation between the data.

FIGURE 2.3: Correlation plot of CIFAR-10 dataset.

2.3.4 Latent Space Representations

The latent space representation of the validation datasets, identi�ed by the bottle-

neck of the VAE, are illustrated for the MNIST and FMNIST datasets in Figures 2.4a

and 2.4b respectively, and for the CIFAR-10 dataset in Figure 2.5. These plots help

to understand better how the data is clustered together, and in the case of the VAE it
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helps to show how the VAE has learned to represent images in a lower-dimensional

space, where each colour on the chart represents a different class. This was done

through the following steps:

1. The encoder is fed the input dimensions of the images and the mean vector

of the latent space representation zmu. The encoder then maps the data to the

latent space.

2. The encoder predicts the latent space representation for the validation dataset.

(A ) MNIST Scatter Plot (B) FMNIST Scatter Plot

FIGURE 2.4: Scatter Plot indicating the latent space of the data for the
MNIST and FMNIST datasets.

In a well-trained VAE, the latent space is expected to capture meaningful represen-

tations of the input data. In the case of MNIST, this means that points corresponding

to the same digit class should cluster together, exhibiting some level of separation

from points of other classes. The encoder maps the input images to the latent space,

and the decoder reconstructs the images from the latent space back to the original

image space.

The scatter plots can provide insights into the quality of the VAE, and do not affect

the GAN. If the points form distinct and well-separated clusters for each digit class,

it suggests that the VAE is successfully learning a meaningful representation of the
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FIGURE 2.5: CIFAR-10 Scatter Plot indicating the latent space of the
data.

data. On the other hand, if the points are scattered without clear separation, it

indicates that the VAE is struggling to capture the underlying structure of the data.

The plots show that the data is well-clustered for MNIST and FMNIST, while there

clustering for CIFAR-10 is more sporadic and the VAE is struggling more to learn

the latent space of this data.

For each of the datasets, the latent dimension that resulted in the lowest average

validation loss was selected and incorporated into the architecture of the models.

The speci�c values for the chosen latent dimensions are presented in Table 2.1.

TABLE 2.1: VAE Latent dimensions for each dataset

Dataset
MNIST FMNIST CIFAR-10

Latent Dimensions 2 5 10

The latent space dimensions for these datasets were chosen through running exper-

iments for each, where latent dimensions of 2, 5, 10, 20 and 100 were tested. Figures

2.6, 2.7 and 2.8 indicate the experiments run in the VAE for the MNIST, FMNIST and
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CIFAR-10 datasets respectively, where the validation loss was measured for each of

the runs.

FIGURE 2.6: VAE Validation loss indicating the values obtained for
different latent space dimensions for the MNIST dataset.

FIGURE 2.7: VAE Validation loss indicating the values obtained for
different latent space dimensions for the FMNIST dataset.
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