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A B S T R A C T

With the rapid technology advancement, paintings digitalization has
been made possible. Hence, it becomes desired to solve various art-
work related problems through computer with the assistance from
machine learning-based solutions. Some interesting and important
applications include archiving digital artworks, painting analysis, im-
age stylization, etc. However, research in this domain has received
limited attention, mainly due to the difficulty in collecting the art-
works to create a proper artworks dataset. Fortunately, many digital
fine-art paintings have been made available online over the past few
years, making the access to these digital artworks easier than ever.
Recently, a large scale Wikiart dataset was introduced and released,
encouraging more research in this domain.

Among the available machine learning techniques, deep learning
has received much attention in the last decades. Evidently, deep learn-
ing is currently the state-of-the-art solution to many computer vision
problems. More interestingly, deep learning enables automatic fea-
tures learning, contrast to the traditional methods where the features
are human engineered. However, most works are only focusing on
datasets with more structural subjects, e.g. digits, faces, and natural
objects. Compared to these works, recognition of artworks is more
challenging because a lot of art categories require understanding of
non-structural cues, e.g. perspective, emotion, history, etc. In addition,
many artworks are non-figurative or structured abstract.

Overall, this thesis is interested in the application of deep learning
on artworks. In particular, this thesis aim to understand the features
learning of artworks using deep models because features extraction is
the first step to many computer vision problems, including artworks
analysis. For this purpose, deep models are trained for artworks clas-
sification and synthesis tasks and analyzed via various visualization
methods. This will reveal what kind of features can the deep models
learn from the artworks. Furthermore, this thesis also concerned on
the issues arise when embedding deep models into real-world devices. To
this end, this thesis is divided into two parts.

The first part of this thesis first focuses on training and understand-
ing deep discriminative models for artworks classification tasks, i.e.
categorizing the genre, artist, or style of an artwork. In this work, a
modified Wikiart dataset is used and released to encourage better
comparative studies in future works. In particular, the dataset is ex-
plicitly split into training and validation sets. The best models found
employed and finetuned an ImageNet pre-trained model, achieving
state-of-the-art results. Then, the neurons’ activations are visualized
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in this work to analyze the features learned. The visualizations show
that the models are able to learn the structural visual cues from the
artworks. Meanwhile, it is also found that the differences between
the art categories can be extremely abstract and hard to recognize.
For instance, the difference between Baroque and Rococo lies on the
emotions felt from the paintings. Grasping such abstract concepts is
difficult even for a human, while it is unclear that if the models are
able to capture such cues with the visualization technique used.

Next, a Generative Adversarial Network (GAN) variant, named
ArtGAN is proposed and trained on the Wikiart dataset conditioned
on the given genre, artist, or style. GAN is a type of generative model
that learns to simulate true data from the joint distribution, hence
able to learn richer representations compared to discriminative model.
More importantly, GAN is able to synthesize photo-realistic images
compared to other generative models, which is extremely useful when
assessing the features learned by the models. The contributions of the
proposed ArtGAN are three-fold: 1) The labels are leveraged when
calculating the loss function to improve the image quality for each
category; 2) Autoencoder is incorporated to compute energy-based
loss function for additional complementary information; 3) Most im-
portantly, a novel magnified learning is proposed to learn the corre-
lations between neighbouring pixels better, improving image quality.
In addition, it allows synthesizing images at higher resolution com-
pared to the maximum resolution available in the dataset. For quan-
titative assessment, the proposed ArtGAN is trained on CIFAR-10
and STL-10 datasets, and achieves state-of-the-art results on Incep-
tion score. Meanwhile, the results show that the proposed ArtGAN is
able to generate high resolution photo-realistic images. Furthermore,
the synthesized artworks show that deep models seem able to learn
some abstract characteristics from the artworks through visual cues.

In the second part of the thesis, the applicability of deep models
in real-world devices is explored. In practice, it is infeasible to em-
bed deep models into resource limited hardware, e.g. mobile devices.
This is because many deep models are designed to have extremely
high memory requirement. To address this problem, it is desired to
reduce the memory requirement with minimum compensation on the
model performance. In this work, a novel one-shot deep compression
method based on the fuzzy quantity space is proposed to remove
redundant weights. The experiments demonstrate that the proposed
approach is able to compress the deep models up to 14 times with a
minimal loss of classification accuracy.

This thesis is concluded with a summary of its contributions. Last
but not least, promising directions of future works are outlined.
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Part I

I N T R O D U C T I O N T O D E E P L E A R N I N G F O R
A RT W O R K

This part starts with the introduction to the broad field
of digital humanities. Then, gradually narrow down the
focus to machine learning and computer vision, followed
by deep learning and artwork related problems. Finally, it
describes the motivations and goals of this thesis.





1
I N T R O D U C T I O N

1.1 digital humanities

With the rapid advancement of technology, many historical artifacts
and fine-art paintings have been made available in digital form. This
gives rise to the emergence of digital humanities, which is an inter-
section of digital technologies and the disciplines of the humanities.
However, the definition of digital humanities is still undergoing con-
stant reformulation by scholars and practitioners. This is because the
field is constantly growing and changing, making specific definitions
quickly become outdated and unnecessarily limit the future poten-
tial. Currently, digital humanities incorporates both digitalized and
born-digital materials, encompassing a wide range of topics: digital
archiving; data mining and analysis of large cultural datasets; 3D
modelling of historical artifacts; alternate reality games; and much
more. Nonetheless, many computer techniques are extremely effective
for solving many problems in digital humanities. This thesis will fo-
cus on problems related to fine-art paintings or artworks (these two
terms will be used interchangeably).

1.1.1 Brief History of Computer Techniques for Paintings Analysis

The power of computer methods arises from their capability to extract
visual features that are hard to be determined by biological eyes. The
history of digital paintings analysis can be dated back to 19th-century
when x-ray is used to reveal underdrawings1 and pentimento2. Later,
more techniques such as infra-red photography, reflectography, mul-
tispectra fluorescence, and ultra-violet imaging were developed to
reveal different type of composition in a painting [120, 9, 11, 118].
This encourages collaborations between the scholars from various
fields, including computer vision, pattern recognition, image process-
ing, computer graphics, and art history to develop rigorous computer
methods to address the increasing number of problems in art history.

More interestingly, these days, fine-art paintings can be scanned
to produce extremely high quality digital colour images with recent
technology. Taking advantage of this technology, most of the artworks
have been digitalized and made available on the internet nowadays3.

1 Underdrawing is a sketch made by painter as a preliminary guide and subsequently
covered with layers of paint.

2 Pentimento a visible trace of earlier painting beneath a layer or layers of paint on a
canvas.

3 An example is http://www.wikiart.org/, which contains large amount of artworks.
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4 introduction

Meanwhile, machine learning and computer vision techniques have shown
promising results and progress in solving various image-related prob-
lems. Hence, application of these techniques on the digitalized paint-
ings becomes an interesting and important topic among the scholars
to solve related problems.

1.2 machine learning

As data sources proliferate along with the computing power, machine
learning has become a first-class ticket to the most exciting careers in
data analysis today. According to Arthur Samuel in 1959, machine
learning is defined as the “field of study that gives computers the
ability to learn without being explicitly programmed” [124]. That is,
machine learning explores the study and construction of algorithms
that can learn from and make prediction on data.

However, the “No Free Lunch” theorem of Wolpert [204] states that
there is no one model or solution that works best for every problem.
In general, one may first assess the problem based on its data form.
In data analysis, there are fundamentally four types of data forms:

1. Text and number, which are available in many sources, e.g. emails,
online search engines, client information stored in banks and
companies, etc. In addition to the text that can be made sense
by human, other data that are represented as a set of characters
and/or numbers include protein structure, radio signal, etc.

2. Image, which is stored excessively across the internet servers
nowadays with the advancement in computer technology. For
instance, large internet-related companies such as Google and
Baidu support image search. In addition, social media such as
Weibo and Facebook allow their users to upload images without
limit.

3. Video, which is generally defined as the recording of moving
images. Video is used for various purposes, including entertain-
ment in streaming media and CCTV for surveillance.

4. Audio, which is mainly used in the recording, manipulation,
mass-production, and distribution of sound, including record-
ing of songs, instrumental pieces, podcasts, sound effects, and
others.

Each data form is usually encoded with different formats in the com-
puter. For instance, text is commonly encoded as a set of 1D string
arrays. Meanwhile, colour image is represented as a 3D matrix in the
computer. Under suitable design, the machine learning model is able
to automatically analyse these data and build its own logic based on
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the data. Although the problems faced by each data form are interest-
ing and important in their own way, this thesis will be concerned en-
tirely with image-related problems, which share similar interest with
this thesis.

1.3 computer vision

As it turned out, one of the very best application areas for machine
learning for many years was computer vision. Computer vision can
be defined as “an interdisciplinary field that build artificial systems
that obtain information from images or videos”. As a scientific dis-
cipline, it seeks to automate tasks that the human visual system can
do. That is, humans use their eyes and their brain to see and visually
sense the world around them.

Visual sense is extremely important for solving various problems in
many daily activities conducted by humans. For example, when you
see someone is holding a gun wandering on the street, your brain
will quickly interpret that the person is dangerous and decide to flee
the scene immediately. Correspond to this example, one of the open
problems in computer vision is to recognize suspicious behaviour of
the pedestrians using surveillance camera.

Although computer vision problems include video analysis, this the-
sis will only focus on the problems related to image, as aforemen-
tioned. In general, many computer vision problems are related to
a branch of machine learning. It is called pattern recognition, which
focuses on the recognition of patterns and regularities in the data.
On the other hand, computer vision mostly involves processing and
analysing images for applications such as segmentation, object detec-
tion, vision based learning, etc. Next, several important applications
in computer vision are briefly described.
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Figure 1: Image classification pipeline. Image processing step: The image is
first pre-processed to extract relevant features that best summarize
the image. Machine learning step: Then, the features are used by a
classifier to classify the category of the image.
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1.3.1 Image Classification

Image classification aims to define the category of an image. It has
been one of the most explored computer vision problems. Figure
1 summarizes the pipeline for image classification. Many machine
learning solutions have been proposed to solve image classification
problem. The methods include k-nearest neighbors algorithm [4, 14],
Random Forest [16], Bayes classifier [108], Support Vector Machine
[206], etc. However, one problem with these solutions is that their per-
formances are highly affected by the features used. An image feature
is a piece of information which is relevant and best at representing
the image in a different high-dimensional space for solving the com-
putational task. Few commonly used image features include points,
edges, histogram of oriented gradient (HOG) [31], Scale-invariant fea-
ture transform (SIFT) [116], Bag-of-visual-words descriptor [208], etc.
Although using these hand-crafted features achieved good perfor-
mance, it is still far from satisfying. Meanwhile, it is very difficult
and complex to design a better feature.

Recently, Krizhevsky et. al. [97] proposed a Convolutional Neural
Network (CNN) and achieved the state-of-the-art result for ImageNet
dataset [153]. More importantly, CNN demonstrated that it is feasible
to learn the relevant features of an image without the need of manual
engineering [214]. Hence, unlike traditional algorithms that require
an image processing step to extract relevant features followed by a
machine learning step to classify the image from the features, CNN
provides an one-for-all architecture to solve the same problem. Since
then, deep learning has been a popular choice for various machine
learning and computer vision tasks. Later, many variants of CNN
have been proposed to improve the performance [163, 182, 66].

Figure 2: Object detection example. (from [142, 144])



1.3 computer vision 7

1.3.2 Object Detection

Object detection task can be seen as an extension to image classifi-
cation, which also concerns about the number of known objects in
the image and the coordination. In other words, object detection is
a more complex task that need to classify and locate all the objects
in the scene, as shown in Figure 2. Currently, deep learning is the
state-of-the-art method for this task [50, 149, 143].

Figure 3: Image segmentation example. (from [63])

1.3.3 Image Segmentation

Image segmentation is a process of partitioning a digital image into
multiple segments. A meaningful segmentation typically transforms
an image into segments of objects and background by making predic-
tion at every pixel, as shown in Figure 3. Early works used human-
engineered features, followed by Conditional Random Field (CRF)
[180, 131] or markov random field (MRF) [150], and achieved promis-
ing results. With the recent advancement in deep learning, few CNN-
based models have been proposed and outperformed previous results
[151, 115, 7]. Currently, combining CNN model and CRF achieves
state-of-the-art results for image segmentation [22].

(a) Inpainting. (from [29])
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(b) Image encoding and recon-
struction using Autoencoder.
(from [99])

Figure 4: Examples of image synthesis applications.
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1.3.4 Image Synthesis

Image synthesis is a process of creating new images from some form
of image description. It has been a central topic in computer graph-
ics, but overlaps with some topics in image processing and computer
vision, such as inpainting and image reconstruction as shown in Fig-
ure 4. With the advancement in computer vision techniques, many
of these techniques have been employed for various image synthe-
sis problems [18]. On the other hand, the intuition behind generative
models follow a famous quote from Richard Feynman: “What I can-
not create, I do not understand.” Hence, generative models are trained
by learning to generate true data or synthesize image. One famous
example is the Autoencoder [94], which aims to learn the representa-
tion for a set of images by setting the target values (e.g. reconstructed
images) to the input values (e.g. input images). Recently, Goodfellow
et. al. [53] proposed the Generative Adversarial Network (GAN) to
train a generative model in a similar way by learning to synthesize
random images (or other type of true data). Surprisingly, GAN is able
to synthesize photo-realistic images. Since then, many works have been
published to solve various image synthesis problems using GAN, in-
cluding text to image synthesis [146, 216], inpainting [137, 211], super-
resolution [166], image-to-image translation [81, 219], etc.

1.4 machine learning for artworks

Many works in artworks analysis have been focusing on investigation
of certain properties from the paintings by extracting and analysing
the relevant features. For instance, the analysis of perspective, scale,
and geometry is very important and has a long history in the study
of realist art, especially art history of the Renaissance [28, 91]. Mean-
while, estimation of the position and direction of lighting in a tableau
are important for some artwork analysis problems [171, 177, 179].
More interestingly, some works explored the analysis of brush strokes
and marks that correspond to a particular painter [110, 12, 87]. Fur-
thermore, image synthesis techniques are able to reveal new three-
dimensional view from the two-dimensional artwork [148, 176, 165].
Overall, the enhancement from these computer techniques on the
study of art should not be overlooked. On the contrary, art scholars
are encouraged to exploit the computer techniques to aid their daily
tasks for artworks analysis [172, 178, 175, 173, 174].

1.4.1 Deep Learning for Artworks

So far, it can be seen that the machine learning techniques used for
paintings analysis have been employing human-engineered features.
In previous sections, it is revealed that deep learning is currently the
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state-of-the-art solution and a popular choice for many computer vi-
sion problems. Most importantly, deep learning exhibits some form
of intelligent behaviour due to its ability to automatically discover key
features from images. In fact, study [141] has showed that CNN fea-
ture is able to achieve high performance consistently compared to the
human-engineered features in their experiments. However, research
on deep learning for artworks has been given little attention. Com-
pared to the deep learning works aforementioned, features learning
for artworks is more challenging because most of the artworks are
structured abstract, opposing the laws of nature. These challenges
will be discussed in detail in Chapter 3.2.

Recently, several works related to deep learning for artworks have
been published. [155, 88] studied the effects of different features, in-
cluding CNN and human-engineered features, coupled with differ-
ent type of metrics for paintings classification task. Meanwhile, some
works were focusing on style transfer [48, 85, 81, 219, 74], which aims
to transfer the artistic style of one image to the target image by match-
ing the Gram matrices of the feature maps. Li et al. [111] demon-
strated that such matching is equivalent to minimizing the Maximum
Mean Discrepancy (MMD) with second order polynomial kernel. In
other words, it is a domain adaptation problem, which statistically
matches the feature distribution between the style image and the
synthetic image. However, the features used in these works are not
learned directly from the artworks, but usually extracted from a pre-
trained CNN model. Therefore, features learning of deep model for

paintings analysis is still not well studied.

1.5 goals and outlines

To this end, the main focus of this thesis is to investigate the capa-

bility of deep models in learning features from artworks. In order
to achieve the goal, two types of deep models are investigated for the
artworks, i.e. discriminative and generative approaches. In particular,
deep models are trained for artworks classification and synthesis tasks
in the respective approaches. Then, the features learned by the deep
models are visualized using two different methods, respectively.

In addition, it is desired to deploy the trained models for real-world
applications. Hence, this thesis is also interested in exploring the

problems arise when embedding the deep models into real-world

devices. Particularly, a more effective and efficient strategy for net-
work compression problem is proposed in order to reduce the network
size.

Therefore, this thesis is divided into two parts. The first part will
be focusing on the features learning of deep models for artworks,
which is covered by two chapters. Meanwhile, the second part of this
thesis contains one chapter, which will focus on the network com-
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pression problem. In Chapter 2, the history of deep learning and the
fundamental of the deep architectures will be briefly reviewed and
explained. Next, each task will be described separately.

1.5.1 Artworks Classification

Chapter 3 presents the studies on deep learning for style, genre, and
artist classification of artworks. First, a slightly modified version of
Wikiart dataset [156] is released by splitting the dataset into train-
ing and validation sets. This enables better comparative studies in
the future compared to the original version, where the dataset was
not explicitly split, resulting in different collections of training and
validation sets in each experiment. In this work, few AlexNet [97]
models with different configurations are trained and compared. Best
result is achieved by finetuning an ImageNet pre-trained model and
significantly outperforms the state-of-the-art results on the dataset.
Meanwhile, features learned by the models from the artworks are as-
sessed by visualizing the averaged neurons’ activations. It is found
that the features extracted from the paintings of the same group often
vary greatly, in contrast to the features extracted from the images with
same object category. However, some categories have extremely simi-
lar properties that confuse the deep models, e.g. analytical cubism and
synthetic cubism come from the same root. Such contradiction makes
recognition of fine-art paintings an extremely challenging problem.
Overall, the deep models are able to learn the structural cues from
the artworks. However, it is unclear if the deep models are also able
to learn the more abstract cues (e.g. emotion) with the visualization
technique used. This leads this thesis to the next work which is sum-
marized in the next section.

1.5.2 Artworks Synthesis

In Chapter 4, a new variant of conditional GAN, namely the ArtGAN

is proposed to synthesize artworks based on the desired style, genre,
or artist. In GAN, two networks are trained by competing with each
other. First, the generator network learns to synthesize images that
are difficult to differentiate from real images. Adversarially, the dis-
criminator network, typically a CNN model, learns to distinguish the
generated images from the real images. With different perspectives,
the generator can be seen as a technique that visualizes the learned
features by generating photo-realistic images.

Compared to previous experiments in artworks classification, GAN
has the following attractive advantages:

1. The generated images visualize the features in a more human-
interpretable manner, compared to neurons’ activations.
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2. The (Art)GAN model can be extended to other applications, for
instance image stylization.

In this work, various ways to improve the quality of the gener-
ated images are explored. The contributions are three-fold: 1) The
labels information are leveraged to compute the loss functions; 2) Au-
toencoder is incorporated as a complementary information for the
loss functions; 3) A novel magnified learning is proposed to improve
the correlations between neighbouring pixels. Empirically, the experi-
ments show that the proposed ArtGAN outperforms the state-of-the-

art results in terms of Inception score. Furthermore, the experiments
show that ArtGAN is capable of drawing high quality and realistic

artworks, as well as natural images. Interestingly, the generated art-
works show that the network is able to learn certain abstract charac-

teristics through visual cues. Overall, these observations show that
ArtGAN has learned rich visual representations from the artworks.

1.5.3 Deep Compression Model

Despite the promising results, it is infeasible to embed the trained
deep models into resource-limited hardware, e.g. mobile device, due
to its extremely high memory requirement. To address this problem,
it is desired to reduce the memory requirement of the deep models
with minimum compensation on the performances. In Chapter 5, a
novel one-shot deep compression method based on the fuzzy quan-
tity space is proposed to remove the redundant CNN weights. In this
work, previously trained deep models are employed for artworks clas-
sification, in addition to several other popular deep architectures used
for other datasets to test the proposed method. The experiments show
that the proposed approach is able to compress the deep models up

to 14× with minimal loss of classification accuracy.





2
D E E P L E A R N I N G

2.1 introduction

Deep learning is an active area of research in machine learning that
emphasizes the hierarchical learning of data representations. More specifi-
cally, it is powered by the deep neural network, which was inspired by
the beautiful biological process of brains. Deep learning currently pro-
vides the best solution to many problems in computer vision, speech
recognition, natural language processing, and so on, such that the
performances are comparable to human experts. In this chapter, the
history and evolution of deep learning will be briefly explored, focus-
ing on computer vision applications. Then, this thesis proceeds to the
technical explanations of the deep models used.

2.2 brief history of deep learning

According to the survey [159], the earliest deep-learning-like algo-
rithms can be dated back to 1965, where Ivakhnenko and Lapa [82]
used thin but deep models with polynomial activation functions. In
1986, Rina Dechter [32] introduced the expression Deep Learning to
machine learning community. Later, Igor Aizenberg et al. [3] intro-
duced the same term to Artificial Neural Networks in 2000.

Among the deep models, Convolutional Neural Network (CNN)
has been the most successful model in solving many computer vi-
sion problems. The history of CNN can be traced back to 1982 when
the Neocognitron was introduced by Fukushima [47]. Neocognitron
was partially trained by unsupervised learning with human-merge fea-
tures. Contrastively, LeCun et al. [100] applied supervised backpropa-
gation to a Neocognitron-like architecture to recognize handwritten
ZIP codes on mail. Meanwhile, Weng et al. [202] proposed Cres-
ceptron for 3D object recognition from images of cluttered scenes
by automatically learning the features at each layer through convolution
kernel. The max pooling, that is now often adopted by CNN mod-
els, was first used in Cresceptron to provide some form of transla-
tion invariance. In 1998, LeNet-5 [101], a 7-layers convolutional net-
work was published to classify digits. The implementation was a suc-
cess but required long time to train. Fortunately, the training time
can be reduced significantly with the recent advancement in GPU
technology. The first successful implementation of CNN using GPU
was AlexNet [97]. It achieved state-of-the-art results on ImageNet
dataset [153], which is the largest object recognition dataset available

13
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to date. Since then, CNN has been the mainstream solution for image
recognition [163, 182, 66] and many other image-related problems
[149, 211, 85, 81].

Unlike human-engineered features such as contour, HOG [31], and
SIFT [116], CNN was viewed as a black box because there was little
insight into the internal operation of CNN. One simpler way to ac-
cess the black box is by visualizing the activations and filters learned
[1]. However, these visualizations can be hard to interpret. Zeiler and
Fergus [214] proposed a better visualization technique using Decon-
volution Network [215], showing that generic features are extracted
from CNN. Later, Springenberg et al. [168] proposed a new variant of
deconvolution approach to visualize features learned by CNN using
a guided backpropagation. Nonetheless, these techniques can only
visualize one neuron at a time, which is inefficient and sometimes
difficult to interpret. Recently, Dosovitskiy and Brox [40] proposed
a new visualization idea by training a generator network that inverts
the features by reconstructing image that best represents certain fea-
tures combination. They showed that the reconstructed image is more
human-interpretable and can visualize all features through one recon-
structed image. Furthermore, the method can also be implemented
on other human-engineered features. Later, they introduced an im-
proved version [39] by training the generator network using several
complementary loss functions to generate more natural images. They
revealed that CNN is able to learn important visual representation,
but some details are not preserved.

So far, one can notice that most of the aforementioned deep models
are discriminative. Deep discriminative models usually require abun-
dance labelled data to perform well. However, such data is hard to
obtain. On the other hand, with the abundance unlabelled data, sev-
eral generative models have been proposed to learn the joint probabil-
ity distribution. Interestingly, generative models are usually trained
by learning to simulate the observed distribution (or learn to draw
images), offering a much richer representation. Typically, deep gen-
erative models are trained by maximizing the log likelihood, such
as Deep Boltzmann Machine [154], its variants [69, 68], and Varia-
tional Autoencoder [94, 119]. However, these models generally have
intractable likelihood and require numerous approximations. Denois-
ing Autoencoders (DAE) [10] was introduced to overcome the in-
tractable problem, but the reconstructed images are generally blurred.
Recently, Goodfellow et al. [53] proposed Generative Adversarial Net-
work (GAN) to estimate the generative model via an adversarial pro-
cess. They demonstrated that GAN is able to generate more photo-
realistic images, which infers that GAN is able to learn richer visual
features than other generative models. Later, Salimans et al. [157] and
Radford et al. [139] introduced some techniques to stabilize GAN dur-
ing training. Meanwhile, Arjovsky and Bottou [5] provided an anal-
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ysis of the convergence properties in GAN and proposed WGAN [6]
for a more stable training of GAN by leveraging Wasserstein distance
in the loss function. However, WGAN can still generate low-quality
samples or fail to converge in some settings, and requires long time
to train. Although an improved version was proposed in [57] and
achieved better image quality, it is still extremely computationally ex-
pensive to train. Other efforts to stabilize GAN include Energy-based
GAN (EBGAN) [217] and Denoising Feature Matching (DFM) [199].
Although WGAN-GP ResNet [57] is the best reported result so far, it
is expensive to train and only outperforms DFM by a small margin,
in addition to the much larger network size used compared to other
GAN variants.

On the other hand, Conditional GAN (CondGAN) [123, 49] enables
the control of the attributes in the images, but only demonstrated on
faces and digits datasets. Meanwhile, a sequential GAN called LAP-
GAN [35] was proposed using the Laplacian pyramid framework to
generate plausible looking scenes at various image size. Other recur-
sive models built on GAN were demonstrated in [55, 79, 98, 207] and
showed some successes with generating images. While, DRAW [55]
mimics the drawing process of a human. It is depicted as a sequential
model with attention mechanism to draw image recursively. However,
it faces challenges when scaling up to large complex images. Other
autoregressive approaches including PixelRNN [134] and PixelCNN
[191, 158] are able to synthesize images with decent quality, but are
computationally expensive to train1.

2.3 convolutional neural network

This section describes the basic structure of a CNN model using math-
ematical notations. In general, a CNN model F takes a 4-dimensional
matrix of Nb input images X ∈ RNb×H×W×C and outputs a classifica-
tion vector c ∈ RNb×Nc , where H, W, and C are height, width, and
number of channels of an image, respectively. While, Nc is the num-
ber of classes in the dataset. Formally, the operation is denoted as:
F : X → c. A CNN model is usually constructed by several con-
volution layers, followed by few fully-connected layers. For simplicity,
LeNet-5 [101] will be used as an example for explanations.

LeNet-5 is a small convolutional network with two convolution lay-
ers (conv1 and conv2) and two fully-connected layers (fc1 and fc2)
as shown in Figure 5. The network accepts 28× 28× 1 gray-scaled
images as input, though it can be extended to RGB images easily by
changing the input size to 28× 28× 3. In this architecture, the number
of feature maps for conv1 and conv2 are set to 20 and 50, respectively.

1 They reported that PixelCNN++ requires approximately 5 days to con-
verge to the reported results using 8 Maxwell TITAN X GPUs in github:
https://github.com/openai/pixel-cnn.
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Figure 5: An illustration of LeNet [101].

All convolution layers are followed by an activation function, then a
max pooling layer for downsampling. Meanwhile, the number of neu-
rons in fc1 is set to 500. Similar to the convolution layer, an activation
function is computed after fc1. On the other hand, the number of neu-
rons in the last layer fc2 is set to 10, following the number of classes
available in the MNIST dataset [104]. Unlike other layers which usu-
ally use ReLU [125] as the activation function, the last layer (i.e. fc2)
in CNN is commonly followed by a softmax function to transform
the outputs to a probability distribution. Next, the key components
of CNN will be briefly described. Note that some components are not
used in LeNet-5 but is commonly used in other CNN models.

2.3.1 Convolution and Pooling

In computer vision, CNN is always favoured over the traditional neu-
ral network. This is because convolution operation has less number
of weights to be learned as shown in Figure 6, resulting in faster
computation speed and less memory requirement compared to fully-
connected linear operation. Furthermore, natural images are stationary
[46, 190], which means that the statistics of one part of the image are
the same as any other part. For instance, the probability of a ball ap-
pears in the top left corner of an image is the same as the probability
of it appears in the bottom right corner. Convolution operation is able
to handle this property effectively.

Formally, let X be the input and Y be its output. The convolution
operation “∗” using the kernel or filter (can be used interchangeably)
K is written as,

Y = X ∗ K (1)

Figure 7 visualizes a simple convolution operation example. In short,
the values in Y are calculated by applying sliding window that com-
putes the linear combination of the elements in each rounded square
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(a) convolution operation (b) fully-connected linear opera-
tion

Figure 6: Illustrations of different operations. Each connection requires one
trainable weight. Meanwhile, the connections in convolution op-
eration with the same color share the same weight. Therefore, it
is very clear that convolution operation requires less number of
weights compared to fully-connected linear operation.
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Figure 7: A simple example for convolution operation. The color of the
rounded square in X is correspond to the color of the values in
Y .

in X and all elements of K. In this example, the operation is per-
formed with 2× 2 filter size and stride 1. Commonly, the size of the
stride is set to > 1 during downsampling, such that the size of Y
will be reduced by a factor of the stride value. For instance, Figure 8
visualizes the differences between stride 1 and stride 2.

It is also common to use a pooling operation instead of a strided
convolution operation for downsampling. Two most commonly used
pooling operations are max pooling and average pooling, which are visu-
alized in Figure 9. Boureau et al. [17] conducted a theoretical analysis
on pooling and showed that pooling seems to contribute significantly
to improve classification accuracy in object classification task. Most
importantly, pooling is used to summarize the features in a region,
offering some degree of invariance to input translations. However,
the invariant representation of the pooled features offers an incom-
plete information on the data because the detailed representation
of the lower-level features are ignored in the pooling procedure. Re-
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(a) Stride 1 (b) Stride 2

Figure 8: Illustrations of using different stride value.
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Figure 9: An example for pooling operation. Similar to previous example,
the configurations are 2× 2 filter size and stride 2.

cently, Springenberg et al. [168] showed that a CNN is able to achieve
comparable performance by replacing pooling with strided convolu-
tion. This suggests that CNN is able to learn the invariance using the
strided convolution. For more details about convolution and pooling,
readers are encouraged to read [43].

2.3.2 Activation Function

Activation function (or transfer function) defines the output of a neu-
ron given an input through a non-linear function. Crucially, any mul-
tiple perceptron could be reduced to a single-layer network when
linear activation function is used [203]. Hence, it is important to im-
plement a non-linear activation function to learn the non-linear rela-
tionship in order to gain the advantages of a multilayer network. Sig-
moid function [58] and tanh function have been the common choice
for the activation function, but faced many failures due to the van-
ishing gradient problem [70]. Fortunately, ReLU [125] was proposed
in 2010 to solve this problem. Since then, artificial neural network
and deep learning have many successes in solving various problems,
as reviewed in previous sections. Later, leaky ReLU (lReLU) [117] and
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Parametric ReLU (PReLU) [65] are introduced to fix the zero gradient
problem occurred in the traditional ReLU. The formula of lReLU is
given as,

relu(x) =

{
x if x > 0

arx otherwise
(2)

where ar is often set to 0.01. When ar = 0, it becomes the traditional
ReLU function. Meanwhile, ar is a trainable variable in PReLU.

2.3.3 Normalization

While normalization layer is not employed in LeNet-5, it has been
found to be an important component in CNN to improve the per-
formance. Normalization layer was inspired by a concept in neuro-
biology called “lateral inhibition”. In a nutshell, it is the capacity of
an excited neuron to subdue the activity of its neighbours. In other
words, normalization layer aims to form significant peaks, creating a
contrast in an area, as shown in Figure 10.

Figure 10: Illustration of forming significant peaks.

For this purpose, Krizhevsky et al. [97] proposed the Local Response
Normalization (LRN). Let ai

p,q be the activity of a neuron computed by
kernel i at position (p, q), the response-normalize activity bi

p,q is given
by the expression,

bi
p,q = ai

p,q/
(

klrn + αlrn

min(Nlrn−1,i+nlrn/2)

∑
j=max(0,i−nlrn/2)

(aj
p,q)

2
)βlrn

(3)

where the sum runs over nlrn “adjacent” kernel maps at the same
spatial position, and Nlrn is the total number of kernels in the layer.
Typically, the configurations are as follow: klrn = 2, nlrn = 5, αlrn =

10−4, and βlrn = 0.75. The authors claimed that LRN improves the
classification accuracy 1 ∼ 2% in their experiments.

Despite the excellent performance of LRN, it has been replaced by
batch normalization (BN) [80] in recent works because BN performs
better and helps the network to learn faster. The authors of BN also
showed that combining both LRN and BN does not gain any benefit.
For a layer with d-dimensional input a = {a1, . . . , ad}, the formula of
BN is given as,
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âi =
ai −E[ai]√

Var[ai]
(4)

where E[·] and Var[·] are the expectation and variance over the train-
ing data. The authors of BN also argued that BN may change the
representation of the affected layer. Hence, a pair of parameters γbn
and βbn, which scale and shift the normalized value are introduced,

bi = γbnâi + βbn (5)

These parameters are learned along the other parameters in the model
during training.

(a) Before dropout (b) After dropout

Figure 11: Illustrations of dropout. The inactive neurons (with “×”) are set
to zero.

2.3.4 Dropout

Dropout was introduced by Srivastava et al. [170] as a regulariza-
tion technique to reduce overfitting problem in neural network. The
main idea behind dropout is to prevent complex co-adaptations on
training data. During training, dropout is implemented by inactivate
some neurons with certain probability pd = (0, 1), as shown in Figure
11. At test time, all neurons are kept active but all weights are set to
pdw, where w is the original trained weight. Wan et al. [195] general-
ized dropout using dropconnect but the performances are generally
comparable. More theoretical studies can be found in [8, 193, 67].

2.3.5 Training

Generally, a neural network is trained using backpropagation [100],
where the derivatives are calculated through chain rule. With large
scale dataset available nowadays, it is impossible to fit the whole
dataset into the computer’s memory. Hence, training is usually done
by splitting the dataset into multiple subsets called minibatches and
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each minibatch is used iteratively during training. Let X be the whole
dataset, minibatch Xi is the subset of X, such that X = {X1, . . . , Xm},
where m is the number of minibatches. Given L as the labels of X,
where {li} ∈ L is the labels of Xi, and G as the loss function, the
pseudocode for training CNN is described as,

Algorithm 1: Pseudocode for training CNN
Require: {Xi} ∈ X and {li} ∈ L

while condition not met do

for i ∈ [1, . . . , m] do

c = F (Xi) # feedforward
L = G(c, li) # calculate loss function
v = V(w, ∂L

∂w ) # backpropagation and calculate velocity
w = w + v # update w

end for

end while

where ∂L
∂w is the derivative of L w.r.t. the weights w in the network.

While, V is the weight update rule, typically defined with stochastic
gradient descent (SGD) and weight decay:

v = V(w,
∂L
∂w

) = −ε · ( ∂L
∂w

+ λw) (6)

where λ and ε are the weight decay rate and learning rate. In AlexNet
[97], SGD is used with momentum in order to allow SGD to escape
from local optima:

vt+1 = γ · vt − ε · ( ∂L
∂w

+ λw) (7)

where the velocity at iteration t + 1 is affected by the velocity at previ-
ous iteration t. γ is the momentum, which is usually set to 0.9. More
sophisticated SGD variants were proposed in order to improve SGD,
such as AdaGrad [41], AdaDelta [213], RMSProp [189], and Adam
[93]. Although none of them can claim to outperform other variants
in all optimization problems, SGD with momentum (equation 7), RM-
SProp, and Adam are the most commonly used update rules in recent
deep learning works.

Meanwhile, multinomial logistic loss of softmax has been the pop-
ular choice for loss function among deep learning models, including
AlexNet. The loss function G is then derived as,

G(c, l) = − log
(

ecl

∑Nc
j=1 ecl

)
(8)

The derivative of this loss function is minimized during training.
Other loss functions are discussed in [90, 152, 121, 83]. Readers who
are interested in Energy-based model and loss function may refer to
[103].
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Figure 12: Overview of GAN.

2.4 generative adversarial network

Generative Adversarial Networks (GAN) [53] contain two networks
(as shown in Figure 12) that are trained by competing with each other.
The Generator G aims to learn the true data distribution pdata by gen-
erating images (or data) G(z) that are difficult to differentiate from
real images x̂ ∼ pdata. Traditionally, G generates images from some
noise vectors z ∼ pnoise that are sampled from a distribution pnoise
(e.g. uniform distribution). On the other hand, the Discriminator D is
trained to distinguish the images generated by G from the real images.
Formally, the operation of the generator is written as G : z → G(z).
Meanwhile, D : x → y represents the process in the discriminator,
where x is an input image from either x̂ or G(z). Let p(y|x) be the
probability distribution function for the binary adversarial prediction,
such that x is from pdata when y approaches 1, while x is from G when
y approaches 0.

Overall, the training procedure is a two-player minimax game with
the following objective function,

min
G

max
D

Ex̂∼pdata [log D(x̂)] + Ez∼pnoise [log(1− D(G(z)))] (9)

However, this cost function does not perform well when updating G
in practice [52]. This is because in the minimax game, D minimizes
a cross-entropy while G maximizes the same cross-entropy. When D
successfully rejects samples from G with high confidence, the gradi-
ent in G will vanish. To overcome this problem, a simple yet effective
solution is simply flip the sign of the true label of G(z), such that G is
trained to make y approaches 1. Therefore, D is trained by minimiz-
ing the following cost function,

LD = −Ex̂∼pdata [log D(x̂)]−Ez∼pnoise [log(1− D(G(z)))] (10)
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Figure 13: Overview of GAN training. Black dotted lines are true distribu-
tion pdata. Blue dashed lines are discriminative distribution pD.
Green solid lines are generative distribution pG. The upward ar-
rows show mapping of z → G(z).

Algorithm 2: Pseudocode for training GAN
Require: {Xi} ∈ X

while condition not met do

for i ∈ [1, . . . , m] do

Sample Z ∼ pnoise
Dr = D(Xi)

Df = D(G(Z))
Update D by minimizing: −E[log Dr]−E[log(1− Df )]

Df = D(G(Z)) # Note that the updated D is used here.
Update G by minimizing: −E[log Df ]

end for

end while

and G is trained by minimizing the following modified cost function,

LG = −Ez∼pnoise [log(D(G(z)))] (11)

The training process is then consist of simultaneous SGD, where
D and G are trained sequentially. Figure 13 visualizes the training
process. Let Z = {z1, . . . , zNb} ∈ RNb×Nz , where Nz is the number of
dimensions of one sample z ∈ RNz . The pseudocode for the training
process is then described in Algorithm 2.

2.4.1 Deep Convolutional GAN

Generally, Deep Convolutional GAN (DCGAN) is a GAN model with
part of the networks replaced by layers of convolution or deconvolu-
tion operations to improve the synthesis and representations learning
of image. Although the term “DCGAN” was first introduced in [139],
this version of GAN has been implemented by Goodfellow et al. [53]
to synthesize CIFAR-10 images when GAN was proposed.

Overall, DCGAN has a similar architecture as shown in Figure 12.
Typically, the discriminator is a CNN model described in previous
section. On the other hand, the generator aims to reverse the CNN
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Figure 14: Deconvolution Network.

operations in order to generate realistic images. In most of the im-
plementations [53, 49, 139, 205], the generators employed the Decon-
volution network [215] as shown in Figure 14. Generally, it consists
of several strided deconvolution layers that are the inverse operation
of strided convolution, upsampling the input of the operation by a
factor of the strided size. Figure 15 visualizes the difference between
the convolution and deconvolution operations. Note that the decon-
volution layers used in these networks are not the same as the tra-
ditional deconvolution operation described in [200]. To be accurate,
the deconvolution layer is called “Transposed convolution” by some
researchers [187]. Detailed technical explanations of deconvolution
(and convolution) can be read on [187].

Figure 15: Comparison between convolution and deconvolution. (repro-
duced from [129])

Meanwhile, Odena et al. [132] blamed that deconvolution has “un-
even overlap”, putting more of the metaphorical paint in some places
than others [49], resulting in “mosaic” pattern in the image. They
suggested that a simple alternative is to separate the sequential oper-
ations in the deconvolution layer. This can be done by first perform-
ing an upsampling to higher resolution using interpolation, followed
by a convolution operation of stride 1. They conducted some experi-
ments and showed that using Nearest Neighbour (NN) upsampling
instead of strided deconvolution helps avoiding the checkerboard ar-
tifacts problem. Similar technique has been used and worked well in
image super-resolution [38].
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2.4.2 Convergent Property and Global Optimality

Many efforts have been done in order to understand the theory be-
hind GAN, mainly revolving around the convergent property of GAN.
Intuitively, GAN is a two-player minimax game as aforementioned.
Hence, the authors [53] explained the theory behind GAN via game
theory using Nash equilibrium. In theory, Nash equilibrium (or global
optimality) is reached when the generator matches data distribution
and discriminator is unable to distinguish generated samples from
real samples [52]. Hence, for a given generator G, the optimal dis-
criminator is:

D∗
G =

pdata

pdata + pG
(12)

Then, by substituting this into the GAN formula, Goodfellow et al.
[53] showed that GAN objective turns out to be equivalent to the
Jensen-Shannon divergence (JSD) between pdata and pG. Equation 9
can then be reformulated as,

− log(4) + 2JSD(pdata||pG) (13)

In practice, such equilibrium is hard to achieve and GAN only rep-
resents a limited family of true distribution via G. However, its ex-
cellent performance in practice suggests that GAN is still a reason-
able model to use despite its lack of theoretical guarantees. Later,
Nowozin et al. [130] further the studies and showed that GAN is a
special case of a general variational divergence estimation approach
called f -divergence.

In a recent work, Arjovsky and Bottou [5] provided more theoreti-
cal investigations on the convergent property of GAN. They showed
that it is unlikely that the model manifold and the true distribution’s
support have a non-negligible intersection. In this case, Kullback-
Leibler distance (or the JS distance) cannot be defined, which con-
tributes to the instability of GAN during training. To overcome this
problem, they proposed WGAN [6] by reformulating the loss function
using Wasserstein distance with Lipschitz constraint enforced on the
weights to ensure convergence. However, this version of WGAN can
still be unstable. A better version of WGAN is then introduced in [57]
with better strategy for the weight constraint. The improved WGAN
showed better stability but is slow to train due to the computationally
expensive gradient penalty.

In a more recent work, Li et al. [109] proposed the MMD GAN that
is trained by using the kernel maximum mean discrepancy (MMD)
[56] in their loss function. Theoretically, they showed that training
GAN via MMD is continuous and differentiable, which guarantee the
model to learn and converge. They connected their work to WGAN by
claiming that WGAN can be treated as first-order moment matching,
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Figure 16: Modified from [147]. (a) Examples of mode collapse experienced

in [145]. (b) Extended PixelCNN [147] is able to generate diverse
samples from same text.

while MMD GAN aims to match infinite order of moments. Empir-
ically, they showed that MMD GAN is able to achieve good perfor-
mance, guaranteed convergence, and not as computationally expen-
sive as WGAN. However, Inception scores achieved by MMD GAN
does not outperform the state-of-the-art results.

2.4.3 Mode Collapse

Mode collapse [52, 145] is another common problem faced when
training the GAN models. In general, a model is experiencing mode
collapse when the generator in the model synthesizes many images
with similar or same texture, as shown in Figure 16. As discussed
in [157, 122], this is because the generator has the tendency to learn
to synthesize data with high probability in the discriminator. As the
training progresses, the generator will eventually maps more data to
the highest probability, resulting in producing same data. Salimans et
al. [157] then proposed the minibatch discrimination to overcome this
problem by allowing the discriminator to compare an example to a
minibatch of generated samples and a minibatch of real samples. Ex-
perimentally, minibatch discrimination does help in reducing mode
collapse problem. Reed et al. [147] showed that their proposed gated
conditional PixelCNN is able to generate diverse samples without
more explanations about this issue. Meanwhile, Metz et al. [122] pro-
posed Unrolled GAN to address the same problem by unrolling op-
timization of the discriminator and showed promising results. How-
ever, the main drawback of this approach is that the computational
cost scales with the number of unrolling steps. Hence, this approach
has not yet been scaled up to other problems, e.g. ImageNet.
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2.4.4 Tips and tricks to train GAN

Some useful tips and tricks were introduced in [157] and listed in
https://github.com/soumith/ganhacks to improve the stability when
training GAN. Nonetheless, they do not always work well and require
trial and error. Few tips and tricks that are found to perform more
consistently in this thesis are:

1. Normalize the inputs to (−1, 1) in the discriminator. Meanwhile,
use tanh as the activation function for the last layer of generator.

2. Use the loss function trick as described in equation 10 and equa-
tion 11.

3. Batch Normalization is still useful in both discriminator and
generator.

4. Implementing dropout in the discriminator helps but it is ad-
vised to avoid using dropout in the generator.

5. Use leaky ReLU in both discriminator and generator.

6. Use strided convolution and avoid max pooling in the discrim-
inator. Meanwhile, use Nearest Neighbour upsampling instead
of strided deconvolution in the generator.

7. One update step of one network for each update step of another
network seems to work the best in practice, as suggested in [52].

8. Use labels whenever it is available, which mean a semi-supervised
GAN will always works better than the unsupervised counter-
part.

9. Apply instance noise [166] in the discriminator.

2.4.5 Conditional Image Synthesis

While unconditional image synthesis is an important research area,
many practical applications are conditioned on prior information.
This prior information comes in many forms, for instance a distorted
image for inpainting [134, 137]; natural image for super-resolution
[166, 106] or style transfer [48, 81, 197, 74, 111]; text codes for text
to image translation [146, 216]; and so on. This work is particularly
interested in class-conditioned image generation, as the primary aim
is to investigate how a deep model learns the representations of the
styles, genres, and artists from the artworks.

An earlier work that employed conditional setting in GAN was the
Conditional GAN (CondGAN) [123] by feeding the labels or modes
to the generator and discriminator. However, such setting was only
demonstrated on less complex images i.e. MNIST and faces [49]. While
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Figure 17: Comparisons between GAN [53] and two conditional GAN vari-
ants (CondGAN [123] and ArtGAN [183]).

this website2 unofficially demonstrated generating images on CIFAR-
10 using CondGAN, the objects in the generated images are hardly
recognizable. This can be expected because the labels were not fully
utilized, as there is no error information backpropagated from the
labels. A similar work was introduced in InfoGAN [205] with the
discriminator replaced by a multiclass classifier. It is shown that the
InfoGAN is able to learn disentangled representations in an unsuper-
vised manner but the meaning of the representations are uncontrol-
lable during training. In addition, their work only demonstrated on
the less complex images, i.e. digits and faces.

Figure 17 visualizes the difference between traditional GAN and
conditional GAN. Notice that the labels c̄ are inputs for both gener-
ator and discriminator in CondGAN. During training, the labels are
not backpropagated to take advantage of the information provided.
On the other hand, the ArtGAN proposed in this thesis leverages the
label information by calculating the loss function from the prediction
c and the labels. Such architecture performs better than CondGAN.
Similar design was introduced in [167, 157], but with unconditional
setting. Meanwhile, similar idea was proposed by AC-GAN [133] in
the same period when ArtGAN was proposed. However, a key differ-
ence is that generated images are not used to compute classification
loss of the discriminator in ArtGAN. Contrastively, AC-GAN uses the
generated images as positive samples to calculate classification loss of
the discriminator. It is counter-intuitive to use the generated images
as positive samples for the discriminator.

Built on the Deep Generator Network (DGN) [126], Plug and Play
Generative Networks (PPGN) [127] is able to produce high quality
image at high resolution. It allows different generators and condition
networks to be hacked together without having to re-train the gen-
erators. Nonetheless, they showed that adversarial training is crucial
to obtain high quality image. However, PPGN differs to the other
generative models discussed, where image is generated in one-shot
from the latent code in the traditional generative models. In PPGN,
image is generated by optimizing the latent code to produce image
that highly activate target neuron in the condition network. The sam-
pling procedure is formalized as an approximate Langevin Markov

2 http://soumith.ch/eyescream/
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chain Monte Carlo sampler to ensure diversity. Like other sequen-
tial approaches, such gradient-based recursive approach may cause
unwanted overhead when deployed in some real-world applications,
e.g. mobile devices.





Part II

U N D E R S TA N D I N G F E AT U R E S L E A R N I N G O F
D E E P M O D E L S F O R A RT W O R K S

This part aims to understand what kind of features are
learned by the deep models from the artworks. Two types
of deep models are trained for artworks classification and
synthesis problems, respectively. In the first task, the pro-
posed deep discriminative models achieve state-of-the-art
results for classification. Then, the features learnt are visu-
alized via neurons’ activations. In the second task, a new
deep generative model is proposed and trained to learn
richer visual representations. The learnt features can then
be visualized via the trained generator that can synthesize
high resolution photo-realistic images.
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A RT W O R K S C L A S S I F I C AT I O N

Figure 18: Samples of famous artworks in the Wikiart dataset [156].

3.1 introduction

In recent years, vast digital collections have been made available across
the Internet and museums due to the rapid advancement of digital
acquisition of fine-art paintings. With such massive digital artwork
collections, automated paintings classification in terms of style, artist,
etc. are now possible and desired. In addition, representations learn-
ing of fine-art paintings is also an important topic for assisting the
curators in their daily work routine, such as paintings analysis, archiv-
ing artworks, etc. However, most of the research have been focusing
on recognition of more structural images [149, 107, 64, 164, 71]. On the
other hand, little attention was given to the classification of fine-art
paintings.

This work presents a study on large-scale style, genre, and artist
classification of fine-art paintings by training CNN models on the
Wikiart paintings dataset [155]. The main objective in this work is to
investigate the capability of the CNN in learning the representations
of the fine-art paintings. As a summary, the contributions of this work
are as follows:

1. An ImageNet pre-trained AlexNet [97] model is finetuned on
the Wikiart dataset for artworks classification task. It has been
proven that transferring the well-learned knowledge from one
source to a target domain improves the deep model accuracy
significantly [37, 212, 135, 141]. However, the features learned
by the pre-trained model may not suit the target dataset. Hence,
finetuning is essential for learning a better model for the target
domain while using the pre-trained weights as a better initial-
ization. In the experiments, the trained model achieves state-
of-the-art results (68% accuracy), in comparison to [155] (56%
accuracy) in the Wikiart dataset.
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2. The features of the artworks extracted by the trained AlexNet
model are visualized by picturing the overall responses of neu-
rons. The visualizations show that the trained deep models are
able to extract structural visual cues from the artworks. How-
ever, it is unclear if deep models are able to learn the more
abstract cues from the artworks. Meanwhile, those features ex-
tracted from the paintings of the same group could vary greatly,
in contrast to object or face recognition where features extracted
from the same class are somehow very similar. At the same time,
the differences between the categories can be small and abstract.
Therefore, it is extremely challenging to recognize the categories
of an artwork.

3. A modified Wikiart dataset is released to provide a better plat-
form for future comparative studies.

3.2 challenges in artworks classification

3.2.1 Large-scale Artworks Dataset

Most of the studies have been revolving around datasets with more
structural categories. Hence, one of the challenges in artworks analy-
sis is the availability of a decent fine-art paintings dataset for evalua-
tion. As evidence, in the object recognition, there are PASCAL VOC
[45], CIFAR-10 [95] and ImageNet [153] datasets. While in the scene
recognition, there is Places dataset [218]. In fine-grained image clas-
sification task, there are Caltech UCSD Birds-200 [201], Flowers-102
[128], and Wild Faces [73] datasets. These datasets contain ten thou-
sands to millions of images. Contrary, only a few, very small paint-
ings datasets have been made publicly available. For instance, Khan et
al. [92] proposed a dataset consists of 4,266 paintings only. Whereas,
dataset used in [86, 160, 161] have less than 1,000 paintings. Until
recently, [155] provided a new dataset, namely the Wikiart paintings
dataset1 that consists of more than 80,000 of paintings. Examples of
paintings in this dataset are illustrated in Figure 18. To date, [155, 88]
are the only works that have used a fine-art paintings dataset of this
size. In this work, a modified version of Wikiart dataset is provided
by randomly splitting the dataset into training and validation sets.
Compared to this newly released dataset, researchers are required to
randomly split the existing Wikiart dataset, resulting in different col-
lections of training and validation sets in each experiments. Hence,
readers are encouraged to use the newly released Wikiart dataset for
more comparable studies. Detail of the Wikiart dataset is described
in Appendix B.

1 Paintings are collected from http://www.wikiart.org/
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3.2.2 Abstractionism

Compared to recognizing the more structural objects such as dog,
cat, or human faces [209], classification of fine-art collections is ex-
tremely difficult. One will require strong background in art domain
for recognizing paintings as this mode of creative expression comes
in different kinds of forms. In general, individuals could differenti-
ate simple paintings categories, such as portrait or landscape. On the
other hand, many other forms are non-representational nor figura-

tive, and might require imagination to recognize them. For instance,
Impressionism marked the beginning of a gradual departure from Re-
alism, using loose brush stroke, sketchy lines, and blotches of colors
that blend together to create the feeling of impression, giving less at-
tention to the details. Color Field paintings are characterized primarily
by large fields of flat, solid color spread across the canvas, making
them non-figurative. While Cubism may contains object, it is broken
up and reassembled in a structured abstracted form.

As an example, the second last painting in Figure 18 namely “The
nightingales song at midnight and morning rain” is a piece of the 23 small
paintings on paper (Constellations series), initiated by the great artist
Joan Miró in 1939, is belong to this category. The Constellations is
Miró’s most luminous and affecting series of painting as it captures
and represents the most vibrant expressions of Miró’s inner universe
during the outbreak of the Second World War. He explained the gene-
sis in a letter to a friend: “I had always enjoyed looking out of the windows
at night and seeing the sky and the stars and the moon, but now we werent
allowed to do this any more, so I painted the windows blue and I took my
brushes and paint, and that was the beginning of the Constellations.” Hence,
a question arose is that does a machine able to capture “imagination”
in paintings? One way to find out is train a CNN and then visualize
the low-level to high-level features learned by the CNN. More sam-
ples for each category can be seen in Appendix B.

3.2.3 Confusing Categories

Furthermore, paintings categorizations are often confusing, especially
in style classification. One example can be seen in the Renaissance arts.
In general, most artworks that were created during the Renaissance
period (14th to 17th centuries) are categorized as Renaissance art. In
this period, many artists were influenced by the developments of sci-
ence, humanism and ideas about depicting perspective. Hence, these
artworks are usually looked highly realistic. However, such properties
can also be noticed in other styles, such as Realism, Baroque, Rococo, Ro-
manticism, etc. Another important cue to recognize Renaissance arts
is the Greek mythology depicted in the artworks due to the influence
from the newly-allowed study of Ancient Greek and Roman literature.
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(a) Song of the Angels, William-
Adolphe Bouguereau, 1881.
Neoclassicism

(b) The Archangel Michael defeat-
ing Satan, Guido Reni, 1635.
Baroque

Figure 19: Examples of artworks that contain angels. Sub-captions refers to:
Name of artworks, artist, year. style

Still, Renaissance arts are not the only style that have mythological
component in it, as shown in Figure 19. To further complicate mat-
ters, Renaissance arts are generally categorized into several different
styles, differentiated by the periods and locations, which also affect
the ideals, painting movements, subjects, and media of the artworks.
These include Proto-Renaissance, Early Renaissance, High Renaissance,
Mannerism (Late Renaissance), and Northern Renaissance. Recognizing
the correlations and differences between these styles is awfully diffi-
cult even for human, let alone machine.

3.3 methodology

This work employed the AlexNet [97] for empirical studies. AlexNet
is a 8-layers CNN model with 5 convolutional layers (conv1-5) and 3
fully-connected layers (fc6-8), as shown in Figure 20. For each convo-
lution layer, the filter configurations are as follow. In conv1, the filter
size is 11× 11 with stride of 4. Filter size of 3× 3 is used for other
convolution layers with stride of 1, except for conv2 that uses filter
size of 5× 5. LRN is employed after conv1 and conv2 to aid general-
ization. Meanwhile, max pooling layers with size of 3× 3 and stride
of 2 are used after each LRN and conv5 for downsampling. Dropout
[170] is implemented after fc6 and fc7 for regularization, as most of
the parameters are concentrated in these layers. ReLU [125] is used in
all layers except fc8 as the activation function.
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Figure 20: An illustration of AlexNet [97]. The network accepts 227 × 227
images with 3 channels (RGB) as input. Each convolutional layer
yields total of 96, 256, 384, 384, and 256 feature maps, respec-
tively. Meanwhile, fc6 and fc7 outputs 4096 neurons. Finally, the
network yields 1000-way softmax output in fc8 as the classifica-
tion confidence scores. In general, the scores are maximized to
predict the class of the input image. When AlexNet is trained or
finetuned on Wikiart dataset, the number of outputs is adjusted
to match the number of classes in the recognition tasks.

Several models are trained under different configurations in order
to investigate the effects of these configurations on the performance.
The configurations are as follows:

• CNN - Trained from scratch on Wikiart dataset.

• CNN-nofine - Pre-trained on ImageNet [153], then replace the
last layer (fc8) with a new softmax layer and only finetune the
new layer.

• CNN-SVM - Similar to CNN-nofine, except that Support Vector
Machine (SVM) [26] is used instead of softmax layer on fc8.

• CNN-1000 - Pre-trained on ImageNet [153], then stack a new
softmax layer after fc8. Finetuning is only performed on the
new layer.

• CNN-finetune - Similar to CNN-nofine, except that finetuning
is conducted on all layers.

• CNN-fc6 - Similar to CNN-finetune, but fc7 is removed in this
model. In other words, the new layer is stacked on top of fc6.

• CNN-1024 - Similar to CNN-finetune, except that fc6 and fc7
are replaced by new layers with the number of neurons reduced
from 4096 to 1024, in addition to the new softmax layer at fc8.

CNN is used as the baseline benchmark during comparisons. Raza-
vian et al. [141] showed that replacing last layer of CNN with SVM
during transferring performs better. Hence, the CNN-SVM is trained
to verify this claim. Meanwhile, the performance of CNN-1000 can
be used to deduce if the high level semantic information provided
by fc8 helps. On the other hand, the performances of CNN-fc6 and
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CNN-1024 is useful to assess the overparametrization problem that
occurred in many deep learning models [33]. The rest of the settings
are as follows:

Weights initialization: When the pre-trained weights are not avail-
able (e.g. train from scratch or on the new layers), all weights are
initialized from the zero-mean Gaussian distribution with standard
deviation of 0.01. Biases are initialized to 1, except for the first and
third layers are set to zero. This is because setting biases to nonzero in
some layers provide ReLUs with positive inputs to improve training
[97].

Learning rate configurations: Learning rates were initialized to 0.01
for all weights and 0.02 for bias. However, learning rates of the fine-
tuning layers are reduced by a factor of 10 to avoid tampering the
already well-learned weights and biases. For every 5000 iterations
prior to the termination, all learning rates are reduced by a factor of
10.

Data augmentation: The networks were trained on pro-processed im-
ages by subtracting the mean activity over the training set from each
pixel. In order to overcome the overfitting problem, few data aug-
mentation techniques were employed in the experiments. First, im-
age translation is performed by randomly cropping 227× 227 patches
from the 256× 256 images. Each iteration will only crop one random
patch for each image. Then, the patches are randomly mirrored un-
der the horizontal reflection technique. Note that different patches
are cropped in each iteration. During validation, the images from the
validation set are centered cropped without horizontal reflection.

Other settings: The models are trained using the SGD with momen-
tum as described in Chapter 2.3.5 with batch size of 128. The momen-
tum is set to 0.9, while weight decay is set to 0.0005. All models are
trained for 20,000 iterations. It is found that further training does not
improve the results. The experiments were carried out using Caffe
[84] on NVIDIA GTX 980 4GB GPU.

3.4 experiments and discussions

Table 1 summarizes the classification results of the trained models.
The overall results infer the averaged accuracy of all classification
tasks of the same model. Based on the results, a few interesting de-
ductions can be made:

• By comparing CNN with other models trained in this work, it
can be seen that transfer learning helps improve the accuracy.

• Meanwhile, the accuracies between softmax (CNN-nofine) and
SVM (CNN-SVM) are comparable. In fact, CNN-nofine outper-
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Table 1: Comparisons between different models on Wikiarts dataset for
styles, genres, artists classification.

Model
Accuracy (%)

Size
Style Genre Artist Overall

CNN 42.96 65.45 54.39 54.27 61M

CNN-nofine 45.95 69.24 67.02 60.74 61M

CNN-SVM 44.17 69.18 67.17 60.17 61M

CNN-1000 43.56 68.38 64.55 58.83 61M

CNN-finetune 54.50 74.14 76.11 68.25 61M

CNN-fc6 51.51 72.11 74.26 65.96 44M

CNN-1024 53.38 73.75 76.02 67.72 48M

CNN-PCA-SVM [156] 21.99 49.98 33.62 35.20 -

Saleh and Elgammal [156] 45.97 60.28 63.06 56.44 -

formed CNN-SVM by a small margin in the experiments. In
other words, there is no guarantee that softmax or SVM is bet-
ter.

• On the other hand, CNN-1000 performed worse than other fine-
tuned models. Note that the last layer of the pre-trained model
computes the confidence scores of the existence of certain ob-
jects in the image. Hence, the results can be expected because
recognizing a painting’s style, genre, and artist require other
knowledge such as shape, perspective, emotion, etc.

• CNN-finetune outperformed all other models in the experiments
with overall accuracy of 68%, compared to the state-of-the-art
result (56%).

• Last but not least, reducing the number of parameters by 20 ∼
30% in CNN-fc6 and CNN-1024 only deteriorated the accuracy
by 1 ∼ 2%. The main insight here is that, it seems that a better
pruning strategy might be able to compress the network further
without affecting the system accuracy substantially, as proven
in a recent study by Han et al. [60].

In order to further assess the performance of the CNN, the confu-
sion matrices are analysed using the results from the CNN-finetune
model; as well as visualizing the CNN features by the neurons’ re-
sponses to the paintings in the next subsections.
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Figure 21: Confusion matrix of the style, genre and artist classification tasks
using the CNN-finetune model. The colorbar shows the normal-
ized intensity. Best viewed in color and enlarged pdf.
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3.4.1 Confusion Matrix

Figure 21 shows the confusion matrix for each classification task.
Among all, there are a few observations that worth attention.

Style: It shows that the deep model is able to distinctly differentiate
Ukiyo-e (85%) from other styles. This is because most of the paintings
in other styles are from the regions of Europe. Meanwhile, Ukiyo-e
is a type of art that flourished in Japan that is very distinctive from
other styles. However, the model performed very poorly in differen-
tiating many other styles due to the confusions as discussed before.
For instance, differentiating synthetic cubism (46%) and analytical cu-
bism (50%) is extremely difficult as these styles are from the same
root, i.e. Cubism. Similarly, Rococo (56%) and Baroque (64%) are histori-
cally related. This explains why the style classification has the poorest
performance among the three classification tasks.

Genre: It is not surprised to see that CNN performed very well in
genre classification. This is because most of the categories in genres
can be related to other recognition problems. For instance, recogniz-
ing portrait (81%) and landscape (86%) can be related to face detection
[209] and scene recognition [218], where CNN has been very success-
ful in these tasks.

Artist: It is interesting to see that the CNN performed the best in
artist classification task. To uncover the factors behind this, the best
and worst performances are investigated. It is discovered that the
artists that CNN can recognize with high precision usually prefer cer-
tain techniques or subjects in their paintings. For example, Gustave
Dore has been using mostly engraving, etching, and lithography tech-
niques, which result in greyish images as shown in Figure 22a. Eugene
Boudin has many paintings that depict outdoor scenes, and most of
his paintings were rendering marine and seashore (Figure 22b). Mean-
while, the CNN failed miserably (33%) in recognizing artworks from
Salvator Dalı́, a prominent Spanish best known for the striking and
bizarre images, and confuses his works to the greatest and most in-
fluential artists of the 20th century, Pablo Picasso. The most interesting
part of this finding is, it is found that historically, Salvator Dalı́ made
a number of works heavily influenced by Picasso, which is not known
before this result. Further investigations found that a recent exhibit at
the Salvador Dalı́ Museum in Florida (Feb. 2015) examined how these
two artists influenced each other and Dr. William Jeffett, a Chief Cura-
tor of Exhibitions of the museum said “The paintings look good together.
The pieces really complement each other, which I think says a lot about the
artists and their works, for example Picasso’s Portrait of Olga, or Dalı́’s Por-
trait of My Sister. This wasn’t just a contextual show where we were looking
for academic or documentary links. There’s a visual component here evident
in the art, which supports what were trying to say”. This seems like a hint
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(a) Gustave Dore (b) Eugene Boudin

Figure 22: The first row shows the artists paintings and the second row
shows the corresponding features in the feature space, where
paintings from similar artists are close with each other.

that CNN is able to semantically link artists together. This hypothesis
is left for future investigation.

3.4.2 Visualizing Neurons’ Responses

Figure 23 visualizes the neurons’ responses in the genre classification
task. The visualization is done by averaging the neurons’ value over
the feature maps. Let li ∈ RW×H×C be the features extracted at layer
i, that is a 3D matrix with W × H positions and C feature maps, the
averaged neurons’ responses R(w,h)

i at position (w, h) is given as,

R(w,h)
i =

1
C

C

∑
n=0

l(w,h)
i,n (14)

As shown in Figure 23, the network learned to recognize simple
edges/blobs (low level features) at lower layers (e.g. layer 1). As the
layer goes higher, the network learned to recognize texture pattern
to complex object parts, such as face in Portrait. According to the ob-
servation, training a CNN for paintings classification task is tougher
as paintings from the same group does not necessarily have similar
low to high level features, e.g Illustration. Meanwhile, Illustration is
defined by its published media instead of some visual properties2.
Hence, the content of an Illustration may also depicts a landscape
or genre paintings, causing more confusions when recognizing these

2 Illustration is defined as “a decoration, interpretation or visual explanation of a text,
concept or process, designed for integration in published media, such as posters,
flyers, magazines, books, teaching materials, animations, video games and films” in
Wikipedia.
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Illustration Landscape Portrait

Input

Layer 1

Layer 2

Layer 3

Layer 4

Layer 5

Figure 23: The visualization of neurons’ responses in the genre classification
for layers conv1-5.
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categories while the published media is not known. Hence, it is rea-
sonable that CNN performed poorly in recognizing Illustration since
it is hard to learn the visual cues from Illustration. For paintings that
are more structured, the visualizations also show that CNN tends
to find key objects or shapes for cues. No clue indicates if the deep
models are able to learn the more abstract cues.

3.5 conclusions

This work presented a study on features learning of fine-art paint-
ings by training deep models for style, genre, and artist classifica-
tion tasks. It is found that finetuning an ImageNet pre-trained CNN
yields the best result and achieves state-of-the-art results. However,
the confusion matrices and the visualization from the neurons’ re-
sponses showed two contradictory reasons that lead to many misclas-
sifications. First, similar properties can be exhibited by many different
styles. Secondly, the features extracted from the lower level to higher
level layers can be very different among the same category. Unfor-
tunately, such contradiction is reasonable based on the definition of
the art categories, as discussed. Nonetheless, the visualizations also
showed that deep models are able to learn to extract structural cues
from the artworks. However, it is unclear if any abstract cue has been
learned. In addition, it is also found that the CNN somehow could re-
late different artists together based on their painting style. For future
works, the author is interested in investigating other loss functions
that can help develop and learn other visual cues that are useful in
paintings analysis. Meanwhile, different visualization technique will
be presented in next chapter for better understanding of how CNN
extracts features from paintings.
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A RT W O R K S S Y N T H E S I S

4.1 introduction

Generative models have been a fundamental interest and challenging
problem in the field of computer vision and machine learning. Tradi-
tionally, discriminative models (e.g. CNN models used in Chapter 3)
learn the dependencies of the unobserved variables y (e.g. classes)
on the observed variables x (e.g. images) by modelling the condi-
tional probability distribution p(y|x). Unlike discriminative models,
generative models learn the dependencies from the joint distribution
p(x, y), which allow them to exploit the unlabelled data and generate
samples from the observed distribution. Hence, generative models
usually require lesser or no labelled data to train, compared to dis-
criminator models which require large amount of labelled data. Such
low labelled data requirement is extremely helpful and important to
many real-world problem where labelled data are hard to collect. In
addition, the observed data simulated by the generative models can
be visualized to assess the performance of the learned model. Com-
pared to quantitative assessment such as accuracy, visualization of
the synthetic data helps understand what kind of features have been
learned by the model better in a qualitative manner.

However, training generative model is extremely difficult due to
the difficulty in estimating the intractable likelihood. Recently, Good-
fellow et al. [53] introduced an interesting way to bypass the likeli-
hood estimation. They proposed the Generative Adversarial Network
(GAN) that is trained via adversarial training, as described in Chapter
2.4. Since then, many extensions of GAN [123, 139, 167, 35, 133, 146,
216] have been proposed and showed promising results in generat-
ing structural images using the MNIST [104], CIFAR-10 [96], CUB-200
[194] and LFW [73] datasets. As discussed in the literature, GAN has
shown excellent performance in generating random photo-realistic im-
ages, inferring that GAN is able to learn better visual representations
compared to other generative models. However, limited attention has
been given to learn visual representations and generate samples from
the more abstract artworks.

To this end, this work proposes a novel GAN variant called Art-
GAN1. This work anticipates that a good way to look at this prob-
lem is to understand how human learns to draw. An artist teacher

1 The network is named as ArtGAN since the nature of this work is to synthetically
generate artworks

45
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wrote an online article2 and pointed out that an effective learning
requires focus on a particular type of skill at a time, e.g. practice to
draw a particular object or one kind of movement. Following this in-
tuition, the generator in ArtGAN takes a randomly chosen label and
a noise vector as inputs. The chosen label is then used as the true
label in the discriminator when computing the loss function for the
generated image. Hence, the discriminator is modified, resembling a
CNN classifier and is named as “categorical discriminator” in this
context. Overall, the idea is to allow the generator to learn better

by leveraging the feedback information from the labels. In this re-
gard, ArtGAN can be seen as a mixture of discriminative and gen-
erative models, which utilizes the advantages from them. Inspired
by recent works [217, 13], a categorical autoencoder-based discrim-

inator that incorporates an autoencoder into the categorical discrim-
inator for additional complementary information is also introduced.
Rather than deploying two separate computationally expensive net-
works (a categorical discriminator and an autoencoder), the categori-
cal autoencoder-based discriminator partly shares the same architec-
ture and weights. In specific, the encoder in the autoencoder is shared
by the categorical discriminator.

Additionally, this work proposed a novel magnified learning strat-
egy so that ArtGAN can synthetically generate high-resolution art-
works. The motivation behind this approach is to generate a set of
pixels that vote for a single pixel. One may naively train an ensemble
of GANs to achieve this goal. However, training multiple networks ex-
plicitly is computationally expensive and unnecessary to achieve sim-
ilar performance gain [198, 72]. Hence, this work proposes an alterna-
tive approach by generating images with higher resolution compared
to the available image size in the dataset, e.g. 64× 64 pixels instead
of 32× 32 pixels for CIFAR-10 samples. Then, the generated images
are downsampled to the original size (i.e. 32× 32 as accordance with
previous example), which resembles a form of voting scheme. An ad-
vantage of this approach is that the correlations between the pixels
within the same downsampling block can be learned better.

In summary, the key contributions are 1) A novel conditional GAN
variant is proposed, namely as the ArtGAN to emulate the concept of
effective learning to generate very challenging images (i.e. artwork).
To the best of our knowledge, no existing empirical research has ad-
dressed the implementation of a generative model on a large scale
paintings dataset. 2) A novel magnified learning is proposed to syn-
thesize better quality images. 3) Empirically, this work shows that the
proposed model is capable of generating high quality artworks that
exhibit similar visual representations within genre, artist, or style. At
the same time, the proposed model is also able to generate samples

2 http://www.learning-to-see.co.uk/effective-practice
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Figure 24: Overview of the ArtGAN architecture. z and c̄ are concatenated
and fed to the generator to produce synthetic image G(z, c̄). Ei-
ther the downsampled generated image G(z, c̄) or real data x̂ is
used as the input x to the (categorical autoencoder-based) dis-
criminator. The discriminator produces three outputs: the class
prediction p(c|x), adversarial prediction p(y|x), and the recon-
structed image DAE(x).

on CIFAR-10 [96], STL-10 [24], Oxford-102 [128], and CUB-200 [194]
that look natural and contain clear object structures in them.

4.2 methodology

This section describes the proposed method in detail, while Figure
24 summarizes the overall architecture of the proposed ArtGAN. De-
tailed architecture and pseudocode are presented in Appendix C.

4.2.1 ArtGAN

The basic structure of ArtGAN is similar to GAN, such that it consists
of a discriminator and a generator that are simultaneously trained
using the minimax formulation of GAN, as described in equation
9. The key innovation of ArtGAN is to allow feedback from the la-
bels given to each generated image through the loss function. That
is, additional label information is fed to the generator to draw a spe-
cific subject based on the information, imitating how human learns to
draw. This is in contrast to CondGAN [123] that does not fully utilize
the labels during training. In order to leverage the labels information,
the discriminator is modified and named as categorical discriminator to
output K + 1 logistic predictions with K actual categories following
the dataset used, and K + 1th output as the adversarial class (denoted
as Fake category).

Formally, the formulation of a categorical discriminator is written
as D : RH×W×C → RK+1, where H, W, and C are the height, width,
and number of channels of an image, respectively. This is somehow
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similar to Salimans et al. [157], except that the conditional setting
is not implemented in their work. While, the notations of the condi-
tional generator is written as G : (z, c̄) → RH×W×C, where c̄ is the
randomly chosen label for the generated sample in the form of one-
hot vector. This allows the generator to learn from the feedback labels
information better. Following Salimans et al. [157], the categorical dis-
criminator is modified such that D becomes the standard supervised
classifier with K outputs, D : RH×W×C → RK. Let lk(x) ∈ D(x) be
the output of D(x) at class k without activation function and x is an
input image (either from real data or generator). The probability dis-
tribution over K classes is given as p(c|x), such that the predicted
probability for each class k is defined as a Softmax function,

p(ck|x) = elk

∑K
i=1 eli

(15)

The binary adversarial prediction y, which is the inverse of K + 1th
output, is then formulated as the probability distribution function
p(y|x):

p(y|x) = Z(x)
Z(x) + 1

(16)

where Z(x) = ∑K
i=1 eli and p(y|x) = 1 infers that the image x is real.

The benefit of such setting is that the number of parameters can be
reduced to relax the overparametrization problem without changing
the output of the Softmax, conceptually. Detailed explanation is avail-
able in Appendix A. The D is then trained by minimizing the follow-
ing discriminator loss function LD,

LD =−E(x̂,ĉ)∼pdata

[ K

∑
i=1

ĉi log p(ci|x̂) + log p(y|x̂)
]

−Ez∼pnoise,c̄

[
log(1− p(y|G(z, c̄)))

]
(17)

where ĉ is the ground truth one-hot label of the given real image
x̂. The generator loss function LG to be minimized for training G is
defined as,

LG =−Ez∼pnoise,c̄

[ K

∑
i=1

c̄i log p(ci|G(z, c̄)) + log(p(y|G(z, c̄)))
]

(18)

Inspired by recent works [199, 217, 13], another discriminator vari-
ant named categorical autoencoder-based discriminators is proposed by
incorporating an autoencoder into the categorical discriminator for
additional complementary information. The core idea of implement-
ing autoencoder in the discriminator is that reconstruction-based out-
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Figure 25: Different ArtGAN variants (bottom) compared to the state-of-the-
art models (top). The discriminator in ArtGAN outputs the class
predictions and the loss function is computed from the true la-
bels, instead of taking the true labels as input as depicted in
the CondGAN. Hence, the true labels can be leveraged to train
the discriminator and generator. Meanwhile, ArtGAN-EB and
ArtGAN-AE share the same model, which combines ArtGAN
and EBGAN by sharing the encoder. However, decoder in the
ArtGAN-AE is not trained using the generated samples, contrast
to the ArtGAN-EB. The ArtGAN-DFM depicts the extension from
DFM with conditional settings.

put offers diverse targets and produces very different gradient di-
rections within the minibatch. This conceptually improves the effi-
ciency and effectiveness when training a GAN model. As shown in
Figure 24, the categorical discriminator and the encoder in the autoen-
coder share the same weights, rather than deploying two separate
computationally expensive networks. The formulations of the cate-
gorical autoencoder-based discriminators are described in three ways.
The first two types, namely as the ArtGAN-EB and the ArtGAN-AE
are implemented using the pixel-level autoencoder, similar to the
EBGAN [217]. However, these two models are differed by the dis-
criminator loss functions formulation. The third type, namely the
ArtGAN-DFM is an extension of the Denoising Feature Matching
(DFM) [199] to a conditional setup, forming a Conditional DFM. The
ArtGAN variants are summarized in Figure 25 and the formulation of
the loss functions will be described next in detail. Meanwhile, anal-
ysis and comparisons between these ArtGAN variants will be dis-
cussed in the experiment section.

ArtGAN-EB: EBGAN [217] is formulated according to the energy-
based models by replacing the discriminator with an autoencoder,
such that DAE(·) = Dec(Enc(·)), where Dec and Enc are the decoder
and encoder, respectively. The discriminator loss LDeb in the EBGAN
is given as,
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LDeb =Ex̂∼pdata

[
||DAE(x̂)− x̂||

]

+ Ez∼pnoise

[
max(0, m− ||DAE(G(z))− G(z)||)

]
(19)

where || · || is an Euclidean norm, and m as a positive margin. While
the generator loss LGeb is formulated as,

LGeb = Ez∼pnoise

[
||DAE(G(z))− G(z)||

]
(20)

In order to formulate a conditional energy-based loss function, ArtGAN-
EB propose a novel discriminator loss function LDebc as,

LDebc = LD + LDeb (21)

While, the new generator loss LGae is defined as,

LGae = LG + LGeb (22)

ArtGAN-AE: The discriminator loss is similar to LDebc, except that
the generated images are not used as adversarial samples to update
the decoder. This was inspired by DFM [199] to use the autoencoder
as a source of complementary information when updating the genera-
tor, instead of using the autoencoder as an adversarial function (as
in [217]). Hence, the discriminator loss LDae of ArtGAN-AE is formu-
lated as,

LDae = LD + Ex̂∼pdata

[
||DAE(x̂)− x̂||

]
(23)

Meanwhile, ArtGAN-AE uses equation 22 described in ArtGAN-EB
as the generator loss function.

ArtGAN-DFM: In DFM [199], an additional denoising autoencoder
(or denoiser) r(·) is employed to update the generator. The denoiser
is trained separately from the discriminator. In specific, the denoiser
is trained on the discriminator’s hidden state when evaluated on the
training data. Formally, D is updated according to Eq. 9. Given that
Φ(·) is a hidden state from D(·), the denoiser is trained by minimiz-
ing the following loss function Lr,

Lr = Ex̂∼pdata

[
||Φ(x̂)− r(Φ(x̂))||

]
(24)

Then, the generator is trained with the loss function LGd f m,

LGd f m =Ez∼pnoise

[
λdenoise||Φ(G(z))− r(Φ(G(z)))||

− λadv log D(G(z))

]
(25)
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Figure 26: Magnified learning using overlapped average pooling. Pixels in the

same block from B (e. g.[B1, ..., B9]) will vote for one pixel in A
(i.e. A1) through averaging. During training, the same gradient
(i.e. from A1) will be backpropagated to all pixels in the block (i.e.
[B1, ..., B9]), which helps the pixels in B to learn better correlations
between themselves. Similarly, the neighbouring pixels in A will
also be correlated due to the overlapped pooling operation.

The authors [199] suggested to fix λadv = 1 and set λdenoise = 0.03/nh,
where nh is the number of discriminator hidden units fed to the de-
noiser as input. Here, the modification is straightforward using the
categorical discriminator as the discriminator network. Hence, the
discriminator loss is same as Eq. 17, and the denoiser loss remains
unchanged (Eq. 24). While, the generator loss LGd f mc for the condi-
tional DFM is defined as,

LGd f mc = Ez∼pnoise

[
λdenoise||Φ(G(z))− r(Φ(G(z)))||

]
+ LG (26)

4.2.2 Magnified Learning

In order to synthetically generate high quality image, this work pro-
poses a novel learning scheme called magnified learning. The motiva-
tion behind the proposed magnified learning is to generate a set of
pixel values to vote for a single pixel. In this context, the proposed
magnified learning is defined as “a process of training a generative model
by generating samples at higher dimensional feature space, while evaluate the
samples at original dimension (i.e. same as the true data)”.

In specific, suppose a generator in the traditional GAN trained on
CIFAR-10 usually generates 32× 32 pixels images, G : z → R32×32×C.
By using magnified learning, the generator is formulated to generate
64× 64 pixels images, G : z → R64×64×C. This can be done by adding
an extra upsampling layer between the existing layers in the generator.
Meanwhile, the input image size of the discriminator remains the
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same as to the original size, such that D : R32×32×C → RK. When
evaluating the generated samples with the discriminator, the samples
are downsampled, such that π : R64×64×C → R32×32×C where π(·) is
a downsampling operation.

In this work, overlapped average pooling is used as the downsam-
pling operation. This pooling operation can be viewed as a form of
voting system, as shown in Figure 26. An advantage of this design is
that the correlations between the neighbouring pixels can be learned
better. This helps the model to learn to draw finer details, resulting
in improved image quality. Overlapping the pooling operations dis-
courages the generator to compute pixel values that collapse within
the same block, i.e. pixels of the same pooling block have exactly
same value. Overall, by using overlapped average pooling in magni-
fied learning, the generator is regularized with two seemingly con-
tradictory constraints: 1) the pixels within the same pooling block
should have similar values so that the generated image looks smooth
across same color (i.e. the blue coloured sky looks smooth); 2) these
pixels must not be naively computed to produce exactly same value
that could cause excessive artefacts in the image.

In addition, the magnified learning also supports generating im-
ages at higher resolution without the need of using dataset that con-
tains high resolution images. Unlike PPGN [127] which requires a
computationally expensive recurrent sampling procedure to generate
one image, ArtGAN with magnified learning, namely as the ArtGAN-
M is able to generate high quality images at high resolution in one-
shot. It can be argued that one-shot procedure is more desired when
a model is deployed in a real-world application as not all embedded
systems has high computational power, for instance a mobile device.

4.3 experiments and discussions

4.3.1 Experimental settings

This section describes the settings that are shared by all experiments
in this chapter, unless stated otherwise. All networks are trained with
the Adam optimizer [93] with initial learning rate of 0.0002, β1 = 0.5,
and minibatch size of 100. The learning rate is decreased once by
a factor of 10 after iteration 30, 000. Input noise vector z is a 100-
dimensional multivariate random variable sampled using an i.i.d. uni-
form distributed random generator U(−1, 1). Instance noise [166] is
implemented in all discriminators for better training stability. During
magnified learning, all samples are generated at twice as high as the
resolution of the non-magnified learning counterparts. For fair com-
parisons, this work run one gradient descent step for each player in
each iteration. This usually works better than running more steps of
one player than the other [52]. In practice, it is very difficult to de-
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termine how many more steps to run as the performance is usually
inconsistent with the same setting on different datasets. The rest of
the settings will be described in other sections. The experiments were
conducted using Tensorflow [2] with one Titan X (Maxwell) GPU.

In order to assess the performance of the proposed models, Incep-
tion score is adopted [157] for quantitative measurement. Intuitively,
Inception score measures the objectness by minimizing entropy per-
sample posterior (i.e. each sample is classified with high certainty),
as well as the class diversity by maximizing the entropy aggregate pos-
terior (i.e. the classifier used in Inception score identifies wide variety
of classes among the samples). However, the class diversity metric be-
comes meaningless in the conditional setting as the conditional gen-
erative models will almost always generate visually different images
for different modes. In addition, the class diversity metric can be mis-
leading, i.e. it can be maximized (higher is better) and fooled when
the generated samples have uniform distribution across all classes
prediction. Hence, the measurements are split (objectness and class di-
versity metrics) when the scores are reported for a better performance
assessments.

Since Inception score is measured mainly based on the objectness
of an image, therefore it is unsuitable for assessing the model perfor-
mance on the artworks. Meanwhile, evaluation of generative model
based on the state-of-the-art log-likelihood estimates can be mislead-
ing [188]. Hence, the comparative studies are first conducted using
the objectness metric from Inception score on CIFAR-10 [96] and STL-
10 [24] datasets. The experiments report state-of-the-art results on
these datasets based on the objectness and Inception scores. Then,
Wikiart dataset [156, 185] is used to train the best model found for art-
works synthesis based on the genres, artists, and styles. In addition,
this work also trained the model on Oxford-102 [128] and CUB-200
[194] for additional performance assessments.

Similar design to BEGAN [13] is used by employing nearest neigh-
bour upsampling instead of strided deconvolution layer in the gen-
erator as suggested by Odena et al. [132] in order to avoid checker-
board artifacts. Between the upsampling layers are at least one layer
of convolutional layer. The discriminator has the same design as to the
traditional GAN with multiple layers of strided convolutional layers.
Batch normalization and leaky ReLU are used for both the discrim-
inator and generator. Detailed network descriptions and additional
generated samples are available in the Appendix C and Appendix
D. Codes are made available in: https://github.com/willtwr/ArtGAN.
The list of models to be evaluated are as follows:

1. ArtGAN - Baseline model.

2. ArtGAN-EB - The first type of categorical autoencoder-based
discriminator.
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3. ArtGAN-AE - The second type of categorical autoencoder-based
discriminator.

4. ArtGAN-DFM - The third type of categorical autoencoder-based
discriminator.

5. ArtGAN-M - ArtGAN with magnified learning.

6. ArtGAN-D - ArtGAN with deeper architecture (more layers and
number of parameters). This is implemented to verify that net-
work size is not the main factor that contributes to the improve-
ments observed in the experiments when using magnified learn-
ing.

7. ArtGAN-AEM - ArtGAN-AE with magnified learning.

8. ArtGAN-AEMT - Huang et al. [75] employed a trick by updat-
ing more steps for the generator per each discriminator update
step. Although it is hard to determine number of steps, their
setup seems to work well for CIFAR-10. Hence, the same set-
ting is employed in the CIFAR-10 experiment.

4.3.2 Evaluation and quantitative metric

Evaluation of a generative model is extremely difficult as it is still
not clear how to quantitatively evaluate a generative model. This is
due to the difficulty in estimating the intractable log-likelihood in
many models [188]. The most widely used log-likelihood estimator is
the Parzen window estimates [136]. However, Theis et al. [188] con-
vincingly argued that this estimator can be quite misleading for high-
dimensional data. Recently, Salimans et al. [157] proposed a different
way to assess image quality by using the Inception score (higher is
better). The formulation of the Inception score is defined as:

I({x}N
1 ) = exp(E[DKL(p(y|x)||p(y))])
≈ exp(−E[H(p(y|x))] + E[H(Ex(p(y|x)))]) (27)

where H(·) is the Shannon entropy and DKL(·) is the KullbackLeibler
divergence. As aforementioned, this metric measures the objectness in
the first term (lower is better) and class diversity in the second term
(higher is better) of the samples, which can be misleading when the
class diversity metric is fooled. One of this case can be seen in the ex-
periments when comparing ArtGAN (baseline) and ArtGAN-EB in
Table 2. Although ArtGAN-EB performed better than ArtGAN with
higher Inception score (8.26 by ArtGAN-EB compared to 8.21 by Art-
GAN), it has worse objectness score (33.51 by ArtGAN-EB compared
to 33.24 by ArtGAN). It is clear that the class diversity score in the
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ArtGAN-EB unreliably affected its Inception score as higher class di-
versity score can also imply that the objects in the generated images
are hard to recognize. This is especially true when the model has the
worst score in the objectness metric. Nonetheless, Inception score is
still a preferred metric due to the lack of a better alternative for the
quantitative measurement. Hence, this work adopts Inception score
but the performance assessment is done mainly based on the object-
ness score since it is a more reliable metric.

In addition, the generated images will be displayed for visual in-
spection as human evaluation is always more accurate when access-
ing the image quality, though can be subjective at times. Further-
more, latent space interpolation on the proposed ArtGAN-AEM is
performed to “probe” the structure of the latent space z. The smooth
transitions between samples when the latent space is interpolated
usually indicates how well the generative models understand the
structure of the images.

4.3.3 CIFAR-10

CIFAR-10 [96] is a small, well-studied dataset consisting 32× 32 pix-
els RGB images. It is split into 50,000 training images and 10,000 test
images from 10 classes: airplane, automobile, bird, cat, deer, dog, frog,
horse, ship, and truck.

The models are trained on full image size, i.e. 32× 32 pixels, while
the generator generates 64× 64 pixels images during magnified learn-
ing. The models are trained for 70,000 iterations and saved every 1,000
iterations. As shown by Gulrajani et al. [57], the Inception scores of
the generative models continue to oscillate with non-negligible am-
plitude at convergence. Hence, best models found based on the ob-
jectness score are reported in Table 2 along with the state-of-the-art
results. Generated samples are shown in Figure 27.

4.3.4 STL- 10

STL-10 [24] is a dataset inspired by CIFAR-10 with higher image res-
olution of 96× 96 pixels. It contains fewer labelled training examples
and a very large set of unlabelled examples. Although STL-10 is pri-
marily used for developing unsupervised features learning, this work
stays focus on the goal of this thesis and use STL-10 for conditional
image synthesis in a supervised fashion. In particular, this work only
used the labelled examples during training, which contains only 5,000
samples from 10 classes: airplane, bird, car, cat, deer, dog, horse, mon-
key, ship, and truck, which makes STL-10 a more challenging dataset
than CIFAR-10.

During training, 84× 84 pixels images are randomly cropped from
the 96× 96 pixels images, then the images are resized and trained at
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Table 2: Inception scores on CIFAR-10 evaluated at 32× 32 pixels. Scores are
reported in the form of mean score±std. In the proposed methods,
other scores are reported in the form of objectness(class diversity).

Model Scores

Unlabelled

Infusion training [15] 4.62± 0.06

ALI [42] (as reported in [199]) 5.34± 0.05

BEGAN [13] 5.62

GMAN [44] 6.00± 0.19

EGAN-Ent-VI [30] 7.07± 0.10

LR-GAN [207] 7.17± 0.07

Denoising feature matching [199] 7.72± 0.13

Labelled

SteinGAN [196] 6.35

DCGAN (as reported [196]) 6.58

Improved GAN [157] 8.09± 0.07

AC-GAN [133] 8.25± 0.07

SGAN [75] 8.59± 0.12

Proposed methods

ArtGAN (baseline)
8.21± 0.08

33.24 (272.90)

ArtGAN-EB
8.26± 0.10

33.51 (276.60)

ArtGAN-AE
8.43± 0.09

31.09 (262.04)

ArtGAN-DFM
8.25± 0.09

33.34 (274.99)

ArtGAN-M
8.50± 0.06

30.19 (256.62)

ArtGAN-D
8.29± 0.10

33.30 (276.15)

ArtGAN-AEM
8.53± 0.09

30.07 (256.42)

ArtGAN-AEMT
8.81± 0.14

30.65(269.83)

Real data
11.24± 0.12

24.32 (271.76)
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(a) ArtGAN (32× 32) (b) ArtGAN-AE (32× 32)

(c) ArtGAN-M (64× 64) (d) ArtGAN-AEM (64× 64)

Figure 27: Generated CIFAR-10 images. From top to bottom: (1) Airplane,
(2) Automobile, (3) Bird, (4) Cat, (5) Deer, (6) Dog, (7) Frog, (8)
Horse, (9) Ship, (10) Truck.
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64× 64 resolution. Note that different areas are cropped in different
iterations. The models trained using magnified learning will generate
samples at 128 × 128 pixels resolution. All models are trained for
50,000 iterations. Similar to CIFAR-10, models are saved every 1,000
iterations and the best models are reported. Generated samples are
shown in Figure 28, while the Inception scores are reported in Table
3.

Table 3: Inception scores on STL-10 evaluated at 64× 64 pixels. Readers may
refer to Table 2 for scores descriptions.

Model Scores

ArtGAN (baseline)
9.72± 0.14

31.03 (301.63)

ArtGAN-EB
9.73± 0.12

30.22 (293.89)

ArtGAN-AE
9.65± 0.08

31.04 (299.50)

ArtGAN-DFM
9.63± 0.09

31.25 (300.89)

ArtGAN-M
10.12± 0.09

29.05 (293.90)

ArtGAN-D
9.87± 0.09

31.03 (306.39)

ArtGAN-AEM
10.07± 0.09

28.18(283.81)

Real data
15.48± 0.76

15.04 (232.17)

4.3.5 Empirical studies and analysis

This section focuses on evaluating and comparing the performances
of the proposed models on CIFAR-10 (Table 2) and STL-10 (Table
3) datasets. Note that the performances are evaluated based on the
objectness metric, unless specified otherwise. First, the performance
of magnified learning can be assessed by comparing the ArtGAN-
M and the ArtGAN-D. Note that the ArtGAN-D is not overfit since
its performance is similar to the baseline (ArtGAN). In addition, the
ArtGAN-D has more number of parameters than the ArtGAN-M.
Hence, it is clear that the additional parameter numbers are not the
main factor that contribute to the improvement in the ArtGAN-M.
These results also show that magnified learning improves the gener-
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(a) ArtGAN (64× 64) (b) ArtGAN-AE (64× 64)

(c) ArtGAN-M (128× 128) (d) ArtGAN-AEM (128× 128)

Figure 28: Generated STL-10 images. From top to bottom: (1) Airplane, (2)
Bird, (3) Car, (4) Cat, (5) Deer, (6) Dog, (7) Horse, (8) Monkey, (9)
Ship, (10) Truck.
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ated image quality with significantly better objectness and Inception
score when compared to the ArtGAN baseline.

On the other hand, the ArtGAN-DFM performed slightly worse
than the baseline. In the ArtGAN-DFM, the features fed to the de-
noiser are extracted from the discriminator which is still in training.
Hence, it can be speculated that measuring the loss using these under-
developed features can cause instability when training the denoiser
and generator. Therefore, it is encouraged to compute the losses by
leveraging the true data directly. Meanwhile, performance inconsis-
tency can be seen in the ArtGAN-EB, where it performed better on
one dataset but worse on the other. This suggests that additional ad-
versarial loss does not always complement a model. This is because
the underdeveloped adversarial samples may provide noisy informa-
tion that can hamper the training process. Hence, extra adversarial
loss can aggravate this problem. Without the aforementioned prob-
lems, the ArtGAN-AE exhibited more consistent performances with
either better or comparable scores. Readers should note that this work
tried to train another model using only the Energy-based adversarial
loss (traditional adversarial loss is removed). The results showed that
this model failed to learn, producing collapsed and meaningless im-
ages. This hints that traditional adversarial loss is still a better choice
for adversarial training in the settings. Hence, ArtGAN-AE model is
used for the rest of the experiments.

Nonetheless, ArtGAN-AEM, which is the ArtGAN-AE with mag-
nified learning, achieved the best results with consistent and signifi-
cant improvements. Using the trick aforementioned, ArtGAN-AEMT
achieved Inception score of 8.81 on CIFAR-10, outperforming SGAN
[75] (8.59) and AC-GAN [133] (8.25) and achieves state-of-the-art re-
sult. However, it performed worse than ArtGAN-AEM in terms of
objectness score. This again shows the unreliability of the Inception
score. The trick is not used in STL-10 as this work found out that the
trick leads to mode collapse in this dataset.

Unlike other datasets such as CUB-200 and Oxford-102 where their
classes are meta-classes of a same object category (i.e. different types
of birds in CUB-200 and different types of flowers in Oxford-102),
CIFAR-10 and STL-10 contain different complex objects. Learning
these complex representations is difficult and becomes more challeng-
ing when the number of samples are as small as in STL-10. Interest-
ingly, the proposed models are able to produce many samples with
high visual fidelity, especially when magnified learning is employed
as shown in Figure 27-28. Particularly in CIFAR-10, the details are
drawn finer, e.g. cats are more recognizable with better ears shape,
most of the frogs are drawn with clear contour, etc. When examin-
ing the images at higher resolution (i.e. 64 × 64 for CIFAR-10 and
128× 128 for STL-10), it can be seen that the images are clearer and
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Figure 29: Sample generated images on Oxford-102 flowers. Left (red box):
Real samples; Middle (blue box): Generated samples (64 × 64);
Right: Generated samples (128× 128).

sharper without much artefacts. No mode collapse is observed in this
part of the experiments.

4.3.6 Oxford-102 flowers

Oxford-102 [128] consists of 102 flower categories, with around 40 and
258 images in each class. The images have large scale, pose, and light
variations and some categories are very similar to each other. The
model was trained for 30,000 iterations with learning rate reduced
after iteration 15,000. The images were saved at resolution of 256×
256 and randomly cropped to 224× 224. Then, the cropped images
are resized to 64× 64 for training.

Two experiments were conducted where the first experiment trained
with batch size of 102. In the generator, one sample is drawn for each
class during the training. This work found out that the image qual-
ity is high but it experienced mode collapse, i.e. generated images
look almost the same within same class. In the second experiment, 20
classes are randomly chosen in each iteration and hence, 5 samples
are drawn for each class during the training. This solves the mode col-
lapse problem, which suggests that more adversarial images should
be sampled for each class in the same iteration to learn more diverse
correlations between the latent codes and the image space. Sample
generated images can be visualized in Figure 29. Although the dis-
criminator performed poorly on classifying the flower species (∼ 50%
accuracy), the figures show that ArtGAN-AEM is able to generate
high quality flower images that look natural with distinctive species-
typical features, i.e. color and shape. More samples are presented in
Appendix D.
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Figure 30: Sample generated images on CUB-200 birds. Left (red box): Real
samples; Middle (blue box): Generated samples (64× 64); Right:
Generated samples (128× 128).

4.3.7 CUB-200

Caltech-UCSD Birds-200-2011 (CUB-200) [194] is an image dataset
with 200 bird species and a total of 11,788 images. It also has the anno-
tations for 15 part locations, 312 binary attributes, and one bounding
box per image. However, these attributes are not used in this work as
the design of the proposed model is not suitable for multi-label prob-
lem in its current state. Hence, the ArtGAN-AEM is trained based on
the 200 bird species classes.

The images are pre-processed in the similar way as to the exper-
iments on Oxford-102, i.e. model is trained at 64× 64 resolution af-
ter cropping and resizing. In order to avoid mode collapse as to ex-
perimenting the Oxford-102, the model follows the same settings by
randomly choosing 20 classes in each iteration with 5 samples per
class. Generated images sample are shown in Figure 30. Similar to
the Oxford-102 dataset, the discriminator has a poor performance on
bird species classification (∼ 20% accuracy). Interestingly, the figures
show that the proposed model is still able to recognize and draw the
characteristics of different bird species, i.e. colors, shape, and body
size. However, the body structures of the birds are not well learned.
More samples can be seen in Appendix D.

4.3.8 WikiArt

Wikiart is a fine-art paintings dataset first introduced by Saleh et
al. [156]. The paintings were obtained from the wikiart.org website.
Currently, Wikiart is the largest public dataset available that contains
around 80,000 annotated paintings for genres, artists and styles clas-
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sification tasks. However, not all paintings are used in all tasks. To be
specific, all paintings are used for 27 styles classification. But, there
are only 60,000 paintings annotated for 10 genres, and only around
20,000 paintings are annotated for 23 artists. The same extended ver-
sion of Wikiart dataset released from previous work in this thesis is
used.

The paintings were stored in 256 × 256 resolution and randomly
cropped to 224× 224 resolution, then resized to 64× 64 resolution for
training. Three different ArtGAN-AEM models were trained for dif-
ferent tasks (styles, genres, and artists) for 50,000 iterations. The results
are reported using the last updated models (i.e. models at iteration
50,000). In general, ArtGAN-AEM is able to learn artistic representa-
tions and generate high quality paintings. Detailed discussions are as
follows:

4.3.8.1 Genre

Generated paintings based on genre are visualized in Figure 31. Out
of the three tasks, categorizing genres is the easiest task [185]. Hence,
it is expected that ArtGAN-AEM is able to draw many meaningful
paintings based on the genre. For instance, anyone should be able to
differentiate abstract paintings, cityscape, landscape, and portraits from
other classes. The synthesized paintings show that ArtGAN-AEM is
able to recognize and draw high quality paintings on these genres.
An interesting observation can also be seen in genre painting. Not to
be confused with “genre”, “genre paintings” is the pictorial represen-
tation of scenes or events from everyday life, such as markets, parties,
etc. Hence, a group of people can usually be seen in this kind of
paintings. Figure 31 shows that ArtGAN-AEM is able to draw several
human-like figures in a few synthetic paintings. The model may not
be able to understand the true meaning of genre paintings, but it shows
that the model is able to find some similarities in genre paintings at
semantic level.

4.3.8.2 Artist

Figure 32 shows the synthetic paintings based on artist. Learning vi-
sual representations in this task is not impossible as artists usually
have their own preferences when deciding what to draw, what kind
of styles to use, etc. Hence, many visual similarities can be found be-
tween artworks of the same artist. First example can be seen in the
paintings of Nicholas Roerich. He is a Russian who settled in Himachal
Pradesh, India (a mountainous state) for a long time. Hence, many
of his famous masterpieces depict the beauty of the mountains with
expressive colors and fluid brushwork, as shown in the synthesized
paintings. Meanwhile, the figures also clearly show Gustave Dore’s pri-
mary approach in engraving, etching, and lithography, which result
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Figure 31: Generated genres images at 128× 128 pixels. From top to bottom:
(1) Abstract, (2) Cityscape, (3) Genre painting, (4) Illustration, (5)
Landscape, (6) Nude, (7) Portrait, (8) Religious, (9) Sketch and
study, (10) Still life.
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Figure 32: Generated artists images at 128× 128 pixels. From top to bottom:
(1) Albrecht Durer, (2) Boris Kustodiev, (3) Camille Pissarro, (4)
Childe Hassam , (5) Claude Monet, (6) Edgar Degas, (7) Eugene
Boudin, (8) Gustave Dore, (9) Ilya Repin, (10) Ivan Aivazovsky,
(11) Ivan Shishkin, (12) John Singer Sargent, (13) Marc Chagall,
(14) Martiros Saryan, (15) Nicholas Roerich, (16) Pablo Picasso,
(17) Paul Cezanne, (18) Pierre Auguste Renoir, (19) Pyotr Kon-
chalovsky, (20) Raphael Kirchner, (21) Rembrandt, (22) Salvador
Dali, (23) Vincent van Gogh.
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in greyish artworks. However, the model generated many colourless
paintings when conditioned on Vincent van Gogh. After some inves-
tigations, an interesting fact is found that more than half of his art-
works were annotated as sketch and study genre. By including all his
artworks, most Van Goghs palette consisted mainly of sombre earth
tones, particularly dark brown, and showed no sign of the vivid
colours that distinguish from his later work, e.g the famous The Starry
Night masterpiece. This explains the behaviour of the trained model,
but is not desired as the striking colour, emphatic brushwork, and the
contoured forms of his work that powerfully influenced the current
of Expressionism in modern art is not well-learned by the model. Eu-
gene Boudin is a marine painter and has always favoured rendering
the sea and along its shores in his artworks. Meanwhile, Ivan Shishkin
became famous for his forest landscapes. These preferences can be
seen in the synthesized paintings.

4.3.8.3 Style

Synthetic paintings based on style is shown in Figure 33. Out of the
three task, styles classification is seem to be the most difficult task. In
addition to the difficulty in recognizing Renaissance art as explained
previously, differentiating Baroque and Rococo is also challenging as
they are historically related. They are generally differentiated by the
“feelings” they give to their viewers. Baroque art often depicts violence,
darkness, and the nudes more plump than in Rococo works. During
mid-1700s, artists gradually moved away from Baroque into the mod-
ern Rococo style. Rococo art was often light-hearted, pastoral, and a
rosy-tinted view of the world. A subjective observation can be seen
in Figure 33 such that Baroque synthetic arts are drawn with darker
color than the Rococo counterparts. This suggests that ArtGAN-AEM
do learned some characteristics in these styles through the color in-
tensity. Meanwhile, Ukiyo-e is a type of Japanese art flourished from
the 17th through 19th centuries. Generally, Ukiyo-e is produced using
the woodblock printing for mass production and a large portion of
these paintings appear to be yellowish due to the paper material. Such
characteristic can be seen in the generated Ukiyo-e style paintings.

4.3.9 Latent space interpolation

Walking on the manifold of the latent space z can examines the signs
of memorization, i.e. sharp image transitions along the latent space
indicates high probability that the model is memorizing the true data
space. This is an undesired property as it also implies that the relation
between the latent codes and image space is not well learned. Figure
34 shows that the samples generated have smooth semantic changes
and look plausible. This indicates that the model is not memorizing
and has learned relevant, interesting, and rich visual representations.
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Figure 33: Generated styles images at 128× 128 pixels. From top to bottom,
Left: (1) Abstract Expressionism, (2) Action painting, (3) Analyt-
ical Cubism, (4) Art Nouveau, (5) Baroque, (6) Color Field Paint-
ing, (7) Contemporary Realism, (8) Cubism, (9) Early Renaissance,
(10) Expressionism, (11) Fauvism, (12) High Renaissance, (13) Im-
pressionism, (14) Mannerism Late Renaissance; Right: (15) Mini-
malism, (16) Naive Art Primitivism, (17) New Realism, (18) North-
ern Renaissance, (19) Pointillism, (20) Pop Art, (21) Post Impres-
sionism, (22) Realism, (23) Rococo, (24) Romanticism, (25) Sym-
bolism, (26) Synthetic Cubism, (27) Ukiyo-e.
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Figure 34: Interpolations over the latent space z. Samples show smooth tran-
sitions and each image looks plausible.

4.4 conclusions

This work proposed a novel GAN variant called ArtGAN by lever-
aging the labels information for better representation learning and
image quality. In addition, its extension called ArtGAN-AEM was in-
troduced by employing the proposed categorical autoencoder-based
discriminator and magnified learning. Empirical experiments showed
that the proposed ArtGAN-AEM is able to achieve state-of-the-art re-
sults on CIFAR-10 and STL-10 in terms of Inception score. Further-
more, the figures visualized in this work showed the superiority of
the proposed ArtGAN-AEM in generating high quality and plausibly
looking images. More importantly, the generated paintings showed
that ArtGAN-AEM is able to learn artistic representations from the
Wikiart paintings that are usually non-figurative and structured ab-
stract. ArtGAN-AEM is able to generate many high quality fine-art
paintings based on the given style, genre, or artist. For future work,
the author is looking forward to extend this work for other interest-
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ing applications, such as natural to artistic image translation based
on a desired semantic-level mode, e.g. style.





Part III

C O M P R E S S I O N O F D E E P M O D E L S

This part explores the model compression problem which
aims to reduce the network size in order to deploy the
trained deep models to real-world devices. More specifi-
cally, this work is interested in finding a better way for
weights pruning to reduce the number of weights in a
model, which are usually redundant.





5
D E E P C O M P R E S S I O N M O D E L

5.1 introduction

As the performance of the CNNs become more and more promising,
it is desirable to deploy them on embedded systems for practical use.
However, CNN requires intensive memory and computational cost,
where many embedded systems may not be able to cope with, specifi-
cally mobile devices. For example, the well-known CNN architecture
AlexNet [97] has 61 million parameters, and it requires more than
200MB memory space. Meanwhile, the VGG-16 model [163] has 138
million parameters and requires over 500MB memory. Downloading
any of these networks into the mobile device from digital distribution
platforms (e.g. Google Play or App Store) may be restricted due to the
large binary file size1. As a result, it is a great challenge to incorporate
CNNs into mobile apps.

Inspired by [34, 36] that demonstrated there is a significant redun-
dancy in the parameterization of deep learning models recently, net-
work compression has become a hot topic in the deep learning com-
munity. In this sense, it is possible to compress the CNN (i.e. prun-
ing the redundant parameters), while preserving its original accuracy.
The goal of this work is to study an efficient strategy to compress the
CNN model so that its memory and computational requirement can
be reduced significantly, while at the same time preserving its ac-
curacy. Interestingly, research in neuroscience has shown that the de-
velopment of the mammalian brain involves synaptic over-growth fol-
lowed by selective pruning [140, 138]. This phenomenon is also found
in human brain between early childhood and puberty [76, 77, 78].
Under limited metabolic energy resources restricting the amount and
strength of synapses, this phenomenon maximizes the memory per-
formance [20].

Inspired by this phenomenon, the CNN can also be compressed by
removing the weak connections in the network. However, determin-
ing the strength of the connections is difficult because the weights
have variable ranges in different layers, which will be discussed later.
While one can solve this problem by trial and error as in Han et al.
[60], it is extremely time consuming since the ranges are continuous
and hence are infinite sets. This work introduces an alternative solu-
tion such that the main idea is to discretize the ranges so that they

1 App Store has the restriction where any apps above 100MB may not be downloaded
until the device is connected to Wi-Fi.
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are reduced to a finite set. While there are many ways to do so, this
work will design the solution from the fuzzy logic perspective.

To this end, this work proposes a novel one-shot compression method
based on the fuzzy quantity space [162] to prune the redundant CNN
parameters. Similar to Han et al. [60], the procedure starts with learn-
ing the connectivity via normal network training. Next, all the weights
in the CNN model are fuzzified in the fuzzy quantity space, and re-
represented as fuzzy qualitative states. As such, similar weights will
be grouped together in the same qualitative states and this simplifies
the choice of threshold. The pruning process is performed accord-
ing to the chosen fuzzy qualitative states. It is important to note that
after the pruning process, the pruned weights will be removed per-
manently. This is different from dropout [170] where connections are
only randomly dropped during the training stage to avoid correla-
tions of weights. Finally, the network is retrained to learn the final
weights for the remaining sparse connections. The proposed strategy
is one-shot retraining, as opposed to [60] that used an iterative pro-
cess. Three representative CNNs (i.e. LeNet-5, VGGnet, and AlexNet)
are used on MNIST [102], CIFAR-10 [95] and ImageNet [153] datasets.
Experimental results show that the proposed one-shot fuzzy compres-
sion method managed to compress all these CNN representatives up
to 14× with a minimal loss of classification accuracy.

5.2 related works

Recently, deep learning has become the-state-of-the-art technique for
image classification problems [97, 181, 164] but the model is memory
and computational intensive. For example, running a CNN requires
a lot of memory bandwidth to fetch the network weights and a lot
of computations to perform the dot products that in turn consumes
considerable energy. Mobile devices are battery constrained, making
power hungry applications such as deep neural networks hard to de-
ploy. Energy consumption is dominated by memory access. Under
45nm CMOS technology, a 32 bit floating point ADD consumes 0.9pJ,
a 32bit SRAM cache access takes 5pJ, while a 32bit DRAM memory
access takes 640pJ, which is 3 orders of magnitude of an ADD opera-
tion. Large networks do not fit in on-chip storage and hence require
the more costly DRAM accesses. Running a 1 billion connection neu-
ral network, for example, at 20fps would require (20Hz)(1G)(640pJ) =
12.8W just for the DRAM access - well beyond the power envelope of
a typical mobile device.

Studies on neural networks can always be related to the biologi-
cal processes in the brain as neural networks were inspired by the
human’s central nervous systems. Hence, the overparameterization
in neural networks can be seen as a resemblance in the brain devel-
opment, where the over-growth of synapses occurs [140, 138]. How-
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ever, the limited energy resources in the brain restricted the amount
of synapses, resulting in the necessity of synapses pruning [20]. In
this regard, an interesting study was shown by Chechik et al. [21],
where weaker synapses are removed for optimal synaptic modifica-
tion during massive synaptic pruning. Inspired by this phenomenon,
pruning in the neural network has been studied in early 90s to re-
duce the complexity of the neural network. Early approaches include
biased weight decay [61] and shadow array [89]. Optimal Brain Dam-
age [105] and Optimal Brain Surgeon [62] were proposed to prune
the networks based on Hessian of loss function for more accurate
pruning. However, second-order derivative requires additional com-
putation and calculation of Hessian matrix becomes infeasible when
the network is very large.

Meanwhile, other attempts for network compression that are not
focusing on weights pruning were introduced. Gong et al. [51] pro-
posed vector quantization to compress the CNN parameters. Hash-
Net [23] is a recent work that implements hashing tricks so that
weights are approximated and shared, limiting memory overhead.
[59] compressed a CNN model up to 49× without loss of accuracy.
This is done by incorporating parameters pruning [60] with network
quantization (reducing number of bits required [27]), weight shar-
ing [23] and Huffman coding [192]. The work shows that different
type of compression methods complement each other when used to-
gether. Data-free parameter pruning [169] was proposed to prune the
neurons instead of weights by wiring similar neurons together. The
approach achieved 1.5× compression rate with some loss of accu-
racy. Deep Fried Convnets [210] prunes the network to less than 4×
compression rates with no loss of accuracy but only works on fully-
connected layers. Collins and Kohli [25] proposed a memory bounded
CNN that reduces the memory consumption by a factor of four with
minimal accuracy loss.

Focusing on weights pruning, a recent and very successful pruning
method was proposed by Han et al. [60]. They pruned the CNN repre-
sentatives using a simple thresholding method, i.e. prune those CNN
weights that are lower than a pre-determined threshold. The work
achieved a reduction in the network size up to 13× without loss of
accuracy. Although they achieved excellent performance with mas-
sive weights pruning, a trial-and-error process (i.e. iterative pruning
process) is required to find the optimal threshold for pruning. In con-
trast to their work, this work aims to find a simple yet effective way
for parameters pruning without the need of excessive trial-and-error
step.
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5.3 fuzzy quantity space revisit

In general, fuzzy quantity space (FQS) [114] was introduced to re-
place the conventional Cartesian space into fuzzy qualitative Carte-
sian space. A FQS is generated by a finite discrimination of the un-
derlying range of each variable of a system being modelled. The FQS
will have the desirable properties of finiteness and coverage, as long
as the system contains a finite number of variables. Granularity in
the FQS is obtained by the arbitrariness of the discrimination of the
numeric ranges of system variables that are assumed to be of interest.
Hence, a subset of a numeric range can be translated to one qualita-
tive value according to what is needed in a particular modelling pro-
cess, such that the extensions of a single qualitative intention may be
rather different. The adoption of fuzzy subsets has a direct distinct ad-
vantage over the traditional crisp representations when considering
granularity.

In fact, if one intends to describe the qualitative values of system
variables only in terms of the crisp subsets of the underlying real
range of the variables, the mapping from the real range to a quan-
tity space will result in the search for the limits of the real numbers
served as the boundaries between (dis-jointly) adjacent qualitative
values within the quantity space. This usually incurs severe difficul-
ties in determining these limits [162]. The fuzzy representation of
qualitative values is more general than ordinary (crisp) interval rep-
resentations, since it can represent not only the information stated
by a well-determined real interval but also the knowledge embedded
in the soft boundaries of the interval. Thus, FQS removes, or largely
weakens (if not completely resolving), the boundary interpretation
problem, achieved through the description of a gradual rather than
an abrupt change in the degree of membership of which a physical
quantity is mapped onto a particular qualitative value. It is, therefore,
closer to the common sense intuition of the description of a qualita-
tive value.

This definition on a FQS is given in a general form such that the
operations performed within such a quantity space, consisting of nor-
mal and convex fuzzy numbers with arbitrary forms of distribution.
As a matter of fact, operations on fuzzy qualitative values are based
upon the extension principle outlined in [162]. This principle is in-
voked every time an arithmetic operation is performed and requires
expensive calculation. Also, the computational implementation of the
calculation with arbitrary membership distributions of fuzzy num-
bers can only be done in a discrete domain obtained by sampling
the original continuous distribution. The use of the extension prin-
ciple with sampled membership distributions generates a consider-
able increase in the discrete samples of the result, and furthermore,
only some of the resulting samples are correct. Fortunately, more effi-
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Figure 35: Examples of the fuzzy quantity space with different number of
components N and M.

cient approaches to characterise fuzzy numbers have been developed.
These approaches utilise a parametric approximation of the member-
ship function where the membership distribution of a normal convex
fuzzy number is approximated by the 4-tuples, [a, b, α, β]. The mem-
bership function for FQS is then defined as:

μA(x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

0 , x < a− α

α−1(x− a + α) , x ∈ [a− α, a]

1 , x ∈ [a, b]

β−1(b + β− x) , x ∈ [b, b + β]

0 , x > b + β

(28)

In the recent trends, 4-tuples fuzzy numbers have been utilized in
constructing the fuzzy quantity space that endowed with the capabil-
ity to model the uncertainties. As aforementioned, it is replacing the
conventional Cartesian space into fuzzy qualitative Cartesian space
and has been contributed in many ways [114, 19, 112]. Here, a brief
explanation on the construction of FQS will be provided in terms of
its architecture and the advantages. To begin with, lets denote FQS
with Q which is composed from an orientation component Qo and
the translation component Qt,
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Q =
{

Qo, Qt} (29)

where

Qo = {QSo(θm)} , where m = 1, 2, 3, · · · , M

Qt = {QSt(ln)} , where n = 1, 2, 3, · · · , N

QSo(θm) denotes the state of an angle m, QSt(ln) denotes the state
of a distance ln , M and N are the number of the elements of the
two components. Figure 35 shows some examples of the Qo and Qt

with different number of respective components. The position mea-
surement of P(QSo(θm), QSt(ln)) is determined by both the charac-
teristics of the fuzzy tuple of QSo(θm) and QSt(ln). For example, an
origin is represented as P0 = (X0, Y0) = ([0 0 0 0], [0 0 0 0]).

5.4 methodology

This section describes the implementation of the proposed method.
This work employed AlexNet [97], VGG-8, and LeNet-5 [102] to test
the proposed method. First, the networks are trained through the
standard training procedure as described in Chapter 2.3. Then, Fuzzy
Qualitative Pruning is performed on these pre-trained deep models to
compress the network size. Finally, the networks are retrained in one
shot to finetune the remaining weights. Next, the proposed pruning
procedure will be described in detail.

5.4.1 Fuzzy Qualitative Pruning

In this phase, redundant weights are pruned in order to compress
the network. The idea is to prune small-weight connections because
these connections are usually too weak to contribute to the com-
putations. This is similar to the biological phenomenon mentioned
in Section 5.2, where weak synapses are removed. Specifically, let
Wl = {wl

1, · · · , wl
n} be n weights at layer l. The weights will be clus-

tered into k FQSs and assigned with an index c ∈ {1, · · · , k}, such
that n � k. This can be done by checking if the weight wl

i is in a pre-
defined range of c. However, setting this interval is a difficult task
because weights have variable ranges in different layers.

In order to tackle this problem, a simple and effective way is to
normalize the weights:

ŵl
i =

|wl
i |

max |Wl | (30)

where ŵl
i is the normalized weight of i weight and | · | denotes element-

wise absolute value. Note that in the convolution layer, the denomi-
nator is obtained by maximizing all weights across all feature maps
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(a) Classicial solution: Pruning by Weights (τ = 0.1)
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(b) The proposed: Fuzzy pruning (τ = QS(1))

Figure 36: Diagram for two different pruning approaches. The ’x’ and ’o’
infer the pruned weights. ’o’ refers to the differences between the
pruning approaches.

in each layer. This allows all weights in the same feature map to be
pruned if they are all very small with respect to the maximum weight
in the layer. Then, the weight can be assigned with a FQS index ac-
cording to the following:

cl
i =

⎧⎨
⎩j, j−1

k ≤ ŵl
i <

j
k , ∀j ∈ {1, . . . , k}

k, ŵl
i = 1

(31)

This is equivalent to a 4-tuple representation of [ j−1
k , j

k , 10−5,−10−5]

for all μj(ŵ), except [ k−1
k , 1, 10−5, 10−5] when j = k.

The next step is to prune the weights according to their FQS in-
dices. Specifically, for all weights wl

i where cl
i ≤ τ, the weights or

connections are removed from the network. For example in Figure 36,
given the learned weights in a layer with one feature map, the pro-
posed method first represents the weights in FQS, e.g. 0.1 → QS(2),
0.69 → QS(10), etc. Then, with τ = QS(1), all weights in QS(1) are
removed from the network and the remaining weights are retained as
to their original weight values. Notice that the weights in this exam-
ple vary from very small value (10−9) to larger value (0.76). Consider
when the range is between 10−9 and 10−2, pruning by weights with
the same setup as illustrated in Figure 36a (τ = 0.1) will result in
pruning all weights in the layer. However, this will not happen in
the proposed fuzzy pruning strategy because all the weights will be
associated in different FQS indices according to the new maximum
weight value.
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5.4.2 One-Shot Pruning

Finally, the network is retrained to learn the final weights for the
remaining sparse connections. Here, the iterative pruning [60] is not
used but a more aggressive approach is employed by doing one time
massive pruning (one-shot pruning). This is because in the iterative
pruning process, an iteration consists of a pruning step followed by
fine-tuning, where a list of values for τ are chosen in each layer. Then,
trade-off curves are drawn based on the τ values after finetuning and
the best performing model is kept for the next iteration. This process
is repeated until the minimum number of parameters is found with
minimal accuracy loss. Although this approach is useful to find the
best model with maximal pruning, it is computationally expensive 2.

5.5 experiments and discussions

Three representative CNN models are used as the baseline architec-
tures in the experiments. AlexNet [97] as described in Chapter 3 is em-
ployed on both the ImageNet and Wikiart datasets. Instead of training
the model from scratch, the trained model from the Caffe model zoo
[84] is utilized. This work also employed LeNet-5 [102] on the MNIST
dataset and designed a small VGG-like network [164] on the CIFAR-
10 dataset. All experiments were conducted in Ubuntu 14.04 with a
Tesla K40 GPU.

5.5.1 MNIST Dataset

MNIST is a handwritten digits dataset containing 10 classes, i.e. hand-
written digits between 0 and 9. This dataset has 60,000 examples for
training and 10,000 examples for validation. The digits have been cen-
tered in the 28× 28 fixed-size images. In the experiments, the black
and white images from the MNIST dataset were size-normalized and
anti-aliased, introducing grayscale levels in the images.

LeNet-5 [102] is a small convolutional network with two convolu-
tional layers (conv1 and conv2) and two fully-connected layers (fc3
and fc4) as described in Chapter 2.3. This architecture serves as the
baseline and achieved 0.83% error for MNIST. Then, this LeNet-5 is
pruned using the proposed method (i.e. a reduction of 14 times) and
achieved error rate of 0.84%, which has comparable results to the orig-
inal network as shown in Table 4. Although the state-of-art approach
[60] achieved better performance, the compression rate is higher than
[60] (14× vs. 12×). Compensating a small error margin (0.06%) in re-
turn for a higher compression rate, the proposed method has shown
its effectiveness in the overall performance. Figure 37 shows some
of the misclassification examples using the proposed method. It can

2 The work [60] reported a total of 173 hours was used for iterative pruning
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Table 4: Results comparison between the original and pruned LeNet-5 [102]
in MNIST dataset. Note that the proposed implementation of the
LeNet-5 has a slightly different result compared to [60] due to dif-
ferent random seed used.

Deep Compression # weights Compression Error

Architecture Approach (in thousand, K) Rate

LeNet-5 [60] None 431K 1× 0.80%

LeNet-5 [60] Deep compression 36K 12× 0.77%

LeNet-5 (Ours) None (baseline) 431K 1× 0.83%

LeNet-5 (Ours) Fuzzy Pruning 30K 14× 0.84%

Table 5: Number of parameters (in thousand, K) retained in LeNet-5 for
MNIST after the proposed fuzzy pruning strategy.

Layer # weights (original) τ # weight retained (%)

conv1 0.5K 5 66.2

conv2 25K 10 20.0

fc3 400K 25 5.32

fc4 5K 10 70.1

Total 431K - 6.99

Figure 37: Examples of classification results in MNIST dataset. (Top) Cor-
rectly predicted classes (0-9 from left to right). (Bottom) Misclas-
sified examples. The true classes are [5, 6, 7, 5, 9, 9, 5, 2, 3, 8],
respectively.

be seen that those misclassifications indeed are very fuzzy, and even
human might have difficulty to identify them correctly. For example,
the “3” that the proposed system misclassified as “5”, the “5” → “3”,
“6” → ”0” and “4” → “9”. The number of parameters pruned in each
layer is shown in Table 5.

5.5.2 CIFAR-10 Dataset

CIFAR-10 is a dataset with 32× 32 pixels colour images. It contains
60,000 images in 10 classes, with 6,000 images per classes. During the
experiment, the dataset is split into 50,000 training images and 10,000
validation images, randomly. In this experiment, in order to avoid
network overfitting, data augmentation (i.e. horizontal reflection) that
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Figure 38: An illustration of the VGG-8 architecture.

Table 6: Results comparison between the original and pruned VGG-8 in
CIFAR-10 dataset. (In bracket) for the compression rate column ded-
icates compared to.

Deep Compression # weights Compression Accuracy

Architecture Approach (in Million, M) Rate

VGG-8 None (baseline) 2.2M 1× 91.0%

VGG-9 None 2.5M 1× 90.9%

VGG-10 None 2.6M 1× 90.7%

AllCNN [168] None 43M 1× 95.6%

Fractional Max-Pooling [54] None 79M 1× 96.5%

5× (baseline)

VGG-8 (Ours) Fuzzy Pruning 0.44M 97× ([168]) 90.7%

180× ([54])

randomly flips the images horizontally during training is employed;
however data augmentation is not performed during the validation
stage.

This work implemented a small VGG-like network for CIFAR-10,
which has 8 layers with 7 convolutional layers (conv1-7) and a fully-
connected layer (fc8). For convenience, this network is named as VGG-
8. Similar to the VGGnet [164], the kernel size used in all convolu-
tional layers are 3× 3. Meanwhile, the numbers of feature maps are
set to 96, 192, and 256 for conv1-2, conv3-4, and conv4-7, respectively.
Downsampling is performed using max-pooling after conv2, conv4,
and conv7. No LRN is used in this architecture. In addition, dropout
is performed after each pooling layers for regularization. Figure 38
illustrates the near-optimal VGG-8 architecture. As shown in Table 6
(VGG-8 vs. VGG-9 and VGG-10), it is found that more layers degrade
the performance because VGG-like architecture overfits easily as it
goes deeper due to overparametrization [34].

As shown in Table 6, VGG-8 achieved accuracy of 91.0% in the
CIFAR-10, which is comparable to the state-of-the-art results [168, 54]
that have 20× to 40× higher parameters. The proposed method is
able to compress the VGG-8 to only 440K parameters (5× compres-
sion compared to the baseline) and achieved similar results to the
original VGG-8 (90.7%). Compared to [168, 54], the proposed model
is poorer by ∼ 5% but the model is much compressed (97× to 180×)
to be deployed in mobile platform. The number of parameter of the
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Table 7: Number of parameters (in thousand, K) retained for VGG-8 in
CIFAR-10 after the proposed fuzzy pruning strategy.

Layer # weights (original) τ # weight retained (%)

conv1 2.6K 5 71.6

conv2 83K 10 26.5

conv3 166K 15 41.2

conv4 332K 15 25.3

conv5 442K 20 15.8

conv6 590K 20 7.7

conv7 590K 20 20.6

fc8 41K 20 33.1

Total 2200K - 19.0

original network and the number of parameters pruned is recorded
in Table 7.

5.5.3 ImageNet Dataset

Further evaluations are conducted to examine the performance of
the proposed fuzzy pruning strategy with AlexNet [97] architecture
on the ImageNet ILSVRC-2012 dataset. This dataset has 1.2 million
training examples and 50,000 validation examples. Images in the Ima-
geNet consist of variable resolutions but AlexNet requires fixed input
dimensionality. Therefore, the images are resized to a fixed resolution
of 256× 256 pixels. This is done by first, rescaling the shorter side
of the image to length of 256. Then, the central 256 × 256 patch is
cropped from the resulting image. The images were pre-processed by
subtracting the mean activity over the training set from each pixel.

Following the original work [97], data augmentation is performed
to avoid overfitting. The first form of data augmentation is transla-
tion, which can be done by randomly cropping 227× 227 patch from
the image. During validation, the center patch is cropped from each
image for evaluation. The second form of data augmentation is hori-
zontal reflection. The images are randomly flipped horizontally dur-
ing training, but did not perform this step during validation. Contrast
to Krizhevsky et. al [97], the intensities of the RGB channels are not
altered as a form of data augmentation.

The validation performance of the original AlexNet for Top-1 accu-
racy is 57.1% and for Top-5 accuracy is 80.2%. The proposed method
managed to prune this network by a factor of 11 using the proposed
method and obtained Top-1 accuracy of 56.1% and Top-5 accuracy of
79.2%, which are comparable to the original network’s performance.
Table 8 summarizes and compares the results along with the best re-
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Figure 39: Top-5 predicted classes of the classification model for six sample
images. The red bar implies the ground truth class of the image.

sults in the state-of-the-art. Qualitatively, the Top-5 predicted classes
of the proposed method are showed in Figure 39. This figure illus-
trates some predictions, suggesting that the model may account for
data variations in a different modality to a certain extent. Table 9
shows the number of parameters pruned in each layer.

5.5.4 Wikiart Paintings Dataset

Last but not least, this work examines the performance of the pro-
posed fuzzy pruning strategy on the Wikiart Paintings dataset. In
this part of the work, the models trained in Chapter 3 are employed
and pruned. Similarly, the tasks are to classify style, genre, or artist
of a painting. The results for the paintings classification are summa-
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Table 8: Results in ImageNet dataset with state-of-the-art methods.

Deep Architecture Compression Approach
Accuracy # weights

Compression
Top-1 Top-5 (in Million, M)

AlexNet [97] None (baseline) 57.1% 80.2% 61M -

AlexNet Deep compression [60] 57.2% 80.3% 6.7M 9×
AlexNet (Ours) Fuzzy Pruning 56.1% 79.2% 5.3M 11×

Table 9: Number of parameters (in Million, M) retained in AlexNet for Ima-
geNet after Fuzzy Pruning.

Layer # weights (original) τ # weight retained (%)

conv1 0.035M 1 88.4

conv2 0.307M 3 39.6

conv3 0.885M 3 32.8

conv4 0.663M 4 28.1

conv5 0.442M 5 33.2

fc6 38M 20 7.8

fc7 17M 20 2.6

fc8 4M 15 28.1

Total 61M - 8.7

rized in Table 10 along with the state-of-the-art results. It can be seen
that the pruned models (average of 68.1% accuracy over three tasks)
outperformed Saleh and Elgammal [155] (average of 56.4% accuracy
over three tasks) in all aspects. Meanwhile, the pruned models also
achieved comparable results to the original AlexNet architecture (av-
erage of 68.2% accuracy over three tasks). That is, the averaged accura-
cies have only 0.1% difference with 12× to 13× reduction in number
of weights. The pruning details are listed in Table 11.

Table 10: Results in Wikiart paintings dataset along with state-of-the-art
methods.

Task Network Accuracy # weights (in Million, M) Compression

Styles
Original 54.5% 61M -

Fuzzy Pruning 54.5% 4.9M 12×
Saleh and Elgammal [155] 45.9% - -

Genres
Original 74.1% 61M -

Fuzzy Pruning 74.0% 4.5M 13×
Saleh and Elgammal [155] 60.3% - -

Artists
Original 76.1% 61M -

Fuzzy Pruning 75.7% 4.4M 13×
Saleh and Elgammal [155] 63.0% - -
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Table 11: Number of parameters retained in AlexNet for Wikiart paintings
dataset after Fuzzy Pruning. The same configurations for threshold
τ is used for all tasks.

Layer
# weights (original)

τ
# of weights retained (%)

(in Million, M) Styles Genres Artists

conv1 0.035M 1 88.4 88.7 88.7

conv2 0.307M 3 39.1 39.8 39.9

conv3 0.885M 3 32.2 33.6 33.5

conv4 0.663M 4 28.4 28.8 30.8

conv5 0.442M 5 32.5 33.9 34.4

fc6 38M 20 8.5 7.5 7.2

fc7 17M 20 3.4 3.3 3.5

fc8 4M 15 42.4 53.1 36.8

Total 61M - 8.0 7.4 7.3

Table 12: Comparison of results on Wikiarts dataset for styles, genres, artists
classification by reducing parameters in fc7.

Model
Accuracy (%) # weights

Style Genre Artist Overall (in Million, M)

AlexNet 54.50 74.14 76.11 68.25 61M

AlexNet-1024 53.38 73.75 76.02 67.72 48M

AlexNet-fc6 51.51 72.11 74.26 65.96 44M

5.5.5 Discussions

One important finding from all these experiments is that, most of
the parameters in the lower layer of the CNN are retained. For ex-
ample, in the AlexNet architecture, less than 12% of the parame-
ters are pruned in conv1. While, more parameters are pruned at the
higher layers, e.g. more than 90% of the parameters in fc6 and fc7
are pruned in the AlexNet. This corresponds to the experiments re-
ported in [60], where the trade-off between accuracy and number of
parameters pruned has worse disadvantages at the lower layers. To
further support this finding, two additional experiments were carried
out using the AlexNet on paintings classification tasks. First, fc7 in
the AlexNet is reduced to 1024 neurons, compared to the original
4096 neurons. Then, it is finetuned and the results are reported in
Table 12 as AlexNet-1024. Similarly, for the second experiment, fc7 is
totally removed, then finetuned. This model is denoted as AlexNet-
fc6 in the table. The results show that the network size is reduced
by up to 17 million parameters (27% reduction) without affecting the
accuracy significantly. This implies that most of the redundant param-
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eters are concentrated in the fully-connected layers. Table 5, 7, 9 and
11 also show this phenomenon where only a very small amount of
weights in the fully-connected layers are retained compared to other
lower layers. Similar conclusion was drawn by Lin et al. [113], where
they substituted the fully-connected layers by global averaging pool-
ing and achieved better accuracy.

5.6 conclusions

This work aims to reduce the memory requirement of the CNN and
propose a one-shot fuzzy qualitative deep compression method to
prune the redundant parameters. This is because research has found
out that deep models are typically filled with redundant parameters.
This results in unnecessary large memory requirement and lead to
great bottleneck to implement the CNN in real-world embedded sys-
tems, such as mobile devices. The proposed approach first clusters
similar weights into an associated FQS. Then, the redundant connec-
tions are removed by performing thresholding based on the weighted
FQS indices. This avoids the variable range problem when perform-
ing thresholding based on the weight values directly. Experimental
results have shown that the proposed approach is able to prune the
CNN up to 14 times with a minimal loss of accuracy. For future work,
the author is interested in developing better pruning strategy.
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6
C O N C L U S I O N S A N D F U T U R E W O R K S

6.1 conclusions

As a summary, this thesis explored two main goals. In the first part,
the features learning of deep models for artworks is studied. While in
the second part, an alternative method to improve network compres-
sion is investigated. The summary of the contributions of this thesis
are as follow:
Features Learning of Deep Models for Artworks

1. Several CNN networks are trained under different configura-
tions for artworks classification of style, genre, and artits. It is
found out that finetuning the Imagenet pre-trained network
achieves the best result and outperforms the state-of-the-art re-
sults. Then, the averaged neurons’ responses are visualized in
order to understand the features learned by the network. It is
found that deep models are able to learn the structural cues
from the artworks. However, it is unclear if the networks are
able to learn the more abstract cues. Meanwhile, training deep
models for artworks-related tasks is extremely challenging be-
cause of two contradictory reasons: 1) The visualizations showed
that features extracted from artworks of same category may
vary a lot; 2) Many categories are defined with only subtle dif-
ference, hence they have very similar visual properties.

2. Next, a novel GAN variant called ArtGAN is proposed to learn
and visualize the features of the artworks via generative ap-
proach. The advantages of generative approach are that the vi-
sualization is done by generating photo-realistic images and all
relevant features can be visualized in one image. The contribu-
tions of this work are three-fold: 1) ArtGAN leverages the la-
bels information by backpropagating the information through
derivative of the loss function, improving image quality and fi-
delity; 2) Inspired by recent works, autoencoder is employed
in the ArtGAN for additional energy-based complementary in-
formation, further improving the performance; 3) Most impor-
tantly, a novel magnified learning approach is proposed to learn
the correlations between neighbouring pixels better. In addition,
it also allows ArtGAN to generate images at higher resolution
while training with samples with lower resolution. Combining
all the proposed modifications, ArtGAN achieves state-of-the-
art results on CIFAR-10 and STL-10 datasets in terms of Incep-
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tion score. The generated images showed that the proposed Art-
GAN is able to generate images of high quality and fidelity,
hence rich visual features are learned. Furthermore, through
the synthetic artworks, it seems that deep models are able to
learn more abstract cues via visual properties.

Deep Compression Network

This work proposed a one-shot fuzzy qualitative deep compression
method to prune the redundant weights in a network. The experi-
ments have shown that the proposed method is able to prune the
networks up to 14 times with minimal loss of classification accuracy.

6.2 future works

With the introduction of GAN, generative models have shown excel-
lent performance in learning rich representations and synthesizing
photo-realistic images. Hence, the author is interested in pursuing
this direction for future works. One problem with generative model
is that there is still no good way to evaluate it. Hence, developing a
good evaluation metric for generative model is still an ongoing work.
Meanwhile, better understanding of the GAN model and its stabil-
ity are also important topics for future works. Application wise, the
author is interested in developing algorithms for various artwork syn-
thesis problems, e.g. semantic-level style transfer. Finally, the author
is also interested in finding a way to train and compress the network
at the same time, instead of a two-phase approach as discussed. This
will reduce the computational cost, while aiming to minimize the net-
work size and performance loss.
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E X P L A N AT I O N S F O R M O D I F I C AT I O N I N A RT G A N

In the original formulation, the discriminator D in ArtGAN (Chapter
4) outputs K + 1 predictions. These include K actual categories and
the adversarial class (Fake category) for K + 1th output. However,
Salimans et al. [157] suggested that it is over-parameterised. In their
work, they briefly explained their solution to this problem, which
avoids the need of learning weights for K + 1th output. This appendix
will explain the solution in detail, mathematically.

Let D outputs K + 1 predictions. Then, the probability distribution
function for each output ck conditioned on an input image x is given,

p(ck|x) = elk(x)

∑K+1
i=0 eli(x)

(32)

where lk(x) ∈ D(x) is the output of D(x) at class k without activa-
tion function. Here, it is desired to remove lK+1(x) from the network.
This can be done by first, let p(y|x) be the probability distribution
function of the adversarial prediction, such that x is real when y = 1.
Hence, p(y|x) is the inverse of p(ck+1|x) and is equivalent to the joint
distribution p(c1,...,K|x):

p(y|x) ≡ 1− p(ck+1|x) ≡ p(c1,...,K|x) = ∑K
i=0 eli(x)

∑K+1
j=0 elj(x)

(33)

Then, equation 33 can be reformulated by dividing the numerator
and denominator by elK+1(x):

p(y|x) = ∑K
i=0 eli(x)

∑K+1
j=0 elj(x)

=
∑K

i=0 eli(x)/elK+1(x)

∑K+1
j=0 elj(x)/elK+1(x)

=
∑K

i=0 eli(x)−lK+1(x)

∑K+1
j=0 elj(x)−lK+1(x)

=
∑K

i=0 eli(x)−lK+1(x)

∑K
i=0 eli(x)−lK+1(x) + elK+1(x)−lK+1(x)

=
∑K

i=0 eli(x)−lK+1(x)

∑K
i=0 eli(x)−lK+1(x) + 1

(34)

Assuming that lK+1(x) is removed, it becomes a constant and will not
affect the outcome of equation 34. Hence, the network can be trained

95



96 explanations for modification in artgan

by setting li(x) ← li(x)− lK+1(x). Equation 34 can then be rewritten
as:

p(y|x) = ∑K
i=0 eli(x)

∑K
i=0 eli(x) + 1

=
Z(x)

Z(x) + 1

where Z(x) = ∑K
i=0 eli(x). This proves that the adversarial prediction

can be calculated only from the K actual categories, indicates that
lK+1(x) is redundant. Using similar derivation, equation 32 is then
reformulated as

p(ck|x) = elk(x)

∑K
i=0 eli(x) + 1

(35)

when calculating the probability distribution function for other cate-
gories. In practice, GAN variants can also be trained by calculating
the classification and adversarial loss functions separately [167, 133].
Hence, the standard probability distribution function for classifica-
tion task can be used instead:

p(ck|x) = elk(x)

∑K
i=0 eli(x)

(36)



B
W I K I A RT D ATA S E T

Table 13 details the members in each of the annotation class in the
Wikiart dataset. Figure 40 and 41 show one sample painting for each
genre and style, respectively.

List of Members

Style

(1) Abstract Expressionism (2) Action Painting (3) Analytical Cubism

(4) Art Nouveau-Modern Art (5) Baroque (6) Colour Field Painting

(7) Contemporary Realism (8) Cubism (9) Early Renaissance

(10) Expressionism (11) Fauvism (12) High Renaissance

(13) Impressionism (14) Mannerism-Late-Renaissance (15) Minimalism

(16) Primitivism-Naive Art (17)New Realism (18) Northern Renaissance

(19) Pointillism (20) Pop Art (21) Post Impressionism

(22) Realism (23) Rococo (24) Romanticism

(25) Symbolism (26) Synthetic Cubism (27) Ukiyo-e

Genre

(1) Abstract Painting (2) Cityscape (3) Genre Painting

(4) Illustration (5) Landscape (6) Nude Painting

(7) Portrait (8) Religious Painting (9) Sketch and Study

(10) Still Life

Artist

(1) Albrecht Durer (2) Boris Kustodiev (3) Camille Pissarro

(4) Childe Hassam (5) Claude Monet (6) Edgar Degas

(7) Eugene Boudin (8) Gustave Dore (9) Ilya Repin

(10) Ivan Aivazovsky (11) Ivan Shishkin (12) John Singer Sargent

(13) Marc Chagall (14) Martiros Saryan (15) Nicholas Roerich

(16) Pablo Picasso (17) Paul Cezanne (18) Pierre-Auguste Renoir

(19) Pyotr Konchalovsky (20) Raphael Kirchner (21) Rembrandt

(22) Salvador Dali (23) Vincent van Gogh

Table 13: List of Style, Genre, and Artist in the Wikiart Dataset

(a) Abstract
Painting

(b) Cityscape (c) Genre
Painting

(d) Illustra-
tion

(e) Landscape

(f) Nude
Painting

(g) Portrait (h) Religious
Painting

(i) Sketch and
Study

(j) Still Life

Figure 40: Examples of artworks in the Wikiart dataset according to genre.
In total, there are 10 genre categories.
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(i) Abstract
Expressionism

(ii) Action
Painting

(iii) Analytical
Cubism

(iv) Art Nouveau-
Modern art

(v) Baroque

(vi) Color Field
Painting

(vii) Contem-
porary
Realism

(viii) Cubism (ix) Early
Renaissance

(x) Expressionism

(xi) Fauvism (xii) High
Renaissance

(xiii) Impression-
ism

(xiv) Mannerism-
Late-
Renaissance

(xv) Minimalism

(xvi) Primitivism-
Naive
Art

(xvii) New
Realism

(xviii) Northern
Renais-
sance

(xix) Pointillism (xx) Pop Art

(xxi) Post
Impressionism

(xxii) Realism (xxiii) Rococo (xxiv) Romanti-
cism

(xxv) Symbolism

(xxvi) Synthetic
Cubism

(xxvii) Ukiyo-e

Figure 41: Examples of the artworks in the Wikiart dataset according to style.
In total, there are 27 style categories.



C
O T H E R D E TA I L S O F A RT G A N

This appendix provides additional details which are not covered in
the main context. First, the pseudocode that is used to train the Art-
GAN is presented. Then, the detailed model configurations of the
Generator and Discriminator used in this thesis are listed to facilitate
future reimplementation.

c.1 algorithm

Algorithm 3 illustrates the training process in the ArtGAN models.
The notations are consistent with the thesis. In addition, K = {1, . . . , K}
is denoted as the set of indices of the classes. Then, the one-hot vec-
tor of a sample c̄k is randomly sampled, where k ∈ K and value at
position k is set to one while the rest of the elements are set to zero.
Given n samples in a minibatch, y = {y1, . . . , yn} is a vector of the
computed adversarial outputs. While, C = {c1, . . . , cn} is a set of class
prediction.

Algorithm 3: Pseudocode for training ArtGAN
Require: Minibatch size, n, learning rate, λ, and z vector size, d
Require: Randomly initialize θD and θG

1: while condition not met do

2: Sample Z = [z1, . . . , zn] ∼ N (0, 1)n×d

3: Randomly set C̄ = [c̄k1 , . . . , c̄kn ]

4: Sample minibatch X̂ = [x̂1, . . . , x̂n]

5: C, y = D(X̂)

6: X̄ = G(Z, C̄)

7: C′, y′ = D(X̄)

8: if use magnified learning then

9: R = Dec(Φ(X̂))

10: R′ = Dec(Φ(X̄))

11: θD = θD − λ ∂LDae
∂θD

, LDae ← y, C, C̄, C′, y′, R

12: θG = θG − λ ∂LGae
∂θG

, LGae ← C̄, C′, y′, R′

13: else

14: θD = θD − λ ∂LD
∂θD

, LD ← y, C, C̄, C′, y′

15: θG = θG − λ ∂LG
∂θG

, LG ← C̄, C′, y′

16: end if

17: end while

99



100 other details of artgan

c.2 network architectures

1. CIFAR-10: This section describes the network architectures used
on CIFAR-10. Table 14 shows the architecture for the discrimi-
nator. Table 15 shows the architectures for the generators.

2. STL-10: Table 16 and Table 17 show the network architectures
of the discriminator and generator used on STL-10.

3. Wikiart: All tasks in Wikiart (i.e. genres, styles, and artists) used
the same architectures described in Table 18 and Table 19.

4. Oxford-102 flowers and CUB-200 birds: Oxford-102 and CUB-200
datasets share the same network architectures as described in
Table 20 and Table 21.

Table 14: Network architectures of the discriminator used on CIFAR-10,
which contains a classifier and a decoder.

Classifier Decoder

conv(96, 3, 1) convBN(256, 3, 1)

convBN(96, 3, 2)

Dropout(0.2)

convBN(192, 3, 1) NNupsample(16)

convBN(192, 3, 2) convBN(128, 3, 1)

Dropout(0.2) convBN(128, 3, 1)

convBN(256, 3, 1) NNupsample(32)

convBN(256, 1, 1) convBN(64, 3, 1)

convBN(512, 1, 1) conv(3, 3, 1)

fc(10)
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Table 15: Network architectures for the generators (with and without mag-
nified learning) used on CIFAR-10.

Generator Generator with Magnified Learning

fcBN(512× 4× 4) fcBN(512× 4× 4)

NNupsample(8) NNupsample(8)

convBN(256, 3, 1) convBN(256, 3, 1)

NNupsample(16) NNupsample(16)

convBN(128, 3, 1) convBN(128, 3, 1)

convBN(128, 3, 1) convBN(128, 3, 1)

NNupsample(32) NNupsample(32)

convBN(64, 3, 1) convBN(64, 3, 1)

convBN(3, 3, 1) convBN(64, 3, 1)

NNupsample(64)

convBN(32, 3, 1)

conv(3, 3, 1 )

Table 16: Network architectures for discriminator ( containing a classifier
and a decoder) used on STL-10.

Classifier Decoder

conv(64, 3, 1) convBN(512, 3, 1)

convBN(64, 3, 2)

Dropout(0.2)

convBN(128, 3, 1) NNupsample(16)

convBN(128, 3, 2) convBN(256, 3, 1)

Dropout(0.2)

convBN(256, 3, 1) NNupsample(32)

convBN(256, 3, 2) convBN(128, 3, 1)

Dropout(0.2) convBN(128, 3, 1)

convBN(512, 3, 1) NNupsample(64)

convBN(512, 3, 1) convBN(64, 3, 1)

conv(3, 3, 1)

fc(10)
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Table 17: Network architectures for the generators (with and without mag-
nified learning) used on STL-10.

Generator Generator with Magnified Learning

fcBN(512× 4× 4) fcBN(512× 4× 4)

NNupsample(8) NNupsample(8)

convBN(512, 3, 1) convBN(512, 3, 1)

NNupsample(16) NNupsample(16)

convBN(256, 3, 1) convBN(256, 3, 1)

NNupsample(32) NNupsample(32)

convBN(128, 3, 1) convBN(128, 3, 1)

convBN(128, 3, 1) convBN(128, 3, 1)

NNupsample(64) NNupsample(64

convBN(64, 3, 1) convBN(64, 3, 1)

convBN(3, 3, 1) convBN(64, 3, 1)

NNupsample(128)

convBN(32, 3, 1)

conv(3, 3, 1 )

Table 18: Network architectures for discriminator (containing a classifier
and a decoder) used on Wikiart.

Classifier Decoder

conv(128, 3, 2) convBN(512, 3, 1)

Dropout(0.2)

convBN(256, 3, 2) NNupsample(8)

Dropout(0.2) convBN(256, 3, 1)

convBN(512, 3, 2) NNupsample(16)

convBN(512, 3, 1) convBN(128, 3, 1)

Dropout(0.2)

convBN(1024, 3, 2) NNupsample(32)

convBN(64, 3, 1)

fc(10) NNupsample(64)

convBN(32, 3, 1)

conv(3, 3, 1)



C.2 network architectures 103

Table 19: Network architectures for the generators (with and without mag-
nified learning) used on Wikiart.

Generator Generator with Magnified Learning

fcBN(512× 4× 4) fcBN(512× 4× 4)

NNupsample(8) NNupsample(8)

convBN(512, 3, 1) convBN(512, 3, 1)

NNupsample(16) NNupsample(16)

convBN(256, 3, 1) convBN(256, 3, 1)

NNupsample(32) NNupsample(32)

convBN(128, 3, 1) convBN(128, 3, 1)

NNupsample(64) NNupsample(64

convBN(64, 3, 1) convBN(64, 3, 1)

convBN(3, 3, 1) convBN(64, 3, 1)

NNupsample(128)

convBN(32, 3, 1)

conv(3, 3, 1 )

Table 20: Network architectures for discriminator ( containing a classifier
and a decoder) used on Oxford-102 and CUB-200.

Classifier Decoder

conv(64, 3, 2) convBN(512, 3, 1)

Dropout(0.2)

convBN(128, 3, 2) NNupsample(8)

Dropout(0.2) convBN(256, 3, 1)

convBN(256, 3, 2) NNupsample(16)

convBN(256, 3, 1) convBN(128, 3, 1)

Dropout(0.2)

convBN(512, 3, 2) NNupsample(32)

convBN(512, 3, 1) convBN(64, 3, 1)

fc(K) NNupsample(64)

conv(32, 3, 1)

conv(3, 3, 1)
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Table 21: Network architectures for the generators (with and without mag-
nified learning) used on Oxford-102 and CUB-200.

Generator Generator with Magnified Learning

fcBN(512× 4× 4) fcBN(512× 4× 4)

NNupsample(8) NNupsample(8)

convBN(512, 3, 1) convBN(512, 3, 1)

NNupsample(16) NNupsample(16)

convBN(256, 3, 1) convBN(256, 3, 1)

NNupsample(32) NNupsample(32)

convBN(128, 3, 1) convBN(128, 3, 1)

NNupsample(64) NNupsample(64

convBN(64, 3, 1) convBN(64, 3, 1)

convBN(3, 3, 1) convBN(64, 3, 1)

NNupsample(128)

convBN(32, 3, 1)

conv(3, 3, 1 )



D
M O R E S Y N T H E T I C I M A G E S

This appendix shows the full samples for generated CUB-200 birds
(Figure 42, 43, 44, 45, 46, 47, 48) and Oxford-102 flowers (Figure 49, 50,
51, 52) images. Each row represents one of the bird or flower species.
Additional CIFAR-10 and STL-10 synthetic images can be seen in Fig-
ure 53 and 54, respectively. Furthermore, Figure 55, 56, 57 show the
extra synthetic artworks based on the genre, artist, and style, respec-
tively. It can be seen that the generated images are clear and has high
quality.

105



106 more synthetic images

Figure 42: More generated images on CUB-200 birds at 128× 128 pixels.
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Figure 43: More generated images on CUB-200 birds at 128× 128 pixels.
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Figure 44: More generated images on CUB-200 birds at 128× 128 pixels.



more synthetic images 109

Figure 45: More generated images on CUB-200 birds at 128× 128 pixels.
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Figure 46: More generated images on CUB-200 birds at 128× 128 pixels.
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Figure 47: More generated images on CUB-200 birds at 128× 128 pixels.
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Figure 48: More generated images on CUB-200 birds at 128× 128 pixels.
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Figure 49: More generated images on Oxford-102 flowers at 128× 128 pix-
els.
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Figure 50: More generated images on Oxford-102 flowers at 128× 128 pix-
els.
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Figure 51: More generated images on Oxford-102 flowers at 128× 128 pix-
els.
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Figure 52: More generated images on Oxford-102 flowers at 128× 128 pix-
els.
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Figure 53: More generated images on CIFAR-10 at 64× 64 pixels. From top
to bottom: (1) Airplane, (2) Automobile, (3) Bird, (4) Cat, (5) Deer,
(6) Dog, (7) Frog, (8) Horse, (9) Ship, (10) Truck.
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Figure 54: More generated images on STL-10 at 128× 128 pixels. From top
to bottom: (1) Airplane, (2) Bird, (3) Car, (4) Cat, (5) Deer, (6) Dog,
(7) Horse, (8) Monkey, (9) Ship, (10) Truck.
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Figure 55: More generated images on Wikiart Genre at 128× 128 pixels.
From top to bottom: (1) Abstract, (2) Cityscape, (3) Genre paint-
ing, (4) Illustration, (5) Landscape, (6) Nude, (7) Portrait, (8) Reli-
gious, (9) Sketch and study, (10) Still life.
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Figure 56: More generated images on Wikiart Artist at 128× 128 pixels.
From top to bottom: (1) Albrecht Durer, (2) Boris Kustodiev, (3)
Camille Pissarro, (4) Childe Hassam , (5) Claude Monet, (6) Edgar
Degas, (7) Eugene Boudin, (8) Gustave Dore, (9) Ilya Repin, (10)
Ivan Aivazovsky, (11) Ivan Shishkin, (12) John Singer Sargent, (13)
Marc Chagall, (14) Martiros Saryan, (15) Nicholas Roerich, (16)
Pablo Picasso, (17) Paul Cezanne, (18) Pierre Auguste Renoir, (19)
Pyotr Konchalovsky, (20) Raphael Kirchner, (21) Rembrandt, (22)
Salvador Dali, (23) Vincent van Gogh.
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Figure 57: More generated images on Wikiart Style at 128× 128 pixels. From
top to bottom, Left: (1) Abstract Expressionism, (2) Action paint-
ing, (3) Analytical Cubism, (4) Art Nouveau, (5) Baroque, (6)
Color Field Painting, (7) Contemporary Realism, (8) Cubism, (9)
Early Renaissance, (10) Expressionism, (11) Fauvism, (12) High
Renaissance, (13) Impressionism, (14) Mannerism Late Renais-
sance; Right: (15) Minimalism, (16) Naive Art Primitivism, (17)
New Realism, (18) Northern Renaissance, (19) Pointillism, (20)
Pop Art, (21) Post Impressionism, (22) Realism, (23) Rococo, (24)
Romanticism, (25) Symbolism, (26) Synthetic Cubism, (27) Ukiyo-
e.
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[101] Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner.
Gradient-based learning applied to document recognition. Pro-
ceedings of the IEEE, 86(11):2278–2324, 1998.
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