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Abstract

Arguably, face poses form the most telling cues for nonverbal communication. Con-
sidering even straightforward and trivial interactions, humans naturally gravitate
towards the face, often seeking vital information that is revealed by observing facial
expressions. The visual information obtained from faces can be very valuable and
interesting, for instance, many applications including the content enhancement and
forensics require signi�cant magni�cation of photorealistic face images. Computer
analysis and photorealistic multimedia content editing are examples of applications
that use face images. However, face perception at a reasonable level of accuracy
is possible only if suf�cient details exist in these images. Artistic portraits present
further challenges as there is little scope to infer anything about underlying sub-
jects. This thesis addresses this de�ciency by presenting approaches for solving the
challenge of reconstructing photorealistic images from their artistic counterparts.

Speci�cally, the problem we consider is to recover faces from artistic portraits
(also known as face destylization), including the recovery of �ne detail and facial
features from deteriorated portraits. To tackle this problem, we consider an ap-
proach based on Deep Neural Networks (DNNs). Through three successive studies
we demonstrate that face recovery is achievable, and moreover, the faces can be re-
covered with high levels of accuracy. The method we develop through the course of
these studies proves very powerful, and we further demonstrate this by applying it
to the problem of generating high–resolution face images from very low–resolution
inputs.

The main contribution in this thesis is the development of a generative-discriminative
DNN, which has previously shown to ef�ciently generate realistic images. By succes-
sively improving the network we show that signi�cantly more accurate faces can be
recovered from their respective portraits. In particular, we make cumulative improve-
ments to the DNN in three different stages corresponding to three different studies,
with each study demonstrating substantial gains. To further demonstrate the ef�cacy
of our approach, we develop a DNN speci�cally for the task of face frontalization and
hallucination. We show that our network can generate high-quality super-resolved
and frontalized face images which are visually very close to their corresponding
ground-truth counterparts, thus achieving superior face hallucination performance.

In the �rst study, we propose a novel Face Destylization Neural Network (FDNN)
to restore latent photo-realistic faces from stylized portraits. The FDNN is composed
of two sub-networks, a Style Removal Network (SRN) and a Discriminative Network
(DN). The role of the SRN is to extract features from the input portraits, map the
extracted features to real facial features and re-project them to the image domain for
the purpose of generating authentic looking faces. The DN ensures that the resulting

ix
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face images are similar to authentic faces. A key novel aspect introduced in this
study is to use a so-called adversarial loss and a pixel-wise loss, which together
allow minimising the difference in appearance between the generated images and
their real counterparts. The ef�cacy of this approach is demonstrated on an extensive
set of synthetic images, where the network successfully extracts facial features from
different styles, also allowing destylization of unseen style portraits.

The FDNN proposed in the �rst study has two limitations. The �rst one is that,
occasionally, the FDNN fails to accurately recover particular identity-related details
such as wrinkles, hair color, etc. The second limitation is that if the input portraits
undergo misalignments ( e.g., rotations, translations and scale changes), the FDNN
generates artifacts in the �nal results. Hence, in the second study, we propose the
Identity-preserving Face Recovery from Portraits (IFRP) network, which is designed
to deal with these two issues. Firstly, accurate facial details are obtained by using an
identity preserving loss over the recovered and ground-truth faces. This is achieved
by enforcing that recovered and ground-truth faces consist of similar visual features,
thus preserving identities. Secondly, the problem of misalignment is tackled by in-
corporating Spatial Transform Networks (STN) into the IFRP. As a result, the IFPR
achieves state-of-the-art performance on a large-scale synthesized dataset of real and
stylized face pairs. Furthermore, the IFPR is able to recover photorealistic faces from
previously unseen stylized portraits, artistic paintings and hand-drawn sketches.

Since crucial facial details are often distorted or completely lost in artistic compo-
sitions, our approach may lead to inaccurate perceptual results i.e., gender reversal or
age change. We observe that an input stylized portrait mainly contains low-frequency
facial components of its real counterpart while its residual face image, de�ned as
the difference between the ground-truth and recovered images, contains the missing
high-frequency facial details. We demonstrate that supplementing residual images
or feature maps with an additional facial attribute information can signi�cantly re-
duce the ambiguity in faces recovered from portraits. To investigate this idea, in a
third study, we propose an Attribute-guided Face Recovery from Portraits (AFRP)
that utilizes a Face Recovery Network (FRN) in conjunction with the DN. The FRN
incorporates facial attribute vectors into the feature maps of input portraits, while the
DN ensures that the generated faces have the same facial attributes as those of the
input (determined from the input attribute vectors). We investigate this approach on
large-scale synthesized and sketch datasets and we �nd that the AFRP can effectively
recover photorealistic identity-preserving faces with desired attributes from unseen
stylized portraits, artistic paintings, and hand-drawn sketches.

In a fourth and �nal study, we further test the ef�cacy of our DNN on the problem
of face hallucination. This problem occurs, for example, when face images are of very
low resolution due to imaging conditions. From such images, it may be bene�cial
to generate high-resolution face images for the face expression analysis and identity
recognition. To tackle this problem, we develop a novel Transformative Adversarial
Neural Network (TANN), which is able to super-resolve tiny non-frontal face images.
Given low resolution face images, this approach is able to simultaneously frontalize
very-low resolution ( i.e. 16� 16 pixels) out-of-plane rotated face images (including
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pro�le views) and super-resolve them (8 � larger). This approach works irrespective
of the poses in the images and does not require the use of any 3D information.
We conduct experiments on a large dataset of synthesized non-frontal face images
and show that the TANN provides superior results qualitatively and quantitatively,
achieving over a 4 dB improvement over the current state of the art.

In summary, this thesis presents approaches based on DNNs to recover realistic
faces from portraits. Our �rst face destylization architecture uses a pixel-wise loss in
the generative part of the network. Despite it being effective at recovering faces from
portraits, it is unable to do the same when portraits are misaligned with a variety of
rotations and viewpoint variations. To handle this, we extended our approach in two
aspects: (a) by using STNs as intermediate layers to compensate for misalignments
of input portraits, and (b) incorporate an identity-preserving loss to the generative
part of our network to recover the underlying identity accurately. As a third exten-
sion, in order to recover the high-frequency facial details, we incorporate auxiliary
facial attributes into the extracted feature maps. In this fashion, we fuse visual and
semantic information for best visual results. This also allows us to manipulate ap-
pearance details such as hair color, facial expressions,etc. We also introduce the
TANN to upsample and frontalize very low–resolution unaligned face images jointly
in an end-to-end fashion. We have conducted an extensive experimental analysis,
for each extension of the proposed DNNs, that demonstrates the superiority of our
proposed methods over the current state of the art.

Keywords Face Recovery, Face Synthesis, Image Stylization, Face Destylization,
Generative Models, Face Super-resolution, Face Hallucination.
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Chapter 1

Introduction

1.1 Motivation

Face images carry a valuable visual information regarding humans. They are fre-
quently used in many applications such as social networking services ( e.g., Insta-
gram), content enhancement, forensics,etc. These applications require high quality
images containing a lot of perceivable details. Artistic stylized portraits are of signif-
icant interest in academia (e.g., in identity recognition and face retrieval) and indus-
try ( e.g., multimedia). In general, there are two types of portraits, that is computer-
generated portraits using image stylization methods and hand-drawn paintings. Fig-
ure 1.1 shows an example of each type. In both scenarios, unfortunately, crucial facial
details are often severely distorted and contaminated with changes in texture. More-
over, facial expressions and pro�le edges are often lost in artistic compositions. These
challenges motivate the need for photorealistic face recovery from stylized portraits,
also referred to as face destylization.

Face destylization is applicable to several practical problems. Two application
scenarios are that of generating real faces from crime scene sketches and the recon-
struction of the photos of a person's lineage. In the �rst scenario, the hand-drawn
portraits at crime scenes can be greatly enhanced by the methods proposed in this
thesis. In particular, recovering realistic and plausible face images from hand draw-
ings or machine-generated sketches can be of great bene�t. The second applica-
tion scenario of reconstructing face images of a person's lineage. Considering hand
painted images (prior to the invention of colour photographs), it is not straight-
forward to imagine realistic reconstructions through wispy brushstrokes. Instead,
nowadays, we can synthesise a large-scaled pair of images of stylised faces and pho-
torealistic ones. We can reason about the stylistic differences between these two sets,
and thereby imagine what a face might look like if we were to ”recover“ it from
a stylised portrait. In this thesis, we present a framework that can learn to do the
same: capturing special characteristics of stylised portraits and �guring out how
these characteristics could be translated into a realistic face collection.

Face destylization is a very challenging problem. Successfully recovering face
images (by preserving suf�cient visual detail) is useful in a number of areas such
as computer analysis, human perception, and content editing of photorealistic mul-
timedia. We can see the bene�t of face destylization in Figure 1.2, which shows a

1
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2 Introduction

(a) Original (b) Synthesized (c) painting

Figure 1.1: Illustration of different types of artistic portraits. (a) Original face image.
(b) A portrait synthesized from (a). (c) A hand-drawn portrait.

(a) Original (b) Portrait (c) Recovered

Figure 1.2: Illustration of face destylization. (a) Original ground-truth face image.
(b) Stylized input portrait. (c) Recovered realistic face image from(b).

recovered photorealistic face from a stylized portrait. In Figure 1.2(a), we see the
original image. Figure 1.2(b) shows a distorted image where facial details and iden-
tity information are lost due to artistic effects. There are several issues that can be
seen in the distortions, three of which we highlight: (a) the right eye is contaminated
with texture of a style (green frame), (b) the edges of the face are blurred (purple
frame) and (c) the facial color and hair color do not match the corresponding ground-
truth image. Figure 1.2(c) shows the recovered real face from its stylized counterpart.
Clearly, the recovered image shares several similarities (including details) with the
original image, and this example demonstrates the value of face recovery from artistic
stylized portraits.

There have been relatively few studies addressing the problem of recovering pho-
torealistic faces from artistic portraits in the literature. Notably, there have been
several studies conducted in recent years addressing the face sketch-photo synthe-
sis [Nejati and Sim, 2011; Wang et al., 2018b,a; Sharma and Jacobs, 2011; Yu et al.,
2017]. Wang et al. [2018a] use CycleGAN [Zhu et al., 2017b] and employ multi-scale
discriminators to generate high–resolution sketches/photos, thereby demonstrating
a greatly improved performance. Yu et al. [2017] propose a composition-aided gener-
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ative adversarial network for generating a facial photo conditioned on a given sketch.
Kazemi et al. [2018] employ Cycle-GAN conditioned on facial attributes in order to
enforce desired facial attributes over the images synthesized from sketches. These
methods achieve compelling results, however, they mostly yield blurred results with
signi�cant deformations over various facial components, leading to unrealistic ap-
pearances of synthesized images. While sketch-to-face synthesis is a related prob-
lem, our proposed uni�ed framework is applicable to a variety of styles that are
more complex than sketches.

On the other hand, there exists a number of studies exploring how to automat-
ically turn images into synthetic artwork. Among these studies, a few recent ap-
proaches have been developed based on Convolutional Neural Networks (CNNs).
One of the �rst studies was conducted by Gatys et al. [2017], who proposed a Neural
Style Transferalgorithm to render the semantic content of an arbitrary image with
the style appearance of chosen artworks. Figure 1.2(b) shows an example of image
stylization using Candystyle. The key idea behind this algorithm is to start from a
random noise as the initial result and then change the values of pixels iteratively by
optimization until the desired statistical feature distribution is satis�ed. Gatys et al.
[2017] show very promising results, however, their approach is computationally ex-
pensive in regard to optimization required for the stylization step. To alleviate the
issues associated with the speed and computational costs, a generative CNN method
referred to as Fast Neural Style Transferwas developed [Johnson et al., 2016]. The
key idea of such an approach is to train a feed-forward network over a large set of
images in advance for each speci�c image style. The network model is optimized by
updating the model iteratively using the gradient descent. Following this study, a
number of follow-up studies were proposed to either improve or extend this inno-
vative algorithm [Ulyanov et al., 2016b; Johnson et al., 2016; Dumoulin et al., 2016;
Huang and Belongie, 2017; Li and Wand, 2016b]. Despite the improvements, during
the training phase, these approaches work with a single chosen style and they are
incapable of generating photorealistic face images since they discard spatial relations
and only use Gram matrices to capture correlations of features in feature maps. Thus,
current style transfer methods do not consider identity preservation when transfer-
ring different styles to images. If we train these style transfer methods for the task of
face destylization, they do not preserve facial identity or attributes when generating
realistic face images. Thus, we opt to design a novel network which is able to restore
the latent high-level visual features of face images from portraits.

Recently, Kingma and Welling [2013] proposed Variational Autoencoders (VAEs)
for generating images. However, the results from these methods are often blurry
due to the training objective based on pixel-wise Gaussian likelihood. Meanwhile,
generating realistic images from the noise by training a Generative Adversarial Net-
works (GAN) was proposed by Goodfellow et al. [2014]. GAN produces impressive
results because it employs adversarial losses that force the generated images to be
indistinguishable from their real counterparts. In order to improve the stability of
the training procedure of GAN, various methods have been proposed [Huang et al.,
2016; Denton et al., 2015b; Isola et al., 2017; Reed et al., 2016; Salimans et al., 2016;
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(a) LR input (b) Bicubic (c) Ours (d) HR

Figure 1.3: Illustration of face hallucination. (a) The input 16 � 16 LR image. (b)
Bicubic interpolation of (a). (c) Our hallucinated result. (b) The original 128 � 28 HR

image.

Arjovsky et al., 2017]. GAN has also provided the motivation to consider generative
models in the context of image-to-image translation tasks [Isola et al., 2017; Zhu et al.,
2017b]. However, when these methods are applied to destylize portraits, the resulting
images contain visual artefacts and they do not capture global facial structures.

In this thesis, we focus on alleviating the signi�cant gaps in the literature by de-
veloping a novel end-to-end face recovery approach which automatically generates
photorealistic face images from stylized portraits. Inspired by the ideas of GAN,
the proposed network consists of two subnetworks: (a) a generative subnetwork also
called the Style Removal Network (SRN) and (b) a Discriminative Network (DN). A
key component of the SRN is an autoencoder, which consists of an upsampling de-
coder and a downsampling encoder. The encoder is responsible for extracting facial
components from stylized portraits. The resulting feature maps are then transferred
into the domain of photorealistic images, from which the decoder generates the face
images. The role of the discriminative network is to ensure that the SRN-generated
destylized faces are highly similar to the ground-truth faces. Furthermore, recovered
faces and ground-truth faces are constrained to have the same CNN feature represen-
tations, since the aim is to preserve the identity information in the faces. To achieve
this and ensure that the appearance and identity are similar to the ground-truth im-
ages, we consider two different loss functions, namely the identity-preserving and
pixel-level Euclidean loss functions. Moreover, to achieve high-quality visual results,
we use an adversarial loss function. Another potential issue is that stylized images
can be misaligned due to translations, in-plane rotations and changes in scale. Thus,
landmark detectors are inaccurate as they are unable to localize facial landmarks un-
der stylization and photometric and geometric distortions. To alleviate this issue, we
employ multiple Spatial Transformer Networks (STNs) [Jaderberg et al., 2015] in the
SRN to compensate for misalignments of faces in the input portraits. As a result,we
are able to accurately align stylized faces without the use of 3D face models or facial
landmarks. Additionally, the quality of recovered faces is substantially enhanced by
using high-level semantic information derived from facial attributes.

A lot of critical facial information is contaminated and lost due to stylization,
though, our proposed framework is still effective in recovering high quality real faces
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from stylized portraits. Using this as a basis, we are able to design and customize
a similar framework for the real face recovery from face images which contain little
information such as low-resolution and non-frontal face images. In particular, the
framework we have proposed lends itself to other tasks involving photorealistic face
recovery, and hence, we conduct a fourth study in this thesis which aims to deter-
mine how to super-resolve and frontalize very small low–resolution non-frontal face
images. This is an area of signi�cant interest as many face analysis tasks require
high–resolution face images. Low–resolution face images often provide very little
information as shown in Figure 1.3. Current methods that frontalize faces rely heav-
ily on facial landmarks [Yang et al., 2011; Taigman et al., 2014; Hassner et al., 2015;
Thies et al., 2016] to transfer 2D face images into 3D facial models, and so the input
images must have reasonable resolution and detectable landmarks. When applied
to tiny images, these methods are often ineffective. An option is to directly apply
face hallucination methods [Baker and Kanade, 2000, 2002; Wang and Tang, 2005;
Liu et al., 2007; Ma et al., 2010; Yang et al., 2010; Li et al., 2014; Kolouri and Rohde,
2015; Wang et al., 2014; Yu and Porikli, 2016, 2018]. However, these methods result
in severe artifacts caused by variations in pose and/or misalignments. Therefore,
the �nal chapter of this thesis introduces a novel transformative adversarial neural
network that simultaneously hallucinates and frontalizes tiny unaligned face images
which consist of large pose variations.

In summary, this thesis presents a novel framework which successfully removes
artistic styles from abstract portrait images, thus providing a solution to recovery of
realistic identities in portraits. In order to address the problem of unaligned portraits,
we embed multiple STN layers into the generative part of our network called SRN.
The SRN successfully learns a mapping from unaligned stylized faces to aligned
photorealistic faces. Our identity-preserving loss further encourages our network to
generate identity trustworthy faces. By improving our design, our network is also
able to encode stylized images with facial attributes and then recover realistic faces
from encoded feature maps. In this manner, we fuse visual and semantic information
for the best visual performance. Inspired by the idea of face recovery from stylized
portraits, we also present a face hallucination method to super-resolve and frontalize
low–resolution faces, simultaneously.

The outline of this chapter is as follows. We �rstly provide the motivation for
the undertaken work. Following this, we outline our proposed solutions to the chal-
lenging problems we have identi�ed, namely, photorealistic face recovery and face
super-resolution. Finally, we provide an outline of this thesis, including details of
four study we conduct and details on how the methods are developed (different
stages) to effectively tackle the problems in these studies.

1.2 Aims and Hypotheses

This thesis consists of two parts. The �rst and main part concerns the face recovery
from stylized portraits. The second minor part focuses on generating hallucinated
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and frontalized face images from unaligned tiny face images. Thus, there are two
main aims to this thesis:

1. Development of a novel deep learning framework for the accurate recovery of
face images from stylized portraits.

2. Design of a new deep learning approach for generating accurately super–resolved
and frontalized face images from unaligned low–resolution face images.

In order to achieve the �rst aim, we conduct three studies, each of which incre-
mentally demonstrates that deep learning can indeed be effectively used to tackle
the problem of face recovery from stylized portraits while preserving identities. The
second aim is achieved by developing a deep neural network which consists of a
transformative upsampling network and a discriminative network. In achieving the
aims, we consider the following hypotheses:

� Accurate face recovery from stylized portraits can be achieved via deep learn-
ing.

– Latent photorealistic faces can be recovered from stylized portraits: we hy-
pothesize that deep learning, and in particular, a generative-discriminative
neural network inspired by GANs can effectively tackle this problem. Fur-
thermore, we can enhance the performance of the netowork by adding a
pixel-wise `2 loss to an adversarial loss.

– Photorealistic faces can be recovered from unaligned stylized portraits: to
this end, we propose using STNs as intermediate layers to compensate for
misalignments of input portraits. We also propose enhancing the network
with skip connections and residual blocks. Moreover, an identity preser-
vation loss will allow the recovered faces to contain similar features as
ground-truth images.

– Facial attributes can be preserved when recovering photorealistic faces
from stylized portraits: this hypothesis builds upon the previous two hy-
potheses by ensuring that recovered faces are very accurate in their facial
details. By incorporating facial attributes in the bottleneck of the gener-
ative component and the middle layers of discriminative component, we
expect that facial attributes can be effectively preserved. By manipulating
input attribute vectors, our network should generate realistic faces with
desired attributes.

� Very tiny low–resolution face images which are misaligned and non–frontal
can be jointly frontalized and super-resolved.

– We hypothesize that a new triplet loss can be used to force non–frontal
low–resolution faces to be close to their ground-truth frontal ones in the
latent subspace.
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– After obtaining the feature maps of low–resolution frontal faces, an up-
sampling subnetwork can be employed to hallucinate the high–frequency
facial details of frontal faces.

1.3 Thesis Outline

This thesis comprises six chapters. In chapter??, we outline the technical background
and related theory. The background material consists of the literature review that
underpins the approaches proposed in later chapters, including the CNNs, neural
generative models such as VAEs and GANs, neural style transfer approaches, generic
super-resolution, class-speci�c super–resolution and face frontalization methods.

In chapter 3, we develop a style removal network to recover photorealistic face
images from stylized portraits by employing a pixel-wise `2 loss to constrain the
appearance similarity between the destylized faces and their ground-truth counter-
parts. In chapter 4, we further exploit a feature-wise similarity constraint, known as
perceptual loss, to enforce the identity similarity between the destylized faces and
their corresponding ground-truth images, as well as spatial transformer networks to
align destylized faces, which facilitates learning common facial patterns. In chap-
ter 5, we present a face destylization network to restore photorealistic faces by using
supplementary facial attributes. During the procedure of face destylization, original
facial attributes such as facial expressions and hair color, cannot be easily determined
from the input stylized portraits. Bene�ting from high-level semantic information
(i.e., facial attributes), the proposed networks can restore facial details to be much
closer to ground-truth facial details, even including the skin tone and hair color. Fur-
thermore, we are able to generate different destylized faces by editing the attributes
rather than rely on a deterministic destylization, thus we increase the �exibility of
face destylization.

Inspired by our previous work on photorealistic face recovery from portraits, in
chapter 6, we design a transformative adversarial neural network to jointly frontalize
and super-resolve low–resolution face images. The low–resolution pro�le faces are
�rstly projected onto latent representations which are then forced to be similar to
the representations of their frontal counterparts. Following this we upsample the
encoded representations by deconvolutional layers. Throughout this approach, we
achieve frontalized high–resolution (HR) face images from the corresponding low–
resolution (LR) non-frontal ones. Finally, chapter 7 concludes the studies and their
outcomes, and provides insights for potential future works.
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Chapter 2

Related Work

In this chapter, we introduce the background theory, architectures and models that
are associated with the framework developed in this thesis. Convolutional Neural
Networks (CNNs) are the basis of the learning approach of our framework and we
therefore review the fundamentals of CNNs and their variants. We also employ the
concept of the neural generative models, mainly Variational Autoencoders (VAEs)
and Generative Adversarial Networks (GANs), to generate the photorealistic face
images from portraits. Thus, to comprehensively cover these methods, we review
GANs and VAEs and their associated approaches.

In the past few years, several neural style transfer methods have been proposed
with the goal of generating stylized images from photographs according to desired
artistic styles. Since neural image stylization models are closely related to our study,
we focus on and review state-of-the-art neural style transfer methods. Further-
more, we also address the problem of super-resolving and frontalization of low–
resolution faces. Thus, generic super–resolution, class-speci�c super–resolution and
face frontalization methods are also introduced below.

2.1 CNN

Convolutional Neural Networks or ConvNets are among the most popular approaches
for deep learning. CNNs have been one of the most in�uential innovations in the
�eld of computer vision. LeNet-5, one of the very �rst CNNs (LeCun et al. [1998]),
was the origin of much of the recent architectures and a true inspiration for many
scientists in the �eld. This CNN was mainly used for handwriting recognition. In
follow-up studies LeNet-5 was adapted for a number of other applications and areas
[Krizhevsky et al., 2012; Girshick et al., 2014; Ren et al., 2015; Simonyan and Zisser-
man, 2014a; He et al., 2016; Gatys et al., 2016b; Johnson et al., 2016]. Krizhevsky et al.
[2012] achieve best results when they published their network (AlexNet) in ImageNet
competition which showed that CNNs outperform handcrafted methods in various
pattern recognition tasks. Moreover, with the computational power of Graphical Pro-
cessing Units (GPUs), CNNs have achieved remarkable cutting edge performance
within a number of areas, including object detection [Girshick et al., 2014; Ren et al.,
2015], image recognition [He et al., 2016; Lin et al., 2017; Huang et al., 2007a] se-

9
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mantic segmentation [Long et al., 2015; Noh et al., 2015], and style transfer [Gatys
et al., 2016b; Johnson et al., 2016]. Simonyan and Zisserman [2014a] developed a
simple and ef�cient CNN architecture, named the Visual Geometry Group (VGG)
model, which signi�cantly improves upon AlexNet. They introduced the concept
of layer-wise visualization of features, which shifted the trend towards extraction of
features at low spatial resolutions in deep architecture of the VGG. Nowadays, most
new architectures are built upon the principles known from the VGG [Gatys et al.,
2015; Szegedy et al., 2015; Schroff et al., 2015; Xie et al., 2017].

CNNs contain different types of layers. A regular CNN consists of a number of
convolutional, pooling and non-linearity (ReLU) layers, optionally followed by fully
connected layers [Krizhevsky et al., 2012; Simonyan and Zisserman, 2014a]. By stack-
ing many of these layers, CNNs can automatically learn feature representations using
trainable �lters and local neighborhood pooling operations which are applied to in-
put images and to subsequent feature maps. AlexNet was the �rst large CNN model,
which consisted of �ve convolutional layers, three Max-pooling layers and three fully
connected layers. A ReLu activation function is applied after all convolutional and
fully connected layers except for the last fully connected layer. The architecture of
AlexNet is illustrated in 2.1.

Convolutional layer. The convolutional layer is the core building block of a CNN.
It is in this layer that the computational overheads are the largest across the whole
network since the objective of the convolution operation is to extract high-level fea-
tures, such as edges, from the input images. The convolutional layer consists of �lters
or kernels that have learnable weights or parameters, and biases. Each �lter is con-
volved with inputs. The convolution operations are complex and time consuming
since they preserve spatial relationships between pixels by learning image features
across entire feature map using kernels.

Pooling layer. Pooling is a form of non-linear down-sampling and aggregation
inserted periodically between successive convolutional layers. Its main function is
to reduces the number of parameters, provide the shift invariance and reduce com-
putations in the successive layers, thereby controlling over�tting and achieving bet-
ter generalization and faster convergence rates. Pooling is usually placed between
convolutional layers. Pooling works by dividing the input images into a set of non-
overlapping (or overlapping) rectangles where each region is summarized by a non-
linear operation such as average, maximum or sum.1

ReLU Layer. ReLU stands for Recti�ed Linear Unit which is a non-linear element-
wise operation. The motivation behind the ReLU layer is to incorporate non-linearity
in the CNN to achieve so-called depth ef�ciency needed for CNNs to learn complex
visual hypotheses. This is because a large part of real-world information is naturally
nonlinear and cannot be represented by mere linear models. Hence, in order to
introduce non-linearity, the outputs of the convolution layer are passed through a
ReLU activation function. ReLU decides whether a neuron should be active or not
by computing the function f (x) = max(0,x). Two major advantages of ReLUs are

1There exist many pooling strategies for CNNs.
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Figure 2.1: The architecture of AlexNet [Krizhevsky et al., 2012], a structurally simple
CNN easy easy to train and use. AlexNet consists of �ve convolutional layers and
three fully connected layers. Max-pooling layers follow the �rst two and the �fth
convolutional layers. The ReLU activation function follows all trainable layers except

for the last fully connected layer which is followed by a softmax.

the sparsity and a reduced likelihood of vanishing gradient. In this regime, the
gradient has a constant value which leads to ef�cient learning. ReLU ensures only a
subset of the neurons are active at the same time (neurons with an output of zero are
inactive), thereby making the network sparse allowing straightforward and ef�cient
computation. Due to the fact that ReLU maps all negative inputs to zero, a potential
disadvantage of ReLU is that the gradients for negative input are zero, which means
that some neurons are unused and their weights are not updated during the back-
propagation step. This results in “dead” neurons that never get activated. Moreover,
this constant zeroed gradient may slow down the training process. Hence, to alleviate
this problem, LeakyReLu [Maas et al., 2013] was proposed. In this model, instead
of the function mapping the inputs to zero for all negative values, a leaky ReLU
will impose a small negative slope (of 0.01 or so). Thus, the outputs of LeakyReLU
are small and non-zero for all negative inputs. Other non-linear functions, such as
tanh or sigmoid, have also been in use but ReLU and particularly LeakyRelu have
been the best performing functions to date. In this thesis, we use LeakyReLU as the
non-linear activation function.

Fully Connected Layer. The outputs of the convolutional and pooling layers
represent high-level features of the input. The purpose of the fully connected layer
is to use these features for classifying the input into a number of classes based on
the training dataset. A fully connected layer expects a real-valued vector as input.
Therefore, a 3D volume which is the output of the �nal pooling layer is �attened
to a vector which becomes an input to the fully connected layer which produces
non-spatial outputs.

In order to obtain desired outputs, the parameters of CNNs ( i.e., weights) are
usually adjusted using learning algorithms. The back-propagation is one such learn-
ing algorithm, a cornerstone of modern CNNs [Rumelhart et al., 1986; LeCun et al.,
1998; Deng et al., 2014]. Back-propagation works by considering a loss function,
computing its gradient w.r.t. network parameters in order to minimize the loss func-
tion via the chain rule. The optimization process is often performed by the block
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coordinate gradient descent which can be computationally costly due to the size of
the training dataset. One step of the block coordinate gradient descent is linear in
the size of the training data, but the optimization consists of many steps applied
iteratively until convergence. An alternative and more ef�cient approach is so-called
Stochastic Gradient Descent (SGD) [Robbins and Monro, 1951]. In this approach, at
each iteration, rather than calculating the gradient on the entire block, a number of
samples are used to compute an estimate. Hence the process associated with this
approach is stochastic. In this thesis, Stochastic Gradient Descent (SGD) combined
with so-called Root Mean Square Propagation (RMSprop) [Hinton, 2016] are used as
the optimization method for training our networks.

2.2 VAE

In unsupervised learning, a recent approach to learning complex distributions uses
so-called Variational AutoEncoders (VAEs) [Kingma and Welling, 2013]. VAEs es-
sentially extend the architecture of autoencoders, with the difference that, for latent
variables, strong assumptions are made regarding their distributions. A standard
VAE framework consists of an encoder Enc and a decoder Dec. The encoder maps
an input sample x to a distribution over latent variables z � Enc(x) = q(zjx). Dec
maps from this latent space to a distribution over images

�
x � Dec(z) = p(xjz). The

loss function is given as:

L VAE = � Eq(zjx) [log p(xjz)] + DKL(q(zjx) k p(z)) , (2.1)

where p(z) is a prior distribution over the latent variables and DKL is the Kullback-
Leibler divergence. The �rst term, also referred to as the reconstruction error, is the
squared Euclidean error under the assumption that each pixel is generated from a
Gaussian distribution. The second term biases the distributions of the latent vari-
ables towards the prior. It is assumed that the distributions of q(zjx) and p(z) are
Gaussian, which allows the analytical computation of the KL divergence. We refer
the reader to [Kingma and Welling, 2013] for further details. Figure 2.2 shows a basic
VAE framework. A number of VAE methods have been highly popular within the
deep learning �eld, with several variations [Rezende et al., 2014; Kulkarni et al., 2015;
Yan et al., 2016; Higgins et al., 2017]. For example, Maaløe et al. [2016] include an ex-
tension to create stochastically deeper architectures. Sønderby et al. [2016] combine
an approximate Gaussian likelihood with the decoder resulting in better generative
performance than the normal VAEs. Burda et al. [2015] propose a method dedi-
cated to semi-supervised classi�cation tasks. Recently, Gregor et al. [2015] embed
a two-dimensional differentiable attention mechanism in a sequential VAE frame-
work for realistic image generation Kulkarni et al. [2015] use the Stochastic Gradient
Variational Bayes (SGVB) algorithm to generate images with variations in pose and
lighting. Yan et al. [2016] use a VAE variant and layered representations to generate
images with speci�c semantic attributes. In general, VAEs tend to generate overly
smooth images. If they are simply retrained for the problem of face recovery from
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Figure 2.2: The VAE framework. Variable z is drawn from a multivariate Gaussian
distribution. Enc denotes the encoder,Decdenotes decoder,mand s are the parame-

ters of the output obtained by the encoder.

stylized portraits, they are unable to generate realistic face images which is evidenced
by the lack of high-frequency details in the results. Nonetheless, the concepts under-
lying VAEs can be useful, and hence, we employ these concepts in the design of our
framework (detailed in the following chapters).

2.3 Neural Generative Models

Generative Adversarial Networks (GANs) [Goodfellow et al., 2014] are a popular
framework for training generative parametric models. This framework simultane-
ously trains two networks: a generator network G and a discriminator network D.
The purpose of G is to generate realistic images, while D plays an adversarial role,
discriminating between the image generated from G and the real image sampled
from the data distribution pdata. G maps an input random vector z, sampled from a
prior distribution pZ to the image space, while D maps an input image to a likeli-
hood.

In particular, G and D play a min-max adversarial game between themselves with
value function V (G, D):

min
G

max
D

V (G, D)= Ex� pdata[log D(x)] + Ez� pz(z) [log(1 � D(G(z)))] , (2.2)

where x is the sample from the pdata distribution; D(x) represents the probability
that x came from the data rather than G and z is a random encoding on the latent
space. The GAN framework is shown in Figure 2.3.

GANs have shown a great promise concerning their performance [Dosovitskiy
and Brox, 2016; Goodfellow et al., 2014; Radford et al., 2015; Rozière et al., 2021]. With
some user interaction, GANs have been applied in interactive image editing [Zhu
et al., 2016a]. Compared to VAEs, GANs generate much sharper images, however,
they cannot be directly applied to face recovery tasks because they are unable to
preserve the identity of the subjects.

Generative image modeling is a fundamental problem in computer vision. There
has been a remarkable progress in this area with the emergence of deep learning
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Figure 2.3: The GAN framework in which the generator creates fake data from a
random noise and the discriminator is trained with both real and fake data, either

simultaneously by concatenating real and fake data, or by alternating.

techniques in recent years [Van den Oord et al., 2016; Kingma and Welling, 2013;
Larsen et al., 2015; Goodfellow et al., 2014; Denton et al., 2015b; Zhang et al., 2019].
Dosovitskiy and Brox [2016] demonstrate that an object image can be reconstructed
by inverting deep convolutional network features ( e.g., VGG [Simonyan and Zisser-
man, 2014a]) through a decoder network. Kingma and Welling [2013] propose VAEs,
which regularize encoders by imposing prior over the latent units such that images
can be generated by sampling from (or interpolating) latent units. However, the im-
ages generated by a VAE are usually blurry due to its training objective based on
pixel-wise Gaussian likelihood.

Recently, GANs have shown a promising performance for generating sharper im-
ages as they employ an adversarial loss that forces the generated random images be
indistinguishable from the ground-truth data. However, the resolution of constructed
images by GAN models is limited due to training instabilities. In order to improve
the stability of the training procedure of GANs, various methods have been proposed
[Huang et al., 2016; Denton et al., 2015b; Isola et al., 2017; Reed et al., 2016; Salimans
et al., 2016; Arjovsky et al., 2017; Yang et al., 2020]. Larsen et al. [2015] combine VAEs
with GANs in order to improve the quality of generated images by replacing pixel-
wise loss with a feature-wise loss to capture well the data distribution. However, in
this thesis, we improve our results by combining both pixel-wise and feature-wise
loss functions to capture well the identity-related information of face images (see
chapter 4 for more details). Jointly training VAEs with an adversarial loss prevents a
generation of over smooth images [Larsen et al., 2015] but it often leads to artifacts.

Built upon these generative models, GANs were trained conditionally by feed-
ing the conditioning variable to both the discriminator and the generator [Mirza and
Osindero, 2014]. Conditional GANs adopt adversarial training to learn a parametric
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translating function from a large-scale dataset of input-output pairs, such as super–
resolution [Ledig et al., 2017; Huang et al., 2017b; Yu and Porikli, 2017c; Yu et al.,
2019], inpainting [Yeh et al., 2017], photo editing [Brock et al., 2016], image manip-
ulation [Shen and Liu, 2017; Kim et al., 2017b; Perarnau et al., 2016; Zhou et al.,
2017], image-to-image translation [Isola et al., 2017; Kim et al., 2017a; Zhou and Xiao,
2020] and style transfer [Ulyanov et al., 2016a; Li and Wand, 2016b; Zheng and Liu,
2020]. Although these methods produce impressive photorealistic images, they fail
to preserve identities of subjects.

Conditional GANs have been used for the task of generating photographs from
sketches [Sangkloy et al., 2017], and from semantic layout and scene attributes [Kara-
can et al., 2016]. Wang et al. [2018b] use the vanilla conditional GAN (cGAN) to gen-
erate sketches. However, the cGAN produces sketch-like artifacts in the synthesized
faces as well as facial deformations. Wang et al. [2018a] use the CycleGAN [Zhu et al.,
2017b], and employ multi-scale discriminators to generate high–resolution sketch-
es/photos. Their method demonstrates a greatly improved performance. However,
it still produces slight blur and/or color degraded artifacts. Kazemi et al. [2018] em-
ploy Cycle-GAN conditioned on facial attributes in order to enforce desired facial
attributes over the images synthesized from sketches. While sketch-to-face synthesis
is a related problem, our uni�ed framework works well with a variety of styles more
complex than sketches.

Li and Wand [2016b] train a Markovian GAN for style transfer and discrimina-
tive training is applied on Markovian neural patches to capture local style statistics.
The approach closest to our work is the method proposed by Isola et al. [2017],
who develop “pix2pix” framework which uses so-called “Unet” architecture and the
patch-GAN to transfer low-level features from the input to the output domain. For
faces, this approach produces visual artifacts and fails to capture the global structure
of faces. Therefore, patch-based methods fail to capture the global structure of faces
and, as a result, they generate poor destylization results. In contrast, we propose
an identity-preserving loss to faithfully recover the most prominent details of faces.
Moreover, there exist several methods to synthesize sketches from photographs (and
vice versa) [Nejati and Sim, 2011; Yuen and Man, 2007; Tang and Wang, 2003; Sharma
and Jacobs, 2011]. While sketch-to-face synthesis is a related problem, our uni�ed
framework can work with various more complex styles.

Recently, Yan et al. [2016] use a conditional CNN to generate faces based on
attributes. Perarnau et al. [2016] develope an invertible conditional GAN to generate
new faces by editing facial attributes of input images, while Shen and Liu [2017]
manipulate attributes of an input image via its residual image. As their methods are
dedicated to generating new face images rather than the face recovery, they cannot
preserve identity. In contrast, our method uses attributes to reduce the uncertainty
of the face recovery and recovers faithful realistic faces from artistic portraits.
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(a) (b) (c)

(d) (e) (f)

Figure 2.4: Illustration of image stylization (combining the content of a photograph
with the style of a well-known artwork). (a) Original Photograph of Stanford campus;
(b) The paintings The Starry Night by Vincent van Gogh; (c) The stylized image of (a) using
the style of (b); (d) The Original Photograph of the golden gate bridge. (e)The Scream, a

painting by Edvard Munch. (f) The stylized images of (d) using the style of (e).

2.4 Neural Style Transfer

Style transfer is a technique which can render a given content image (input) by in-
corporating a speci�c painting style while still preserving the contents of the input.
Figure 2.4 shows examples of the artistic styles mapped onto photographs of the
Stanford campus painting and the golden gate bridge. In the recent years, neural
style transfer methods have been a topic of interest in the computer vision commu-
nity. [Gatys et al., 2016b; Yin, 2016; Gatys et al., 2016a; Chen et al., 2021; Johnson
et al., 2016; Wang et al., 2021]. Among the style-transfer methods in the literature,
we distinguish image optimization-basedand feed-forwardmethods.

There have been several image optimization-based methods proposed in the lit-
erature [Gatys et al., 2016b; Yin, 2016; Li and Wand, 2016a; Wilmot et al., 2017]. The
seminal optimization-based work [Gatys et al., 2016b] transfers the style of an artis-
tic image to a given photograph. It minimizes the distance between Gram matrices
generated from feature maps of the style and synthesized image with respect to in-
put noise. During the optimization step, the statistics of neural activations of the
target, the content and style images are matched. Gram matrices capture so-called
feature co-occurrences and they are popular in image recognition [Koniusz et al.,
2016, 2017; Koniusz and Cherian, 2016]. The idea proposed by Gatys et al. [2016b]
inspired many follow-up studies. Yin [2016] presents a content-aware style transfer
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method which initializes the optimization algorithm with a content image instead of
a random noise. Li and Wand [2016a] propose a patch-based style transfer method
by combining Markov Random Field (MRF) and CNN techniques. The work [Gatys
et al., 2016a] proposes to transfer the style by using linear models. It preserves colors
of content images by matching color histograms. Gatys et al. [2017] decompose styles
into perceptual factors and then manipulate them for style transfer. Selim et al. [2016]
modify the content loss through a gain map for the head portrait painting trans-
fer. Wilmot et al. [2017] use histogram-based losses in their objective and build on
Gatys et al.'s algorithm [Gatys et al., 2016b]. Although the above optimization-based
methods enhance the quality of style transfer, they are computationally expensive
due to the iterative optimization procedure, thus limiting their practical use.

To address the inef�ciencies associated with computation, feed-forward meth-
ods are proposed to replace the original on-line iterative optimization step with
training a feed-forward neural network off-line and generating stylized images on-
line [Ulyanov et al., 2016a; Johnson et al., 2016; Li and Wand, 2016b].

Johnson et al. [2016] train a generative network for a fast style transfer using
perceptual loss functions. The perceptual loss function is employed to control the
content similarity between the stylized images and their original ones. The architec-
ture of their generator network follows the work by [Radford et al., 2015] and also
uses residual blocks to increase the capacity of the network. Another study [Ulyanov
et al., 2016a], named Texture Network, employs a multi–resolution architecture in the
generator network. Ulyanov et al. [2016b, 2017] replace spatial batch normalization
with instance normalization to achieve faster convergence. Furthermore, Wang et al.
[2017] enhance the granularity of the feed-forward style transfer with multimodal
CNN, which performs stylization hierarchically via multiple losses deployed across
multiple scales.

These feed-forward methods perform stylization � 1000 times faster than the
optimization-based methods. However, they cannot adapt to arbitrary styles that
are not used for training. For instance, in order to synthesize an image from a new
style, the entire network needs retraining. To deal with such a restriction, a number
of recent approaches encode multiple styles within a single feed-forward network
[Dumoulin et al., 2016; Chen and Schmidt, 2016; Chen et al., 2017; Li et al., 2017]. Du-
moulin et al. [2016] use conditional instance normalization that learns normalization
parameters for each style. Given feature activations of the content and style images,
Chen and Schmidt [2016] replace content features with the closest-matching style
features in a patch-by-patch manner. Chen et al. [2017] present a network that learns
a set of new �lters for every new style. Similarly, Li et al. [2017] also adapt a sin-
gle feed-forward network via a texture controller module which forces the network
towards synthesizing the desired style only. Because style transfer aims to generate
multiple stylized images from one image, the existing feed-forward approaches have
to compromise between the generalization [Li et al., 2017; Huang and Belongie, 2017;
Zhang and Dana, 2018] and quality [Ulyanov et al., 2017, 2016b; Gupta et al., 2017;
Garcia-Dorado et al., 2020]. On the contrary, we target at generating high-quality
realistic face images from multiple stylized faces, and style information is unknown
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beforehand. Therefore, state-of-the-art style transfer methods cannot be directly ap-
plied to our task.

2.5 Face Hallucination

Face hallucination represents a problem of domain-speci�c super–resolution where
the goal is to recover high–resolution face images from low–resolution inputs. There
exist different solution approaches for the problem of face super–resolution or face
hallucination. At a high-level, they can be broadly categorized as: (a) holistic-based
solutions, (b) part-based solutions and (c) deep network-based solutions.

Holistic-based approaches generally super-resolve entire HR faces via the use of
global face models, which is usually achieved via a Principal Component Analysis
(PCA). [Wang and Tang, 2005] was one the �rst studies to effectively super-resolve
HR faces, and they achieved this by identifying a linear mapping between HR and
LR face subspaces. The study by Liu et al. [2007], learns a way to unsample LR inputs
via a global appearance model and is also able to enhance facial details via a local
non-parametric model. Kolouri and Rohde [2015] make use of subspace learning
combined with optimal transport to extract an HR image from an LR input. These
subspace-based approaches for face hallucination can be very sensitive to LR images
that are misaligned, and speci�cally, those methods using PCA holistic models, can
lead to ghosting artifacts observable in the results.

On the other hand, part-based methods focus on unsampling facial regions rather
than super-resolving an entire face, which allows addressing various poses. By using
facial components or reference position patches, from the LR inputs, they are able to
generate the corresponding HR faces. One such study is [Ma et al., 2010], who use
multiple reference HR patches to generate a super-resolved HR patch for a particular
spatial location. The studies by Yang et al. [2010] and Li et al. [2014] use a sparse
representation to model local structures within faces. The study by Tappen and Liu
[2012] align images by applying SIFT �ow. Studies have also used a facial landmark
detector to localize facial components in LR faces and have then reconstructed details
using similar HR reference components [Yang et al., 2013, 2017]. Wang et al. [2014]
survey face hallucination, particularly focusing on traditional approaches.

With the availability of large-scale datasets, Zhou and Fan [2015] develop a CNN
that can recover facial details by extracting facial features. Using the generative ad-
versarial framework of [Goodfellow et al., 2014] combined with multi-class adversar-
ial loss, [Xu et al., 2017] are able to upsample blurry images, LR face images and text
images. The study by Dahl et al. [2017] makes use of PixelCNN [Oord et al., 2016] for
the hallucination of LR face images. Using a similar idea, Zhu et al. [2016b] develop
a cascade bi-network that can upsample unaligned and very low–resolution faces,
where one is used for the purposes of super-resolving low-frequency components
within face images and the other is used for hallucinating high-frequency facial de-
tails. Deep learning methods, for face images, do not consider out-of-plane rotations
and are restricted only to small pose variations ( i.e. within � 30� ). Hence, when large
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pose variations are present, these methods often fail to super-resolve super-resolve
LR faces.

By making use of facial structure information, a few recent methods are able
to deal with large pose variations in LR faces [Chen et al., 2018; Bulat and Tz-
imiropoulos, 2018]. The study by Chen et al. [2018] �rst super-resolve low-frequency
components within the input faces after which they use facial landmarks (identi�ed
from upsampled faces) to enhance facial details. Bulat and Tzimiropoulos [2018] em-
ploy a different approach to upsample faces in differing poses via the use of a loss
to ensure detected landmarks are as close as possible to ground-truth ones. These
methods are limited since they are only able to super-resolve pro�le faces and are
unable to frontalize faces accurately. Pro�le faces can indeed be super-resolved by
preserving authentic details, however, localizing facial landmarks for the purposes
of frontalization is still a challenging task.

2.6 Face Frontalization

Mapping a non-frontal face to a frontal face is not a straightforward task since there
can be a number of pose variations and self-occlusions may occur. Hence, in the �eld
of computer vision, there has been signi�cant interest in this problem.

In deep learning, a number of approaches to face frontalization have been re-
cently proposed [Zhu et al., 2014; Yim et al., 2015; Zhu et al., 2015; Tran et al., 2017b;
Cole et al., 2017; Huang et al., 2017b; Yin et al., 2017]. The study by Zhu et al. [2014]
exploit similarity of facial components and symmetry within deep neural networks
to frontalize HR faces. Their method suffers from the problem that input faces and
frontalized ones are often not similar since their approach does not estimate a 3D
model. Yim et al. [2015], for rotating face, propose a multi-task deep neural network.
However, their approach consists of aggressive downsampling operations leading to
outputs with blurry frontal faces. In similar fashion, the study by Cole et al. [2017]
uses a face recognition network to learn how to generate textures from features and
facial landmarks. Furthermore, this study uses facial landmarks to warp input faces,
thus requiring high–resolution for their inputs. Huang et al. [2017b] have recently in-
vestigated the use of two deep neural networks (local and global) to frontalize faces.
This approach fails on non-frontal unaligned face images, since their local network
extracts HR facial components to accurately align pre-de�ned positions to HR facial
components and for the preservation of facial identity. To frontalize faces with arbi-
trary poses, Yin et al. [2017] use a combination of a generative adversarial network
and a 3D Morphable Model (3DMM). In order to map input faces to the 3DMM, they
also require localizing facial landmarks, hence requiring HR input images. The study
by Tran et al. [2017a] propose a CNN to regress 3DMM texture and shape parameters
to improve the performance of the 3DMM. However, in their approach the image in-
tensities of their frontalized faces are not similar to that of the input images. Instead
of localizing facial landmarks explicitly in the face images, the study by Chang et al.
[2017] does not localize facial landmarks explicitly, but instead propose a CNN that
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uses image intensities to regress 6 degrees of freedom (6DoF) 3D head poses. Via this
approach, face images can be aligned without explicitly localizing facial landmarks
using the 6DoF parameters which have been estimated. Chang et al. [2017] are able
to preserve the appearance of input images and the outputs in generated views by
using the estimated parameters to transform input image intensities. Though, their
approach can lead to landmark misalignments and artifacts in the resulting images
since it projects facial landmarks from a 3D model to the inputs while rendering faces
in new scenarios.
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Chapter 3

Face Destylization

3.1 Foreword

As mentioned in the previous chapter, state-of-the-art methods cannot be directly
applied to the face destylization task. The previous networks do not have the mech-
anism to transfer the features extracted from stylized images to the features of real
faces. Inspired by the Generative Adversarial Networks (GANs), we present a net-
work which removes styles in face portraits regardless of different types of styles in
use. In particular, we propose a novel Face Destylization Neural Network (FDNN)
to restore the latent photo-realistic faces from the stylized ones. We develop a Style
Removal Network composed of convolutional, fully-connected and deconvolutional
layers. We demonstrate the effectiveness of our network by conducting experiments
on an extensive set of synthetic images. Furthermore, we illustrate our network can
recover faces from stylized portraits and real paintings for which the stylized data
was unavailable during the training phase.

This chapter has been published as a conference paper: Shiri, F.; Yu, X.; Koniusz,
P.; and Porikli, F., 2017. Face destylization. In 2017 Inter-national Conference on
Digital Image Computing: Techniques and Applications (DICTA), 1 � 8. IEEE.

3.2 Introduction

Applying artistic styles to existing photographs has attracted much attention in both
academia and industry with several interesting applications. The inverse problem of
reverting an artistic portrait back to its photo-realistic version is investigated in this
chapter. Revealing the latent real faces can provide essential information for human
perception, computer analysis and photo-realistic multimedia content editing. Since
facial details and expressions in stylized portraits often undergo severe distortions
and become contaminated with artifacts such as pro�le edges and color changes e.g.,
as in Figure 3.1(a) and Figure 3.1(e), recovering a photo-realistic face image from its
stylized version is very challenging.

The seminal work of [Gatys et al., 2016b] stylizes the content of an arbitrary image
according to a given reference artwork and achieves appealing style transfer results,
hovewer, its iterative optimization procedure is computationally costly. Several meth-

21
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i)

Figure 3.1: Comparison to the state-of-art methods. (a) and (e) 128� 128 stylized
face images in Candystyle (which is seen and used for training) and in Starry Night
style (which is unseen style), respectively. (b, f) Results obtained by applying Gatys
et al. [2016b] for the given stylized faces. (c, g) Results obtained by applying Johnson
et al. [2016]. (d, h) Our destylization results. (i) 128 � 128 ground-truth face image

(used for evaluation purposes; not available to the algorithm for training).

ods based on feed-forward neural networks [Ulyanov et al., 2016a,b; Johnson et al.,
2016; Dumoulin et al., 2016; Li et al., 2017; Chen and Schmidt, 2016; Zhang and Dana,
2018; Huang and Belongie, 2017] accelerate the style transfer for speci�c styles.

For our inverse problem, the above style transfer methods fail to recover au-
thentic face images as shown in Figure 3.1(f) and Figure 3.1(g). These approaches
typically use Gram matrices to capture style-related contents. Since Gram matrices
are designed to measure the correlations between feature maps of a style image and
a target face, the spatial structure of an output image is not guaranteed to be similar
to the target face. Therefore, existing style transfer methods which rely on Gram
matrices are not suf�cient for restoring photo-realistic portraits.

To capture local statistics of a style image, some approaches use a so-called patch-
based Generative Adversarial Network (GAN) [Li and Wand, 2016b; Isola et al., 2017].
However, patch-based GANs do not take the global structure of faces into account
thus a direct application of patch-GAN may not produce satisfactory results. We will
show later that patch-based methods [Li and Wand, 2016b; Isola et al., 2017] fail to
attain the consistency of face colors. For the inverse problem, the patch-based GAN
methods result in even bigger inconsistencies.

We note that the state-of-the-art style transfer methods [Li and Wand, 2016b;
Ulyanov et al., 2016a; Johnson et al., 2016] do not fully take into consideration how
to extract facial features from different stylized images and then recover realistic face
images. Our goal is to reveal the latent real face images from multiple style portraits
(seen styles) and achieve destylization even when the styles are not available in the
training dataset (unseen styles).

To this end, we propose a novel destylization network that automatically maps
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the stylized faces to photo-realistic ones in an end-to-end fashion. Our network
is composed of two components: a generative part, named Style Removal Network
(SRN), and a discriminative part. SRN constitutes convolutional, fully-connected
and deconvolutional layers. The convolutional layers are exploited to extract facial
components from stylized face images. As we aim to generate realistic face images,
a fully-connected layer is developed to map the extracted feature maps of stylized
faces to the feature maps of real faces. Then the mapped feature maps are projected
to the image domain, thus forming face images. The discriminative network enforces
the generated face images to lie in the same latent space as the realistic face images,
in the manner similar to [Goodfellow et al., 2014; Denton et al., 2015b; Yu and Porikli,
2016]. We train the entire network on a large-scale dataset of stylized and real face
pairs. Our proposed framework can restore important facial details and attributes
thanks to the style removal and discriminative subnetworks.

Furthermore, we observe that the �lters of a Convolutional Neural Network
(CNN) learned during training (seen styles) are able to extract features from im-
ages containing unseen styles. A face image stylized with seen styles shares facial
patterns and objects with the same face image stylized with unseen styles. The �l-
ters of CNN are able to learn facial patterns and objects and recognize them during
the training and used them for recovering the real face images from stylized images
containing unseen styles. Thus, the facial information of stylized portraits can be
extracted and used to represent features of real faces. Therefore, our network can
also restore the images of faces given an unseen style. In the experimental section,
we demonstrate that our network is able to recover realistic faces from both seen and
unseen stylese.g., synthesized and original portraits and paintings.

Below, we summarize our main contributions:

� We propose FDNN which is able to generate photo-realistic faces from stylized
ones. The results resemble accurately the ground-truth faces in terms of facial
properties e.g., facial pro�les and expressions.

� We develop a style removal sub-network to extract features from stylized input
face images, then map these style features to real facial features and re-project
them to the image domain for the purpose of generating authentic looking
faces.

� We provide a dataset of pairs of the stylized and real face images used in our
experiments to stimulate further research in destylization.

To the best of our knowledge, our framework is the �rst attempt to provide a uni-
�ed approach for face destylization which can remove both seen and unseen styles
(i.e. observed and unobserved styles during training).

Our dataset of pairs of stylized and photorealistic faces, and the code are available
on https://github.com/fatimashiri .
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Figure 3.2: Face destylization neural network consists of two parts: a generative
network (green frame) and a discriminative network (red frame).

3.3 Method

Our FDNN network has two components: (i) a Style Removal Network (SRN), which
transforms stylized faces to the photo-realistic ones, and (ii) a discriminative network,
which enforces the generated faces by SRN to be indistinguishable from the real faces.

Figure 3.2 illustrates the overall architecture of our proposed network.

3.3.1 Style Removal Network

In Figure 3.2, our SRN is enclosed by the green frame. SRN aims at removing various
styles of portraits and generating realistic faces. Our SRN comprises convolutional
layers followed by batch normalization layers, a fully connected layer and deconvo-
lutional layers followed by batch normalization layers. The convolutional layers are
employed to extract facial features from stylized face images. Then, we incorporate
a fully-connected layer to transfer the extracted feature maps of stylized images into
the feature maps of real faces. In order to synthesize images of real faces, deconvo-
lutional layers project these transferred feature maps to the image domain.

In order train SRN, we use stylized portraits as inputs and their corresponding
ground-truth images of real faces as desired supervising output signals. Since a
dataset of portrait/real face pairs is not readily available, we opt to generate a large
number of stylized faces in numerous styles from real face images. Figure 3.3(d) and
Figure 3.3(g) illustrate the effectiveness of SRN.

3.3.2 Discriminative Network

Using only Euclidean distance, i.e. `2 loss, between the destylized faces and the
corresponding ground-truth real ones tends to generate over-smoothed results as

Preliminary version – 11 July 2021



§3.3 Method 25

(a) (b)

(c) (d) (e) (f) (g) (h)

Figure 3.3: Contribution of each FDNN part. (a,b) Ground-truth real face images.
(c,f) Input portrait of Feathersand la Muse from test dataset; not available in the
training stage. (d, g) Destylization results without adversarial loss. (e, h) Our �nal

results with adversarial loss.

shown in Figure 3.3(d) and Figure 3.3(g), and this phenomenon is also mentioned
in [Yu and Porikli, 2016]. Therefore, a class-speci�c discriminative objective is also
incorporated into our SRN, aiming to enforce the destylized face images to lie on the
same latent space of the authentic face images.

As shown in the red frame of Figure 3.2, the discriminative network is constructed
by convolutional and fully connected layers. Its role is to determine whether an
image is sampled from real face images or the destylized ones. With the help of the
so-called discriminative adversarial loss, we can force generated destylized faces to
be more similar to real ones. This is achieved by back-propagating the adversarial
loss to update the parameters of SRN. Figure 3.3(e) and Figure 3.3(h) illustrate the
impact of the adversarial loss on the �nal results.

3.3.3 Training Details

Our FDNN is trained in an end-to-end manner. We use Stylized Face (SF) and Real
Face (RF) ground-truth image pairs (si , r i ) as our training dataset, where r i represents
the real face images aligned by eyes only, andsi is a synthesized SF image fromr i . For
each real facer i , we generate eight different SFs i.e., Edvard Munch's Scream, Candy,
Feathers, Starry Night by Van Gogh, la Muse by Pablo Picasso, Wassily Kandinsky's
Composition VII, Mosaicand Francis Picabia'sUdnie, and obtain SF/RF training pairs.
The stylized faces of Scream, Candy and Feathersare used in the training stage. As
detailed in Sec. 3.4, we �nd that these distinct portraits provide a suf�cient training
data for our needs.

Our training strategy enforces the generated face r̂ i to be similar to its correspond-
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ing ground-truth r i . Therefore, we employ a pixel-wise `2 loss between r̂ i and r i , and
we minimize the objective Q(T ) of SRN as follows:

min
T

Q(T )= E ( r̂ i ,r i )� p( r̂ ,r)kr̂ i � r ik2
F

= E (si ,r i )� p(s,r)kGT (si ) � r ik2
F,

(3.1)

where T indicates the parameters of SRN generator G, p(s, r) represents the joint
distribution of the SF and RF images in the training dataset and p( r̂ , r) represents the
joint distribution of destylized and the ground-truth faces.

To achieve high-quality results, we force SRN to fool the discriminative super-
vising network that employs a binary classi�er which task is to distinguish whether
incoming image samples contain real or generated faces. Similar to the idea of [Good-
fellow et al., 2014; Denton et al., 2015a; Radford et al., 2015], our goal is to make the
discriminative network fail to distinguish generated faces from real ones. Hereby, we
maximize the adversarial loss of the discriminative network F(L ) as follows:

max
L

F(L )= E [log DL (r i ) + log(1 � DL ( r̂ i )) ]

= E r i � p(r) [log DL (r i )]+ E r̂ i � p( r̂)) [log(1� DL ( r̂ i ))] ,
(3.2)

where L represents the parameters of the discriminative network D, p(r) and p( r̂)
indicate the distributions corresponding to the real and the generated faces, respec-
tively, and DL (r i ) and DL ( r̂ i ) are the outputs of network D. Since the loss F is
back-propagated to update not only the parameters L but also T , we also minimize
the objective function Q f (T ) of SRN:

min
T

Q f (T )= E (si ,r i )� p(s,r)kGT (si ) � r ik2
F

+ l Esi � p(s)) [logDL (GT (si ))] ,
(3.3)

where scalar l is a trade-off between supervising the generator by the ground-truth
data vs. the discriminator supervision, respectively.

Since each layer in our FDNN is differentiable, we employ the Root Mean Square
Propagation (RMSprop) [Hinton, 2016] to update T and L . In order to maximize the
adversarial loss F, the stochastic gradient ascent is used to updateL :

Di+ 1 = bDi + ( 1 � b)(
¶F
¶L

)2, (3.4)

L i+ 1 = L i + a
¶F
¶L

1
p

Di+ 1 + e
, (3.5)

where a and b represent the learning and the decay rate respectively, i is the iteration
index, D is an auxiliary variable, and e is set to 10� 8 to avoid division by zero. For
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SRN, both lossesQ and F are used to update T by the stochastic gradient descent:

Di+ 1 = bDi + ( 1 � b)(
¶Q f

¶T
)2, (3.6)

T i+ 1 = T i � a(
¶Q f

¶T
)

1
p

Di+ 1 + e
(3.7)

We set l = 0.01 to limit supervision of the generator by the discriminator and al-
low appearance-based learning from the ground-truth image pairs. As the iterations
progress, the output faces will resemble the real faces more. Therefore, we gradually
reduce the impact of the discriminative network by decreasing l ,

l n = maxf l � 0.995n, l /2 g, (3.8)

where n is the index of the epochs. Eqn. 3.8 not only increases the impact of the
appearance similarity term but also preserves the class-speci�c discriminative infor-
mation in the training phase.

3.3.4 Implementation Details

Similar to [Goodfellow et al., 2014; Radford et al., 2015], we employ batch normal-
ization after the convolutional and deconvolutional layers of SRN except for the last
deconvolutional layers. We also use leaky recti�ed linear units (leakyReLU) with
a negative slope 0.2 as non-linear activation functions. For training, the learning
rate a is set to 0.001 and multiplied by 0.99 after each epoch, and the decay rate is
set to 0.01. The discriminative network is only employed in the training phase. In
the testing phase, we feed a stylized face image into the SRN to obtain its realistic
version.

3.4 Synthesized Dataset

Training of a deep neural network requires a large number of samples to prevent
models from over�tting to the training data. The publicly available large-scale face
datasets [Huang et al., 2007b; Liu et al., 2015] only provide faces in the wild but not
pairs of real images of faces and their stylizations. Therefore, we opt to generate
a large number of stylized faces from the corresponding real face images in eight
distinct styles: Starry Night, la Muse, Composition VII, Scream, Candy, Feathers, Mosaic
and Udnie. For style images, we select artworks of diversi�ed styles, as shown in
Figure 3.4. For example, there are impressionism, cubism, abstract, contemporary,
futurism, surrealist, and expressionism art. Regarding the mediums, some of these
artworks are painted on canvas, while others are painted on cardboard or wool,
cotton, polyester, etc. To generate such a dataset, there are a number of alternative
feed-forward approaches available [Ulyanov et al., 2016a,b; Johnson et al., 2016]. We
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