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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 significant magnification 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 sufficient 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 deficiency by presenting approaches for solving the
challenge of reconstructing photorealistic images from their artistic counterparts.

Specifically, the problem we consider is to recover faces from artistic portraits
(also known as face destylization), including the recovery of fine 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 efficiently generate realistic images. By succes-
sively improving the network we show that significantly 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 efficacy
of our approach, we develop a DNN specifically 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 first 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
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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 efficacy 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 first study has two limitations. The first 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 final 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, defined 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 significantly 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 find 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 final study, we further test the efficacy 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 beneficial
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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profile 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 first 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 profile 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 first 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 benefit. 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 figuring 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 sufficient 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 benefit of face destylization in Figure 1.2, which shows a

1
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(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
significant 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 unified 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 first studies was conducted by Gatys et al. [2017], who proposed a Neural
Style Transfer algorithm 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 Candy style. 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 satisfied. 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 Transfer was 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 specific 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;

Preliminary version – 11 July 2021



4 Introduction

(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 significant 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 significant 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 final 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 firstly provide the motivation for
the undertaken work. Following this, we outline our proposed solutions to the chal-
lenging problems we have identified, 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 first 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 first 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-specific 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. Benefiting 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 flexibility 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 profile faces are
firstly 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-specific 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 influential innovations in the
field of computer vision. LeNet-5, one of the very first CNNs (LeCun et al. [1998]),
was the origin of much of the recent architectures and a true inspiration for many
scientists in the field. 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 efficient CNN architecture, named the Visual Geometry Group (VGG)
model, which significantly 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 filters and local neighborhood pooling operations which are applied to in-
put images and to subsequent feature maps. AlexNet was the first large CNN model,
which consisted of five 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 filters
or kernels that have learnable weights or parameters, and biases. Each filter 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 overfitting 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 Rectified 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 efficiency 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 five convolutional layers and
three fully connected layers. Max-pooling layers follow the first two and the fifth
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 efficient 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 efficient
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 final pooling layer is flattened
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 efficient 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(z|x). Dec
maps from this latent space to a distribution over images

∼
x ∼ Dec(z) = p(x|z). The

loss function is given as:

LVAE = −Eq(z|x)[log p(x|z)] + DKL(q(z|x)‖ p(z)), (2.1)

where p(z) is a prior distribution over the latent variables and DKL is the Kullback-
Leibler divergence. The first 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(z|x) 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 field, 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 classification 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 specific 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, Dec denotes decoder, µ and σ 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 unified 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 unified
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 specific 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-based and feed-forward methods.

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 inefficiencies 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 filters 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-specific 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 first 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 specifically, 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 flow. 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] first super-resolve low-frequency
components within the input faces after which they use facial landmarks (identified
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 profile faces and are
unable to frontalize faces accurately. Profile 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 field
of computer vision, there has been significant 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-defined 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 profile 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 Candy style (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 specific 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 sufficient 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 filters 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 fil-
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 styles e.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 profiles 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 first attempt to provide a uni-
fied 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 Feathers and la Muse from test dataset; not available in the
training stage. (d, g) Destylization results without adversarial loss. (e, h) Our final

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-specific 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 final 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, ri) as our training dataset, where ri represents
the real face images aligned by eyes only, and si is a synthesized SF image from ri. For
each real face ri, 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, Mosaic and Francis Picabia’s Udnie, and obtain SF/RF training pairs.
The stylized faces of Scream, Candy and Feathers are used in the training stage. As
detailed in Sec. 3.4, we find that these distinct portraits provide a sufficient training
data for our needs.

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

min
T

Q(T )=E(r̂i ,ri)∼p(r̂,r)‖r̂i − ri‖2
F

=E(si ,ri)∼p(s,r)‖GT (si)− ri‖2
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 classifier 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(ri) + log(1− DL(r̂i))]

=Eri∼p(r)[log DL(ri)]+Er̂i∼p(r̂))[log(1−DL(r̂i))],
(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(ri) and DL(r̂i) 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 ,ri)∼p(s,r)‖GT (si)− ri‖2
F

+λEsi∼p(s))[logDL(GT (si))],
(3.3)

where scalar λ 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 update L:

∆i+1 = β∆i + (1− β)(
∂F
∂L )

2, (3.4)

Li+1 = Li + α
∂F
∂L

1√
∆i+1 + ε

, (3.5)

where α and β represent the learning and the decay rate respectively, i is the iteration
index, ∆ is an auxiliary variable, and ε is set to 10−8 to avoid division by zero. For
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SRN, both losses Q and F are used to update T by the stochastic gradient descent:

∆i+1 = β∆i + (1− β)(
∂Q f

∂T )2, (3.6)

T i+1 = T i − α(
∂Q f

∂T )
1√

∆i+1 + ε
(3.7)

We set λ = 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 λ,

λn = max{λ · 0.995n, λ/2}, (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-specific 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 rectified linear units (leakyReLU) with
a negative slope 0.2 as non-linear activation functions. For training, the learning
rate α 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 overfitting 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 diversified 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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(a) Candy (b) Feathers (c) Starry (d) Scream

(e) Composition VII (f) Mosaic (g) La Muse (h) Udnie

Figure 3.4: Diversified style images used in our experiment: (a) Candy by Natasha
Wescoat. (b) Feathers by Kathryn Corlett. (c) Starry Night by van Gogh, 1889. (d)
Scream by Edvard Munch, 1893. (d) Composition VII by Wassily Kandinsky, 1913. (e)
A glass painting referred to as Mosaic (f) La Muse by Pablo Picasso, 1935. (g) Udnie

by Francis Picabia, 1913. (h)

(a)

(b) (c) (d) (e)

(f) (g) (h) (i)

Figure 3.5: Illustration of the synthesized dataset. (a) Original real face image. (b)-
(d) The synthesized stylized faces of (a) form Candy, Feathers and Scream which have
been used for training our network. (e)-(i) The synthesized stylized faces of (a) form
Composition VII, Mosaic, la Muse, Udnie and Starry styles which have not been used

for training.
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choose the recent feed-forward style transfer model [Johnson et al., 2016].
We firstly select at random 10K images of cropped real faces (within ±30◦ ori-

entation) from the CelebA [Liu et al., 2015] dataset for training and 1K images for
testing, and then resize them to 128×128 pixels. We use 10K training images as our
real ground-truth faces ri. To generate three different portraits of each face, we re-
train the style transfer model [Johnson et al., 2016] for Scream, Candy and Feathers
styles separately. Finally, we obtain 30K SF/RF pairs for training our network. We
also use 1K test real faces to generate 8K SF/RF face pairs from eight different styles
(each test face corresponds to eight distinct styles) for testing our network. Figure 3.5
shows the stylized samples that are generated from a single real image containing a
face (Figure 3.5(a)).

3.5 Experiments

We compare our method qualitatively and quantitatively against four different state-
of-the-art methods. As explained in Sec. 3.4, we gather 30K SF/RF face pairs from
three styles as a training dataset and 8K SF/RF pairs faces generated from different
eight styles for testing. In all the cases, the ground-truth real faces and the corre-
sponding stylized faces do not overlap in the training and testing datasets. Since our
method is feed-forward and no optimization is required at test time. Our method
cost 10 ms for a 128-by-128 image.

3.5.1 Qualitative Evaluation

Comparison to the state of the art. Firstly, we note that the test stylized face images
were not used for training of our model. The resolution of stylized and destylized
output faces in this study is 128× 128 pixels. We compare our approach against four
different approaches as detailed below.

We compare our work against [Gatys et al., 2016b], an image-optimization based
style transfer method free of the training stage. To generate real faces, this network
aims to preserve the contents of a portrait and the corresponding photo-realistic
face. The network fails to produce appealing results as shown in Figure 3.6(c) and
Figure 3.7(c). This method captures the correlations in feature maps of style and
synthesized images by Gram matrices and discards the spatial arrangement at the
pixel level.

We also use a feed-forward approach [Johnson et al., 2016] for destylization. Due
to the Gram matrix, this method also produces distorted facial details. As shown in
the first row of Figure 3.6(d), the edges of the face were blurred and the color of the
face is not consistent. From the first row of Figure 3.7(d), one can see that the style
overlapping with the eyes was not fully removed. Thus, their network fails to restore
authentic looking eyes.

Li and Wand [2016b] propose a patch-based style transfer method, known as
Markovian GAN. We use their network for destylization and apply their standard
protocols. As such a method is trained with stylized face patches, it cannot capture
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(a) (b) (c) (d) (e) (f) (g)

Figure 3.6: Results of the state-of-the-art methods for face destylization. (a) Input
portraits of Feathers, Scream from seen styles as well as la Muse, Udnie and Mosaic
from unseen styles (from test dataset; not available to the algorithm during train-
ing) (b) Ground-truth images of real faces. (c) Results obtained by applying [Gatys
et al., 2016b] for the given stylized faces. (d) Results obtained by applying [Johnson
et al., 2016].(e) Results obtained by applying MGAN method [Li and Wand, 2016b].
(f) Results obtained by applying pix2pix’s method [Isola et al., 2017] (g) Our final

results.

the global structure of facial images. As seen in Figure 3.6(e) and Figure 3.7(e), the
facial color consistency cannot be preserved either. In contrast, our method produces
highly-consistent facial colors and captures the global structure of faces well.

Isola et al. [2017] present a general image-to-image translation method, known as
pix2pix. It employs the architecture "Unet" for the generator network. A convolu-
tional patch based neural network is trained to discriminate between image patches
extracted from real and generated faces.

In addition, the low-level features from the bottom layers of Unet also partici-
pate in generating faces. These low-level features corrupt the destylized images and
result in poor removal of styles in the images e.g., for unseen styles. As shown in
Figure 3.6(f) and Figure 3.7(f), while pix2pix can produce acceptable results for seen
styles, it fails to remove previously unseen styles.
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(a) (b) (c) (d) (e) (f) (g)

Figure 3.7: Result of the state-of-the-art methods for face destylization. (a) Input por-
traits of Candy and Scream from seen styles as well as la Muse, starry Night and Mosaic
from unseen styles (from test dataset; not available to the algorithm during training)
(b) Ground-truth images of real faces.(c) Results obtained by applying [Gatys et al.,
2016b] for the given stylized faces. (d) Results obtained by applying [Johnson et al.,
2016].(e) Results obtained by applying MGAN method of [Li and Wand, 2016b]. (f)
Results obtained by applying pix2pix’s method of [Isola et al., 2017] (g) Our final

results.

As shown in the fourth row of Figure 3.7(f), obvious artifacts appear in the gen-
erated face of an unseen style.

Our destylized results exhibit higher fidelity w.r.t. the real faces, better con-
sistency in colors and can even preserve the identity of the subject, as shown in
Figure 3.6(g) and Figure 3.7(g).

3.5.2 Quantitative Evaluation

Face Reconstruction. In Table 3.1, we report the reconstruction performance mea-
sured on the entire test dataset for each approach. We use the average Peak Signal
to Noise Ratio (PSNR) and Structural Similarity (SSIM) [Wang et al., 2004] scores for
which higher scores indicate better results.

We report performance of destylization algorithms for two scenarios: seen and
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Table 3.1: Comparison of physical (PSNR) and perceptual (SSIM) quality measures
for the entire test dataset.

Method
Seen Styles Unseen Styles

PSNR SSIM PSNR SSIM

Gatys [Gatys et al., 2016b] 22.6792 0.8656 20.2320 0.8493
Johnson [Johnson et al., 2016] 22.8481 0.8745 21.2184 0.8632
MGAN [Li and Wand, 2016b] 19.5254 0.8548 17.2645 0.8270

pix2pix [Isola et al., 2017] 22.9893 0.8871 21.6316 0.8860

Ours 23.2086 0.9087 22.4430 0.9015

Table 3.2: Comparison of consistency between destylized faces from various seen and
unseen styles.

Methods Seen Styles Unseen Styles

Gatys [Gatys et al., 2016b] 82% 83%
Johnson [Johnson et al., 2016] 73% 72.5%
MGAN [Li and Wand, 2016b] 2% 1%

pix2pix [Isola et al., 2017] 93.33% 85.1%

Our method 98% 90.8%

unseen styles. For the seen styles, results of the state-of-the-art style transfer meth-
ods are shown in the first and second rows of Figure 3.6 and Figure 3.7. For the
destylization of portraits of unseen styles, we demonstrate results in the third, fourth
and fifth rows of Figure 3.6 and Figure 3.7.

Table 3.1 shows that our results achieve better PSNR and SSIM than the state-of-
the-art methods on seen styles and unseen styles. This performance also coincides
with the visual results.
Consistency Analysis.

Intuitively, the destylized faces from the different styles of the same person should
look similar. Examples generated from multiple styles are shown in Figure 3.6(g) and
Figure 3.7(g). In this experiment, we demonstrate that our method not only recovers
realistic faces with high fidelity but also generates faces looking close to each other
given multiple styles of the same person on input. This indicates that SRN can in-
deed extract facial features from portraits despite different styles and transfer these
features to recover underlying faces.

To evaluate the consistency of generated faces from different portraits of the same
person, we adapt the off-the-shelf deep face recognition approach [Parkhi et al., 2015].
First, we randomly choose 100 RF and 800 corresponding SF faces from eight dif-
ferent styles in the test dataset for our gallery (three seen styles and five unseen
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Figure 3.8: Results for the original paintings. Top row: the original portraits from
DevianArt. Bottom row: our destylization results.

styles). Then, we employ Gatys [Gatys et al., 2016b], Johnson [Johnson et al., 2016],
MGAN [Li and Wand, 2016b], pix2pix [Isola et al., 2017] and our FDNN to recover
real faces from eight various stylized faces. For each method, we set 100 destylized
faces from the Candy style as a query dataset and set the other 700 destylized faces
from the other seven styles as a search dataset. Following the standard protocol, we
compute the Face Recognition Rate (FRR) which quantifies if the correct person is re-
trieved within the top-5 candidates (the probability of successful retrieval by chance
is 0.71%). We also use the same procedure for other styles. Table 3.2 shows the
average FRR of each method for seen and unseen styles. Our method yields high
consistency score for both seen and unseen styles. This indicates the effectiveness of
our FDNN in producing realistic faces of high-fidelity.

3.5.3 Performance on Original Paintings

Despite our method is trained on a synthetic dataset, it can efficiently generalize to
real paintings/portraits. To demostrate this, we randomly choose some paintings
with faces from DevianArt. We crop images of these faces and then align them to
the CelebA face dataset in an off-line pre-processing step. Our method successfully
reconstructs plausible facial details from real paintings as shown in Figure 3.8. This
highlights that our method is not restricted to synthesized stylized faces.

3.5.4 Limitations

Our proposed network requires that the eyes of stylized faces to be aligned before-
hand to a template. Without such an alignment, FDNN may generate artifacts. How-
ever, we plan to automatically align the stylized facial images in our future work. As
illustrated in Figure 3.9(a), destylization is performed on an unaligned stylized face.
As a consequence, our network cannot localize facial features correctly and produces
erroneous feature maps. In addition, our method may produce artifacts for portraits
suffering from large pose variations, such as profile views of faces etc. Since there
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(a) Unaligned (b) SF (c) Our result

(d) Upright pose (e) SF (f) Our result

Figure 3.9: Failures. (a) An unaligned ground-truth face. (b) Stylized face of (a). (c)
Our result. (d) An upright pose. (e) Stylized face of (d). (c) Our result.

are not enough side-view images of faces in the training dataset, this results in arti-
facts. As shown in Figure 3.9(f), the network fails to generate satisfying results for
an upright pose. Exploring how to address large pose variations will be our future
work.

3.6 Conclusion

We presented a face destylization method that extracts features of a stylized portrait
and then exploits them to generate its corresponding photo-realistic face. Our net-
work learns a mapping from stylized facial feature maps to realistic facial feature
maps. Our network can successfully extract facial features from different styles and
thus is able to destylize unseen style portraits as well.
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Chapter 4

Identity-preserving Face Recovery
from Portraits

4.1 Foreword

In chapter 3, we employ a generative adversarial network to recover realistic face
images from stylized portraits. In particular, a discriminative network is used to
enforce the generated faces to be authentic and an `2 loss is used to constrain the
appearance similarity between the recovered faces and the ground-truth real faces.
However, there is no guarantee to preserve the identity information in the destylized
faces, e.g., facial characteristics. In addition, our initial face destylization method
can only tackle aligned portraits. State-of-the-art face alignment methods may fail
to align stylized portraits since facial details have been distorted by different styles.
In this chapter, we aim to recover realistic faces from unaligned stylized portraits
while preserving the identity information in the portraits. In this work the Spatial
Transformer Networks (STNs) are employed to align face images during the recovery
process of the photorealistic faces. To ensure the identity preservation, we promote
the recovered and ground truth faces to share similar visual features via a distance
measure which compares features of recovered and ground truth faces extracted
from a pre-trained FaceNet network. We conduct extensive experimental evaluations
on a large-scale synthesized dataset and a hand-drawn sketch dataset, which shows
that our method achieves superior face recovery attaining state-of-the-art results.
Moreover, our method can recover photorealistic faces from unseen stylized portraits,
artistic paintings, and hand-drawn sketches.

This chapter has been published as a conference paper: Shiri, F.; Porikli, F.; Hart-
ley, R.;and Koniusz, P., 2018. Identity-preserving face recovery from portraits. In
2018 IEEE Winter Conference on Applications of Computer Vision (WACV), 102−111.
IEEE. The extension of this work also published as a journal paper: Shiri, F.; Yu, X.;
Porikli, F.; Hartley, R.; and Koniusz, P., 2019a. Identity-preserving face recovery from
stylized portraits. International Journal of Computer Vision, 127,6-7 (2019), 863−883.

35
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(a) Original (b) Portrait (c) Landmarks (d) Johnson et al.

(e) CycleGAN (f) pix2pix (g) Shiri et al. (h) Ours

Figure 4.1: Comparisons to the state-of-art methods. (a) The ground truth face im-
age (from test dataset, not available in the training dataset). (b) Unaligned stylized
portraits of (a) from Scream style. (c) Landmarks detected by [Zhang et al., 2014]. (d)
Results obtained by [Johnson et al., 2016]. (e) Results obtained by [Zhu et al., 2017a]
(CycleGAN). (f) Results obtained by [Isola et al., 2017] (pix2pix). (g) Results obtained

by [Shiri et al., 2017]. (h) Our results.

4.2 Introduction

Style transferring methods are powerful tools that can generate portraits in various
artistic styles from photorealistic images. Unlike prior research on the image styl-
ization, we address a challenging inverse problem of photorealistic face recovery from
stylized portraits which aims at recovering a photorealistic image of face from a given
stylized portrait. Latent photorealistic face images recovered from their artistic por-
traits are interpretable for humans and they may be useful in facial analysis. Since
facial details and expressions in stylized portraits often undergo severe distortions
and become corrupted by artifacts such as profile edges and color changes e.g. as in
Figure 4.1(b), recovering a photorealistic face image from its stylized counterpart is
very challenging. In general, stylized face images contain a variety of facial expres-
sions, facial feature distortions and misalignments. Therefore, landmark detectors
often fail to localize facial landmarks accurately as shown in Figure 4.1(c).

While recovering photorealistic images from portraits is still uncommon in the
literature, image stylization methods have been widely studied. With the use of
Convolutional Neural Networks (CNN), Gatys et al. [2017] achieve promising re-
sults by transferring different styles of artworks to images via the semantic contents
space. Since their method generates the stylized images by iteratively updating the
feature maps of CNNs, it is computationally costly. In order to reduce the compu-
tational complexity, several feed-forward CNN-based methods have been proposed
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[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]. How-
ever, these methods work only with a single style applied during training. Moreover,
such methods are insufficient for generating photorealistic face images as they only
capture the correlations of feature maps via Gram matrices thus discarding spatial
relations [Koniusz et al., 2016, 2018a,b].

In order to capture spatial/localized statistics of a style image, several patch-
based methods [Li and Wand, 2016b; Isola et al., 2017] have been developed. How-
ever, such methods cannot capture the global appearance of faces, thus failing to
generate authentic face images. For instance, patch-based methods [Li and Wand,
2016b; Isola et al., 2017] fail to attain consistency of face colors, as shown in Fig-
ure 4.1(f). Moreover, the state-of-the-art style transfer methods [Gatys et al., 2017; Li
and Wand, 2016b; Ulyanov et al., 2016a; Johnson et al., 2016] transfer desired styles
to images without considering the task of identity preservation. Thus, these methods
cannot generate realistically looking faces with preserved identities.

Conditional GANs have been used for the task of generating photographs from
semantic layout/scene attributes [Karacan et al., 2016; Isola et al., 2017], sketches
[Sangkloy et al., 2017; Kazemi et al., 2018], low-resolution images [Ledig et al., 2017;
Huang et al., 2017b; Yu and Porikli, 2017c, 2016] and inpainted images [Pathak et al.,
2016]. These approaches often use the `1 or `2 norm and adversarial losses to com-
pare between the generated image and the corresponding ground truth image. Al-
though these methods produce impressive photorealistic images, they fail to preserve
identities of subjects. Furthermore, a few methods have used a patch-GAN to trans-
fer low-level features from the input to the output domain [Ledig et al., 2017; Yu and
Porikli, 2017a; Huang et al., 2017b; Yu and Porikli, 2017c, 2016; Pathak et al., 2016].
For faces, this approach produces visual artifacts and fails to capture the global ap-
pearance of faces. Patch-based methods fail to capture the global appearance of faces
and, as a result, they generate poorly destylized images. In contrast, we propose an
identity-preserving loss to faithfully recover the most prominent details of faces.

Our first face destylization architecture [Shiri et al., 2017] uses only a pixel-wise
loss in the generative part of the network. Despite being trained on a large-scale
dataset, this method fails to recover faces from unaligned portraits under a variety
of scales, rotations and viewpoint variations. This chapter is an extension of our
second model [Shiri et al., 2018] which introduces the identity-preserving loss into
destylization. Our latest model [Shiri et al., 2019b] performs an identity-preserving
face destylization with the use of attributes which allow to manipulate appearance
details such as hair color, facial expressions, etc.

In this chapter, we develop a novel end-to-end trainable identity-preserving ap-
proach to face recovery that automatically maps the unaligned stylized portraits to
aligned photorealistic face images. Our network employs two subnetworks: a gen-
erative subnetwork, dubbed Style Removal Network (SRN), and a Discriminative
Network (DN). SRN consists of an autoencoder (a downsampling encoder and an up-
sampling decoder) and Spatial Transfer Networks (STN) [Jaderberg et al., 2015]. The
encoder extracts facial components from unaligned stylized face images to transfer
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the extracted feature maps to the domain of photorealistic images. Subsequently, our
decoder forms face images. STN layers are used by the encoder and decoder to align
stylized faces. Since faces may appear at different orientations, scales and in various
poses, the network may not fully capture all this variability if the training data does
not account for it. As a result, we would need heavy data augmentation and more
training instances with variety of poses in the training dataset to cope with recovery
of faces from authentic portraits that may be presented under angle or viewpoint, etc.
In contrast to such a costly training, by exploiting STN layers, we require less data
to train our network to cope well with images containing face rotations, translations
and scale changes. Nonetheless, with or without STN layers, we expose our network
during training to images of faces at different scales and rotations to train it how to
recover the frontal view. We aim to recover faces in frontal view for visualization
purposes (easy to interpret for humans, a face retrieval software works better with
frontal views, etc.). The discriminative network, inspired by approaches [Goodfellow
et al., 2014; Denton et al., 2015b; Yu and Porikli, 2016, 2017a], forces SRN to generate
destylized faces to be similar to authentic ground truth faces.

As we aim to preserve the information about facial identities, we force the CNN
feature representations of recovered faces to be as close to the features of ground
truth real faces as possible. For this purpose, we employ pixel-level Euclidean and
identity-preserving losses. We also use an adversarial loss to achieve high-quality
visual results.

To train our network, pairs of Stylized Face (SF) and ground truth Real Face (RF)
images are required. Thus, we synthesize a large-scale dataset of SF/RF pairs. As
there exist numerous styles to choose from, we cannot generate faces in all possible
styles for training. We note that a Gram matrix formed from features of pre-trained
VGG network can capture style details of input images [Gatys et al., 2016b]. Thus, we
measure the similarity of various styles via the Log-Euclidean distance [Jayasumana
et al., 2013] between Gram matrices of style images and the average Gram matrix of
real faces. Based on such a style-distance metric, we select three distinct styles for
training.

Moreover, we have observed that CNN filters learned on images of seen styles
(used for training) tend to extract meaningful features from images in both seen and
unseen styles. Thus, our method can also extract facial information from unseen styl-
ized portraits and generate photorealistic faces, as demonstrated in the experimental
section.

Below we list our contributions:

I. We design a new framework to automatically remove styles from unaligned
stylized portraits. Our approach generates facial identities and expressions
that match the ground truth face images well (identity preservation).

II. We propose an autoencoder with skip connections between top convolutional
and deconvolutional layers; each skip connection being composed of three
residual blocks. These skip connections pass high-level visual features of por-
traits from convolutional to deconvolutional layers, which leads to an improved

Preliminary version – 11 July 2021



§4.3 Proposed Method 39

restoration performance.

III. We add an identity-preserving loss to remove seen/unseen styles from portraits
preserve underlying identities.

IV. We use STNs as intermediate layers to learn to align non-aligned input por-
traits. Thus, our method does not use any facial landmarks or 3D models of
faces (typically used for face alignment) and requires somewhat fewer augmen-
tations than a network without STNs.

V. We propose a style-distance metric to capture the most distinct styles for train-
ing. Thus, our network achieves a good generalization when tested on unseen
styles.

Our large dataset of pairs of stylized and photorealistic faces, and the code will
be available on https://github.com/fatimashiri and/or http://claret.wikidot.com.

4.3 Proposed Method

Below we present an identity-preserving framework that infers a photorealistic face
image Îr from an unaligned stylized face image Is.

4.3.1 Network Architecture

Our network consists of two parts: a Style Removal Network (SRN) and a Discrimina-
tive Network (DN). SRN is composed of an autoencoder as well as skip connections
with residual blocks. The SRN module extracts residual feature maps from input
portraits and then upsamples them. To attain high-quality visual performance, we
pass visual information from last few layers of encoder to the corresponding layers
of decoder. The role of DN is to promote the recovered face images to be similar to
their real counterparts. The general architecture of our IFRP framework is depicted
in Figure 4.2.

Style Removal Network. As the goal of face recovery is to generate a photorealistic
destylized image, a generative network should be able to remove various styles of
portraits without loosing the identity information. To this end, we propose the SRN
block which employs a fully convolutional autoencoder (a downsampling encoder
and an upsampling decoder) with skip connections and STN layers. Figure 4.2 shows
the architecture of our SRN block (the blue frame).

The autoencoder learns a deterministic mapping to transform images from the
space of portraits into some latent space (via an encoder), and a mapping from the
latent space to the space of real faces (via a decoder). In this manner, the encoder
extracts high-level features of unaligned stylized faces and transforms them into a
feature vectors of some latent real face domain while the decoder synthesizes photo-
realistic faces from these feature vectors.
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Figure 4.2: Our identity-preserving face destylization framework consists of two
parts: a style removal network (blue frame) and a discriminative network (red frame).
The face recovery network takes portraits as inputs. The discriminative network takes

real or recovered face images as inputs.

Moreover, we symmetrically link convolutional and deconvolutional layers via
skip-layer connections [Long et al., 2015]. These skip connections pass high-resolution
visual details of portraits from convolutional to deconvolutional layers, leading to
a good quality recovery. In detail, each skip connection comprises three residual
blocks. Due to the usage of residual blocks, our network can remove the styles of
input portraits and increase the visual quality as shown in Figure 4.3(g). In contrast,
the same network but without skip connections tends to produce blurry/fuzzy face
images as shown in Figure 4.3(c). Figure 4.3 shows that the visual quality improves
as components of our architecture are enabled one-by-one.

Face Alignment: Spatial Transfer Networks (STN). As input stylized faces are often
misaligned due to in-plane rotations, translations and scale changes, we incorporate
Spatial Transformer Networks (STNs) [Jaderberg et al., 2015] as intermediate layers
to compensate for misalignments (green blocks in Figure 4.2). Figures 4.10 and 4.12
show successfully recovered faces from portraits containing faces captured at vari-
ous rotations and scales. The STN layer can estimate the motion parameters of face
images and warp them to the so-called canonical view. Each STN contains local-
ization, grid generator and sampler modules. The localization module consists of
several hidden layers to estimate the transformation parameters with respect to the
canonical view. The grid generator module creates a sampling grid according to the
estimated parameters. Finally, the sampler module maps the input feature maps into
generated girds using the bilinear interpolation. Thus, our method does not require
the use of facial landmarks or 3D face models (often used for face alignment). The
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(a) (b) (c) (d) (e) (f) (g)

Figure 4.3: The impact of various components of our network on the performance.
(a) Ground truth face images. (b) Unaligned input portraits. (c) Results without the
use of skip connections/residual blocks in the SRN block similar to the autoencoder
in [Shiri et al., 2017]. (d) Results with the use of U-net autoencoder. The SRN block
similar to the autoencoder in [Ronneberger et al., 2015] is used. (e) Results with skip
connections but without residual blocks in the SRN unit. (f) Results without STN
layers in the SRN block. (f) Our final results with skip connections/residual blocks

in the SRN.

architecture of our STN layers is detailed in Tables 4.1, 4.2, 4.3 and 4.4. Figure 4.3(g)
shows that these intermediate STN layers help compensate for misalignment of the
input portraits (however, their use is discretionary).

For appearance similarity between the recovered faces and their RF ground truth
counterparts, we exploit a pixel-wise `2 loss and an identity-preserving loss. The
pixel-wise `2 loss enforces intensity-based similarity between images of recovered
faces and their ground truth images. The autoencoder supervised by the `2 loss
tends to produce oversmooth results as shown in Figure 4.4(c). For the identity-
preserving loss, we use FaceNet [Schroff et al., 2015] to extract features from images
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Table 4.1: The STN1 architecture.

STN1
Input: 64 x 64 x 32

3 x 3 x 64 conv, relu, Max-pooling(2,2)
3 x 3 x 128 conv, relu, Max-pooling(2,2)
3 x 3 x 256 conv, relu, Max-pooling(2,2)
3 x 3 x 20 conv, relu, Max-pooling(2,2)

3 x 3 x 20 conv, relu
fully connected (80,20), relu

fully connected (20,4)

Table 4.2: The STN2 architecture.

STN2
Input: 32 x 32 x 64

3 x 3 x 128 conv, relu, Max-pooling(2,2)
3 x 3 x 256 conv, relu, Max-pooling(2,2)
3 x 3 x 20 conv, relu, Max-pooling(2,2)

3 x 3 x 20 conv, relu
fully connected (80,20), relu

fully connected (20,4)

Table 4.3: The STN3 architecture.

STN3
Input: 16 x 16 x 128

3 x 3 x 256 conv, relu, Max-pooling(2,2)
3 x 3 x 20 conv, relu, Max-pooling(2,2)

3 x 3 x 20 conv, relu
fully connected (80,20), relu

fully connected (20,4)

(see Section 4.3.2 for more details), and then we compare the Euclidean distance
between feature maps of two images. In this way, we encourage the feature similarity
between recovered faces and their ground truth counterparts. Without the identity-
preserving loss, the network produces random artifacts that resemble facial details,
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Table 4.4: The STN4 architecture.

STN4
Input: 32 x 32 x 64

3 x 3 x 64 conv, relu, Max-pooling(2,2)
3 x 3 x 128 conv, relu, Max-pooling(2,2)
3 x 3 x 256 conv, relu, Max-pooling(2,2)

3 x 3 x 20 conv, relu
fully connected (80,20), relu

fully connected (20,4)

such as wrinkles, as shown in Figure 4.4(d).

Discriminative Network. Using only the pixel-wise distance between the recovered
faces and their ground truth real counterparts leads to oversmooth results, as shown
in Figure 4.4(c). To obtain appealing visual results, we introduce a discriminator,
which forces recovered faces to reside in the same latent space as real faces. Our
proposed DN is composed of convolutional layers and fully connected layers, as
illustrated in Figure 4.2 (the red frame). The discriminative loss, also known as the
adversarial loss, penalizes the discrepancy between the distributions of recovered
and real faces. This loss is also used to update the parameters of the SRN block (we
alternate over updates of the parameters of SRN and DN). Figure 4.4(d) shows the
impact of the adversarial loss on the final results.

Identity Preservation. With the adversarial loss, the SRN is able to generate high-
frequency facial content. However, the results often lack details of identities such
as the beard or wrinkles, as illustrated in Figure 4.4(d). From this figure, it is clear
that the use of the adversarial loss alone results in the generator network learning to
produce high-frequency artifacts and ignore identity-related details like eye color.

In order to regularize such undesired effect, we attempted to find a solution to
preserve the information about facial identities. A possible way to address this issue
is to constrain the recovered face images and the ground truth face images to share
the same face-related visual features e.g., FaceNet features [Schroff et al., 2015]. We
force the CNN feature representations of recovered faces to be as similar to the fea-
tures of ground truth real faces as possible. By exploiting pixel–level Euclidean and
identity-preserving and adversarial losses altogether, we achieve plausible photore-
alistic results. The pixel–wise loss measures the distance between the generated face
and the ground truth real face in pixel space, whereas the identity-preserving loss
provides the distance in a pre-defined feature space.
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(a) (b) (c) (d) (e)

Figure 4.4: The contribution of each loss function to IFRP network. (a) Unaligned
input portraits from the test dataset. (b) Ground truth face images. (c) Recovered
faces; only the pixel-wise loss is used (no DN or identity-preserving losses). (d)
Recovered faces; the pixel-wise loss and discriminative loss are used (no identity-
preserving loss). (e) Our final results with the pixel-wise, discriminative and identity-

preserving losses. The use of all three losses produces visually the best results.

4.3.2 Training Details

To train our IFRP network in an end-to-end fashion, we require a large number
of SF/RF training image pairs. For each RF, we synthesize different unaligned SF
images according to chosen artistic styles to obtain SF/RF training pairs (Is, Ir). As
described in Section 4.4, we only use stylized faces from three distinct styles in the
training stage.

Motivated by the ideas of [Gatys et al., 2016b] and [Johnson et al., 2016], we
construct so-called identity-preserving loss. Specifically, we compute the Euclidean
distance between the feature maps of the recovered and ground truth images. These
feature maps are obtained from the ReLU activations of FaceNet [Schroff et al., 2015].

Our previous work Shiri et al. [2017] uses only the Euclidean loss to compare the
generated and ground truth images which results in blurry images. In this work,
we use the FaceNet network for identity preservation loss and compare FaceNet to
VGG-19 which is pre-trained on the large-scale ImageNet dataset containing objects.
In contrast, FaceNet is pre-trained on a large dataset of 200 million face identities and
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(a) (b) (c) (d)

Figure 4.5: The identity preservation loss: comparison of VGG-19 vs. FaceNet. (a)
Ground truth. (b) Unaligned input portraits from the test dataset. (c) Recovered
faces using VGG-19 [Simonyan and Zisserman, 2014a]. (d) Our final results using

FaceNet [Schroff et al., 2015].

800 million pairs of face images. Therefore, FaceNet can capture visually meaningful
facial features. As shown in Figure 4.5(d), with the help of FaceNet, our results
achieve higher fidelity and better consistency with respect to the ground truth face
images. Figure 4.5(c) shows the results for VGG-19.

With FaceNet, we can preserve the identity information by encouraging the fea-
ture similarity between the generated and ground truth faces. We combine the pixel-
wise loss, the adversarial loss and the identity-preserving loss together as our final
loss function to train our network. Figure 4.4(e) illustrates that, with the help of the
identity-preserving loss, our IFRP network can recover satisfying identity-preserving
images. Below we explain each loss individually.

Pixel-wise Intensity Similarity Loss. Our goal is to train our feed-forward SRN
to produce an aligned photorealistic face image from any given stylized unaligned
portrait. To achieve this, we force the recovered face image Îr to be similar to its
ground truth counterpart Ir. We denote the output of our SRN as GΘ(Is). Since
the STN layers are interwoven with the layers of our autoencoder, we optimize the
parameters of the autoencoder and the STN layers simultaneously. The pixel-wise
loss function Lpix between Îr and Ir is expressed as:

Lpix(Θ)=E(Is,Ir)∼p(Is,Ir)‖GΘ(Is)− Ir‖2
F, (4.1)

where p(Is, Ir) represents the joint distribution of the SF and RF images in the train-
ing dataset, and Θ denotes the parameters of the SRN block.
Identity-preserving Loss. To obtain convincing identity-preserving results, we pro-
pose an identity-preserving loss to take the form of the Euclidean distance between
the features of recovered face image Îr = GΘ(Is) and the ground truth face image
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Ir. The identity-preserving loss Lid is given as:

Lid(Θ) = E(Is,Ir)∼p(Is,Ir)‖ψ(GΘ(Is))−ψ(Ir)‖2
F, (4.2)

where ψ(·) denotes the extracted feature maps from the layer ReLU3-2 of the FaceNet
model with respect to some input image.

We should mention that in this work, we do not use IDs as a supervised signal.
For the identity-preserving loss, we use FaceNet Schroff et al. [2015] to extract fea-
tures from both recovered face and ground truth face images, and then we compare
the Euclidean distance between feature maps of two images. In this way, we encour-
age the feature similarity between recovered faces and their ground truth counter-
parts.

Discriminative Loss. Motivated by the idea of [Goodfellow et al., 2014; Denton
et al., 2015b; Radford et al., 2015], we aim to make the discriminative network DΦ

fail to distinguish recovered face images from ground truth face images. Therefore,
the parameters of the discriminator Φ are updated by minimizing Ldis, expressed as:

Ldis(Φ)=−EIr∼p(Ir)[log DΦ(Ir)]

−E Îr∼p( Îr)
[log(1−DΦ( Îr))],

(4.3)

where p(Ir) and p( Îr) indicate the distributions of real and recovered face images,
respectively, and DΦ(Ir) and DΦ( Îr) are the outputs of DΦ for real and recovered
face images. The Ldis loss is also backpropagated with respect to the parameters Θ

of the SRN block.

Our SRN loss is a weighted sum of three terms: the pixel-wise loss, the adversarial
loss, and the identity-preserving loss. The parameters Θ are obtained by minimizing
the final objective function of the SRN loss given below:

LSRN(Θ) =Lpix+λ Ldis+η Lid

=E(Is,Ir)∼p(Is,Ir)‖GΘ(Is)− Ir‖2
F

+λ EIs∼p(Is))[logDΦ(GΘ(Is))]

+η E(Is,Ir)∼p(Is,Ir)‖ψ(GΘ(Is))−ψ(Ir)‖2
F,

(4.4)

where λ and η are trade-off parameters for the discriminator and the identity-preserving
losses, respectively, and p(Is) is the distribution of stylized face images.

Since both GΘ(·) and DΦ(·) are differentiable functions, the error can be back-
propagated w.r.t. Θ and Φ by the use of the Stochastic Gradient Descent (SGD)
combined with the Root Mean Square Propagation (RMSprop) [Hinton, 2016], which
helps our algorithm converge faster.
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4.3.3 Implementation Details

The discriminative network DN is only required in the training phase. In the testing
phase, we take SP portraits as inputs and feed them to SRN. The outputs of SRN are
the recovered photorealistic face images. We employ convolutional layers with ker-
nels of size 4× 4 and stride 2 in the encoder and deconvolutional layers with kernels
of size 4× 4 and stride 2 in the decoder. The feature maps in our encoder are passed
to the decoder by skip connections. The batch normalization procedure is applied af-
ter our convolutional and deconvolutional layers except for the last deconvolutional
layer, similar to the models described in [Goodfellow et al., 2014; Radford et al., 2015].
For the non-linear activation function, we use the leaky rectifier with piecewise linear
units (leakyReLU [Maas et al., 2013]), for which the weight of negative slope is set to
0.2.

Our network is trained with a mini-batch size of 64, the learning rate set to 10−3

and the decay rate set to 10−2. In all our experiments, parameters λ and η are
set to 10−2 and 10−3. As the iterations progress, the images of output faces will
be more similar to the ground truth. Hence, we gradually reduce the effect of the
discriminative network by decreasing λ. Thus, λn = max{λ · 0.995n, λ/2}, where n
is the epoch index. The strategy in which we decrease λ not only enriches the impact
of the pixel-level similarity but also helps preserve the discriminative information in
the SRN during training. We also decrease η to reduce the impact of the identity-
preserving constraint after each iteration. Thus, ηn = max{η · 0.995n, η/2}.

Our implementation uses Torch Collobert et al. [2011] and cuDNN Chetlur et al.
[2014] on Linux Ubuntu 16.04; training takes roughly 4 hours on a single GTX Titan
X GPU. As our method is of feed-forward nature (no optimization is required at the
test time), it takes 8 ms to destylize a 128×128 image.

4.4 Synthesized Dataset and Preprocessing

To train our IFRP network and avoid overfitting, a large number of SF/RF image
pairs are required. To generate a dataset of such pairs, similar to [Shiri et al., 2017],
we use the Celebrity dataset (CelebA) Liu et al. [2015]. Firstly, we randomly select
110K faces from the CelebA dataset for training and 2K face images for testing. The
original size of images is 178×218 pixels. Subsequently, we crop/extract the center
of each image and resize it to 128×128 pixels. We use such cropped images as our RF
ground truth face images Ir. Lastly, we apply affine transformations to the aligned
ground truth face images to generate in-plane unaligned face images. We rotate the
ground truth face images within range [-45; 45] degrees and scale them within range
[0.7; 1.3] factors. Figure 4.12 shows the successfully recovered faces from portraits
containing faces captured at different scales. Figure 4.13 shows PSNR of our network
as a function of the scale factor.

Moreover, to synthesize our training dataset, we retrain the real-time style trans-
fer network [Johnson et al., 2016] for different artworks. We use only three distinct
styles, Scream, Candy and Mosaic for synthesizing our training dataset. The procedure
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(a)

(b) (c) (d) (e) (f)

(g) (h) (i) (j) (k)

Figure 4.6: Samples from the synthesized dataset. (a) The ground truth aligned real
face image. (b)-(k) The synthesized unaligned portraits form Scream, Wave, Candy,
Feathers, Sketch, Composition VII,Starry night, Udnie, Mosaic and la Muse styles which

have been used for training and testing our network.

detailing how we selected these styles is explained in Section 4.5.1. We also use 2K
unaligned ground truth face images to synthesize 20K SF images from ten diverse
styles (Scream, Wave, Candy, Feathers, Sketch, Composition VII, Starry night, Udnie, Mo-
saic and la Muse) as our testing dataset. Note that we also include artistic sketches
as an unseen style into our test dataset. Some stylized face images used for training
and testing are shown in Figure 4.6. Lastly, we emphasize that there is no overlap
between the training and testing datasets.

4.5 Experiments

Below we compare the performance of our approach qualitatively and quantita-
tively to the state-of-the-art methods. To conduct a fair comparison, we retrain ap-
proaches [Gatys et al., 2016b; Johnson et al., 2016; Li and Wand, 2016b; Isola et al.,
2017; Zhu et al., 2017a; Shiri et al., 2017] on our training dataset for the task of pho-
torealistic face recovery from portraits.
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Table 4.5: The number of training styles and the corresponding training times; Train-
ing time: training time per epoch.

# Training Styles Training time
Seen Styles Unseen Styles

SSIM FSIM SSIM FSIM

1 Style 1:49’ 0.69 0.72 0.54 0.66

2 Styles 3:54’ 0.70 0.77 0.60 0.78

3 Styles 5:20’ 0.72 0.88 0.68 0.84

4 Styles 7:05’ 0.72 0.88 0.68 0.85

5 Styles 9:47’ 0.73 0.88 0.69 0.85

4.5.1 Style-Distance Metric

Generating/training on large numbers of styles is impractical. Thus, we propose a
style-distance metric to select the most difficult styles for the process of face recov-
ery. When the distance between the feature maps of the style image and the real face
image is large, the stylized face images are more complicated and the facial details
are more contaminated. Thus, the recovery of the real face images would be more
difficult. For this purpose, we compute Gram matrices for various styles from fea-
ture maps of pre-trained VGG model [Simonyan and Zisserman, 2014a]. Then, we
measure the similarity of styles based on the Log-Euclidean distance [Jayasumana
et al., 2013] between Gram matrices of style images and the average Gram matrix
of all ground truth face images in our training dataset. As these Gram matrices re-
flect the style differences between input images [Gatys et al., 2016b], we choose three
styles with the largest distances from the average Gram matrix of ground truth face
images. According to the above criterion, we select Candy, Mosaic and Scream styles
for training.

Utilizing additional training styles can improve the quality of recovered images
especially from unseen styles at a cost of extra training time. We have observed
that using three training styles is optimal (using more styles does not improve the
accuracy significantly). Table 4.5 summarizes the average SSIM and FSIM scores on
the test dataset given different number of training styles. As the number of training
styles increases, our network learns a better mapping between different genres of
stylized portraits and ground truth face images.

In order to help the network learn a mapping between unaligned and aligned
data, we use STN layers that reduce the number of epochs needed for convergence.
Table 4.6 shows that for training with 3 styles, our network converges after 165 epochs
(without STNs) and 143 epochs (with STNs). We note that when the network is
trained without STN layers, its visual performance is somewhat worse to the results
which rely on STNs.

Preliminary version – 11 July 2021



50 Identity-preserving Face Recovery from Portraits

Table 4.6: The number of training epochs vs. the number of styles (for the same
number of augmentations).

# Training Styles
Number of epochs

Without STNs With STN

1 Style 203 180

2 Styles 181 159

3 Styles 165 143

4 Styles 150 135

5 Styles 139 121

4.5.2 Qualitative Evaluation

We visually compare our approach against six methods detailed below. To help these
methods achieve their best performance, we align SF images from the test dataset via
a simple STN-based network prior to testing.

[Gatys et al., 2016b] is an image optimization-based style transfer method which
does not have any training stage. This method captures the correlation between fea-
ture maps of the portrait and the synthesized face via Gram matrices constructed
from features extracted across several layers of a CNN pipeline. Thus, spatial struc-
ture of face images cannot be preserved by this approach. As shown in Figures 4.7(c)
and 4.8(c), the network fails to remove various aspects of artistic styles and thus
produces visually unconvincing results.

We also retrain the approach [Johnson et al., 2016] for destylization. Due to the
use of correlation statistics captured via the Gram matrix, their network also gener-
ates distorted facial details and produces unnatural artifacts. As Figures 4.7(d) and
4.8(d) show, the facial details are blurred and the skin colors are not homogeneous.
Moreover, Figure 4.8(d) shows many images containing unnaturally looking eyes due
to poor destylization abilities of approach [Johnson et al., 2016].

MGAN [Li and Wand, 2016b] is a patch-based style transfer method. We retrain
this network for the purpose of the face recovery. As this method is trained on RF/SF
patches, it cannot capture the global appearance of faces. As shown in Figures 4.7(e)
and 4.8(e), this method produces distorted results and the facial colors are inconsis-
tent. In contrast, our method successfully captures the global appearance of faces
and generates consistent facial colors.

Isola et al. [2017] train a “U-net” generator augmented with a PatchGAN dis-
criminator in an adversarial framework, known as “pix2pix”. Since the patch-based
discriminator is trained to classify whether an image patch is sampled from the dis-
tribution of real faces or not, this network does not take the global appearance of
faces into account. In addition, U-net concatenates low-level features from the bot-
tom layers of the encoder with the features in the decoder to generate face images.
As the low-level features of input images are passed to the output, U-net fails to elim-
inate artistic styles in face images. As shown in Figures 4.7(f) and 4.8(f), pix2pix can
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generate acceptable results for the seen styles but fails to remove the unseen styles
and thus it produces obvious artifacts.

CycleGAN [Zhu et al., 2017a] is an image-to-image translation method that uses
unpaired datasets. This network provides a mapping between two different domains
by the use of a cycle-consistency loss. Since CycleGAN also employs a patch-based
discriminator, this network cannot capture the global appearance of faces. As Cycle-
GAN employs unpaired face datasets for RF and SF images, the low-level features of
the stylized and recovered faces are uncorrelated. Thus, CycleGAN is not suitable for
transferring stylized portraits to photorealistic images. As shown in Figures 4.7(g)
and 4.8(g), this method produces distorted face images and it does not preserve the
identities of faces in the input images.

Our first destylization approach [Shiri et al., 2017] does not exploit an identity-
preserving loss as it employs only a simple autoencoder to recover photorealistic face
images. In contrast, in this chapter we study an identity-preserving loss that helps
recover photorealistic face images which preserve underlying identities. We utilize
330K pairs of SF/RF face images. Our IFRP method is robust in terms of recovery of
realistic faces. As shown in Figure 4.1(e), our old method suffers for instance from
poor recovery of hair color. As shown in the fourth row of Figures 4.7(c)–4.7(h), all
methods, except for ours in Figure 4.7(i), fail to recover the correct facial complexion.
As shown in the fourth row of Figures 4.8(e)–4.8(h), these methods cannot recover
male’s beard. In contrast, in Figure 4.8(i), our method is shown to recover well such
an important facial feature.

Compared to our previous approach and other methods, our new method attains
a higher fidelity and better consistency with regards to facial expressions and skin
tones. Our network can preserve the identity of a subject given either seen or unseen
styles, as shown in Figures 4.7(i) and 4.8(i).

4.5.3 Quantitative Evaluation

Face Reconstruction Analysis. To evaluate the reconstruction performance, we mea-
sure the average Peak Signal to Noise Ratio (PSNR), Structural Similarity (SSIM) [Wang
et al., 2004] and Feature Similarity (FSIM) [Zhang et al., 2011a] on the entire test
dataset. Table 4.7 indicates that our IFRP method achieves superior quantitative re-
sults in comparison to other methods on both seen and unseen styles. Moreover,
we also evaluate different methods on sketch images from the CUFSF dataset as an
unseen style without fine-tuning or retraining our network.

Face Retrieval Analysis. Below we demonstrate that the faces recovered by our
method are highly consistent with their ground truth counterparts. To this end, we
run a face recognition algorithm [Parkhi et al., 2015] on our test dataset for both seen
and unseen styles. For each investigated method, we set 1K recovered faces from one
style as a query dataset and then we set 1K of ground truth faces as a search dataset.
We apply [Parkhi et al., 2015] to quantify whether the correct person is retrieved
within the top-5 matched images. Then an average retrieval score is obtained. We
repeat this procedure for every style and then obtain the average Face Retrieval Ratio
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(a) RF

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

Figure 4.7: Qualitative comparisons of the state-of-the-art methods. (a) The ground
truth face image. (b) Input portraits (from the test dataset) including the seen styles
Scream, Mosaic and Candy as well as the unseen styles Sketch, Composition VII, Feathers,
Udnie and La Muse. (c) Results of the method [Gatys et al., 2016b]. (d) Results of
the method [Johnson et al., 2016]. (e) Results of the method [Li and Wand, 2016b]
(MGAN). (f) Results of the method [Isola et al., 2017] (pix2pix). (g) Results of the
method [Zhu et al., 2017a] (CycleGAN). (h) Results of the method [Shiri et al., 2017]

(i) Results of our method.

(FRR) by averaging all scores from the seen and unseen styles, respectively.
As indicated in Table 4.8, our IFRP network outperforms the other methods across

all the styles. Even for the unseen styles, our method can still retain most identity-
preserving features, making the destylized results similar to the ground truth faces.
Moreover, we also run an experiment on hand-drawn sketches of the CUFSF dataset
used as an unseen style. The FRR scores are higher compared to results on other
styles as facial components are easier to extract from sketches/their contours. De-
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(a) RF

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

Figure 4.8: Qualitative comparisons of the state-of-the-art methods. (a) The ground
truth real face image. (b) Input portraits (from the test dataset) including the seen
styles Candy, Mosaic and Scream as well as the unseen styles Udnie, La Muse, Starry,
Feathers and Composition VII. (c) Results of the method [Gatys et al., 2016b]. (d)
Results of the method [Johnson et al., 2016]. (e) Results of the method [Li and Wand,
2016b] (MGAN). (f) Results of the method [Isola et al., 2017] (pix2pix). (g) Results
of the method [Zhu et al., 2017a] (CycleGAN). (h) Results of the method [Shiri et al.,

2017] (i) Results of our method.

spite our method is not dedicated to face retrieval, we compare it to [Zhang et al.,
2011b]. To challenge our method, we retrain our network on sketches. To this end,
we recovered faces from sketches (the CUFSF dataset) and performed face identi-
fication that yielded ∼91% Verification Rate (VR) at FAR=0.1%. This outperforms
photo-synthesizing approach MRF+LE [Zhang et al., 2011b] which uses sketches for
training and yields 43.66% VR at FAR=0.1%.

Consistency Analysis w.r.t. Various Styles. As shown in Figures 4.7(i) and 4.8(i),
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Table 4.8: Comparisons of FRR and FCR on the entire test dataset.

Methods
FRR

FCR
Seen Styles Unseen Styles Unseen Sketch

[Gatys et al., 2016b] 64.67% 62.28% 68.36% 72.89%

[Johnson et al., 2016] 50.54% 38.87% 40.27% 44.99%

MGAN 26.97% 22.52% 24.99% 38.24%

pix2pix 75.13% 59.98% 66.63% 87.73%

CycleGAN 25.07% 25.68% 26.70% 24.97%

[Shiri et al., 2017] 84.51% 75.32% 76.44% 89.09%

IFRP 90.93% 84.92% 89.05% 92.06%

our network recovers photorealistic face images from various stylized portraits of
the same person. Note that recovered faces resemble each other. It indicates that our
network is robust to different styles.

In order to demonstrate the robustness of our network to different styles quan-
titatively, we study the consistency of faces recovered from different styles. First,
we choose 1K face images destylized from a single style. For each destylized face,
we search its top-5 most similar face images in a group of face images destylized
from portraits in remaining styles. If the same person is retrieved within the top-5
candidates, we record this as a hit. Then an average hit number for a given style
is obtained. We repeat the same procedure for each of the other 7 styles, and then
we calculate the average hit number, denoted as Face Consistency Ratio (FCR). Note
that the probability of one hit by chance is 0.5%. Table 4.8 shows average FCR scores
on the test dataset for each method. The FCR scores indicate that our IFRP method
produces the most consistent destylized face images across different styles. This also
implies that our SRN can extract facial features irrespective of image styles.

4.5.4 Impact of Different Losses on Performance.

Below we discuss the impact of our losses on the visual results shown in Figure 4.4
and we present corresponding quantitative evaluations in Table 4.9. Figure 4.4 shows
that employing only the pixel-wise loss Lpix leads to the visual recovery which suffers
from severe blur, as Lpix loss acts on the intensity similarity only. To avoid generating
overly smooth results, the discriminative loss Ldis is employed by us in our network.
Similar to findings of our previous work [Shiri et al., 2017], the discriminative loss
encourages the generated faces to be realistic, thus it improves the final results qual-
itatively and quantitatively. The weight/impact of the discriminative loss is chosen
experimentally with value of 10−2 being a good compromise between excessively
smooth and sharp results. However, due to the lack of the guidance of high-level
semantic information (parts of such information are locally lost in stylized portraits),
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Table 4.9: Quantitative comparisons of the impact of each of our losses.

Loss Function
Seen Styles Unseen Styles

SSIM FSIM SSIM FSIM

Lpix 0.60 0.72 0.54 0.65

Lpix + Ldis 0.62 0.75 0.58 0.72

IFRP (Lpix+Ldis+Lid) 0.72 0.88 0.68 0.84

Table 4.10: Quantitative comparisons of the impact of various IFRP network compo-
nents for seen and unseen stylized faces.

SRN Architecture
Seen Styles Unseen Styles

SSIM FSIM SSIM FSIM

Standard Autoencoder 0.65 0.84 0.62 0.80

U-net Autoencoder 0.65 0.87 0.61 0.78

Top 2-layer skip conn. 0.66 0.86 0.63 0.82

IFRP: 2-layer skip conn.+Res. blocks 0.72 0.88 0.68 0.84

the network with the pixel-wise and discriminative losses still generates artifacts to
mimic facial details. As shown in Figure 4.4(d) (top), the network still generates am-
biguous results such as gender reversal or mismatched hair color. By employing all
three losses together, that is, the identity-preserving loss Lid, discriminative loss Ldis
and the pixel-wise loss Lpix, our network attains the best visual recovery. The same
findings are confirmed by the quantitative results in Table 4.9.

4.5.5 Ablation Study of the Proposed Architecture.

We perform the ablation study of different components of the proposed IFRP archi-
tecture and present visual results in Figure 4.3. In order to demonstrate the contri-
bution of each component to the quantitative results, we also show the quantitative
results of our network in Table 4.10. When only employing a standard autoencoder
with a stack of convolutional layers followed by a series of deconvolutional layers, the
visual results suffer from blurriness and artifacts as shown in Figure 4.3(c). The net-
work generates misguided results such as wrong hair texture, lack of lipstick, wrong
lip expression, etc. To avoid generating overly smooth results, the skip connections
between two top layers are applied in our network. By employing residual blocks
between skip connection of top two layers, our network is able to achieve the best re-
sults qualitatively and quantitatively. In this manner, we put emphasis on high-level
semantic information.
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(a) (b) (c)

Figure 4.9: Examples of images recovered from portraits of different ethnicity and
age groups. (a) RF ground truth faces. (b) unaligned input portraits. (c) our recovery
results. First four rows: Faces of very old or young subjects. Fifth and sixth rows:

Faces of dark skinned subjects. Last three rows: Faces of Asian subjects.
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4.5.6 Robustness of IFRP with respect to Ethnicity and Age

We note that the numbers of images of children, old people and young adults in
the CelebA dataset are unbalanced e.g., there are more images of young adults than
children and old people. Moreover, the number of images of people of white com-
plexion is larger compared to those of dark skin tones. The number of Asian faces
is also limited in the CelebA dataset. Unfortunately, these factors make our synthe-
sized dataset unbalanced. However, due to the identity-preserving loss we use, our
network can cope with faces of different nationalities, skin tones and ages reason-
ably well. Figure 4.9 shows the visual results obtained by our network given faces
of various ethnicity and age. Our results are consistent with the ground truth face
images. However, some age-related facial features such as children’s missing teeth
in the forth row of Figure 4.9 are especially hard to recover faithfully as CelebA does
not feature celebrities with missing teeth etc.

4.5.7 Robustness of IFRP with respect to Misalignments

Below we conduct some qualitative and quantitative experiments to show the robust-
ness of our network to misalignments. Figure 4.10 shows the visual results of our
network on faces rotated within range [-45; 45] degrees. Thanks to STN layers, our
network is able to recover photorealistic faces even from portraits rotated by -45 or
+45 degrees. Figure 4.11 shows PSNR of our network as a function of the rotation
angle. Moreover, our network is also robust to scaling of portraits. Figure 4.12 shows
the successfully recovered faces from portraits containing faces captured at different
scales. Figure 4.13 shows PSNR of our network as a function of the scale factor.

(a) -45 (b) -30 (c) -15 (d) 0 (e) +15 (f) +30 (g) +45

Figure 4.10: The effect of STN layers on recovery from unaligned rotated portraits
([-45; 45] degrees range). First row: the ground truth face image. Second row:

unaligned rotated portraits using Candy style. Last row: our aligned results.
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Figure 4.11: Performance of our IFRP w.r.t. the rotation angle of faces.

(a) 0.7x (b) 1x (c) 1.3x

Figure 4.12: The effect of STN layers on portrait scaling. First row: the ground truth
face image. Second row: unaligned stylized faces using Mosaic style. Last row: our

aligned results.
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Table 4.11: SSIM as the function of the number of in-plain rotation-based augmenta-
tions of SF images used during training.

Rotation Angles (degrees) Without STNs With STN

-30, -20, -15, -10, -5, 0, 5, 10, 15, 20, 30 0.64 0.66

-30, -15, 0, 15, 30 0.64 0.65

Moreover, Table 4.11 shows SSIM scores for a single-style training with only in-
plane rotations of SF used during training. The table shows that using STN layers
benefits results. However, using STNs is only a discretionary choice.

Figure 4.13: Performance of our IFRP with respect to the scale of faces.

4.5.8 User Experience Study

As human perception is sensitive to the slightest imperfections and artifacts of faces,
we conducted a user study to verify if subjects find convincing our recovered results.

Our evaluation dataset contains faces recovered from 20 stylized portraits by the
state-of-the-art methods as well as our IFRP method (see an example in Figure 4.14).
We chose a diverse subset of portraits in terms of race, gender, age, hair style, skin
color, make up, etc. Our study included 25 subjects (graduate students). For each
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(a) (b) (c) (d) (e) (f) (g) (h)

Figure 4.14: Qualitative comparisons of the state-of-the-art methods. (a) Input
portraits (from the test dataset) including seen and unseen styles. (b) Ground
truth face images. (c) Results of the method [Gatys et al., 2016b]. (d) Results of
the method [Johnson et al., 2016]. (e) Results of the method [Isola et al., 2017]
(pix2pix). (f) Results of the method [Zhu et al., 2017a] (CycleGAN). (g) Results of

the method [Shiri et al., 2017] (h) Results of our method.
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Figure 4.15: User study. Results comparing our IFRP and other state-of-the-art meth-
ods. Vertical axis is the percentages of favorable user votes.

portrait, the Ground truth face and seven images (the faces recovered by [Gatys
et al., 2016b; Johnson et al., 2016; Li and Wand, 2016b; Isola et al., 2017; Zhu et al.,
2017a; Shiri et al., 2017] as well as our method) were shown in random order side-
by-side on high-quality color printouts. The subjects were asked to rate the printouts
according to the visual quality and perceived fidelity of identity with respect to the
corresponding ground truth images. Figure 4.15 summarizes the average scores of
this study. For all portraits, our results are rated higher than other state-of-the-
art methods. The subjects rated higher the printouts which preserve the subjects’
identities better and contain no visible artifacts. As this simple user study shows,
our results are favored by the users as they find faces recovered by our algorithm
to be the closest to the original images. This study is consistent with our numerical
evaluations.

4.5.9 Destylizing Authentic Paintings and Sketches

Below we demonstrate that our method is not restricted to the recovery of faces
from computer-generated stylized portraits but it can also work with real paintings,
sketches and unknown styles. To verify this assertion, we choose a few of paintings
from art galleries such as Archibald [arc, 2017]. Next, we crop face regions from the
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scanned images and use them as our test images. Figure 4.17 shows that our method
can efficiently recover photorealistic face images. This indicates that our method is
not limited to the synthesized data and it does not require an alignment procedure
beforehand.

We also conduct an experiment on hand-drawn sketches from the FERET dataset
[Phillips et al., 1998]. We compare our results with one of the most recent sketch-to-
face methods. Method [Wang et al., 2018a] works with sketches only (c.f. complex
stylized faces) and requires landmarks to perform the face alignment (c.f. our method
which does not need any face alignment due to STN layers). Note that [Wang et al.,
2018a] uses CycleGAN with multipatch-based discriminators to generate sketch-
es/photos. Figure 4.16 shows the comparison of our method with method [Wang
et al., 2018a] which is not fully supervised and tends to produce artifacts. In con-
trast, our method can efficiently recover photorealistic face images from sketches and
it results in fewer artifacts due to the identity-preserving loss.

Figure 4.16: Recovering photorealistic faces from hand-drawn sketches from the
FERET dataset. First row: ground truth face images. Second row: sketches. Third

row: results of the method [Wang et al., 2018a]. Bottom row: our results.

4.5.10 Image Recovery from Generic Artworks

Below we conduct an experiment on the Church outdoor dataset to show that our net-
work can recover photorealistic images from generic artworks (c.f. portraits). Figure
4.18 demonstrates the ground truth images, stylized images and images recovered by
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Figure 4.17: Recovery results for the authentic unaligned paintings. Top row: the
original portraits from art galleries. Bottom row: our results.

our IFRP network, respectively. We note that the diversity of outdoor images is much
larger than those of faces. Therefore, as expected, for a reliable training and recovery
of generic scenes, big datasets are needed. Nonetheless, our recovered results are
visually convincing.

Figure 4.18: Results of our IPFR approach on the Church Outdoor dataset [Yu et al.,
2015]. Top row: ground truth images. Middle row: stylized images (seen styles).

Bottom row: our results.

Preliminary version – 11 July 2021



§4.5 Experiments 65

(a) Ground Truth (b) Stylized Portraits (c) Recovered Results

Figure 4.19: Failed examples. (a) Ground truth face images. (b) unaligned stylized
portraits. (c) Generated face images by our approach.

4.5.11 Limitations on Unseen Styles

In certain cases, the facial attributes of the recovered faces, e.g., hair, skin or eye col-
ors, may be altered from the original colors of the ground truth faces. For example,
Figure 4.19 shows the mismatching facial attributes between the generated face im-
ages and the ground truth ones. The first row shows the difference in skin color, the
second row indicates the mismatching of young and old attributes, and in the last
row we see that the hair and eye colors have not been preserved properly. In the next
chapter, we will show that by embedding a facial attribute vector we can generate
more consistent face images in terms of semantic detail.

Furthermore, we have noted that our network is able to recover peripheral non-
facial details for styles both seen and used during training. Figure 4.20 shows that
the background color and texture for seen styles (Mosaic and Scream) are fully recov-
ered as the background information is encoded in the stylized images. For styles
(Composition VII and Sketch) unseen during training, our network hallucinated back-
grounds inconsistent with the ground truth backgrounds. As expected in this sanity
check, the recovered background colors and textures for unseen stylized portraits do
not match the ground truth.
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(a) Seen (b) Unseen (c) Seen (d) Unseen (e) Unseen

Figure 4.20: Limitations. Top row: ground truth face images. Middle row: unaligned
stylized face images. Bottom row: our results.

4.6 Conclusion

We have introduced a novel neural network for the face recovery from stylized por-
traits. Our method extracts features from a given unaligned stylized portrait and
then recovers a photorealistic face image from these features. 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 trust-
worthy faces. This makes our algorithm readily available for the use in face hallu-
cination, recovery and recognition. We have shown that our approach can recover
images of faces from portraits of unseen styles, real paintings and sketches. Lastly,
our approach can also recover some generic scenes and objects. In the next chap-
ter, we intend to embed semantic information into our network to generate more
consistent face images in terms of semantic details.
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Chapter 5

Recovering Faces from Portraits
with Auxiliary Facial Attributes

5.1 Foreword

As discussed in the previous chapter, we aim at recovering realistic faces from styl-
ized faces while preserving the identity information. As some facial details have
been distorted in the stylized portraits, such as the skin or hair color, it is difficult
to recover those missing details and make the recovered images consistent with the
ground-truth ones. Therefore, we exploit the high-level semantic information to fa-
cilitate face destylization. In this work, we use facial attributes including the color
information to restore realistic face images since the original colors of the portraits,
e.g., hair colors, may be altered. In this manner, we can significantly reduce the am-
biguity of the mapping between the stylized portraits and the recovered faces and
thus achieve photorealistic face images matching well the ground-truth face images.
The experimental evaluation shows that the proposed method can recover photoreal-
istic identity-preserving faces with desired attributes from unseen stylized portraits,
artistic paintings, and hand-drawn sketches. On large-scale synthesized and sketch
datasets, we demonstrate that our face recovery method achieves state-of-the-art re-
sults.

This chapter has been published as a conference paper: Shiri, F.; Yu, X.; Porikli,
F.; Hartley, R.; and Koniusz, P., 2019b. Recovering faces from portraits with auxiliary
facial attributes. In 2019 IEEE Winter Conference on Applications of Computer Vision
(WACV), 406−415. IEEE.

5.2 Introduction

Numerous style transfer methods have been proposed to transfer arbitrary artwork
styles into content images. In contrast to image stylization, we address a challeng-
ing inverse problem called photorealistic face recovery from stylized portraits which
aims at recovering a photorealistic face image from a given stylized portrait. The
recovery of the latent photorealistic face from its artistic portrait can help facial
analysis and the digital entertainment. Facial details in stylized portraits contain

67
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(a) Original

(b) Portrait (c) Landmarks (d) [Shiri et al., 2017]

(e) [Shiri et al., 2018] (f) Pix2Pix (g) Ours

Figure 5.1: Comparisons to the state-of-the-art methods. (a) Ground-truth face image
(from test dataset; not used in the training). (b) Unaligned stylized portraits of (a)
from Scream style (unseen style in training), respectively. (c) Detected landmarks by
approach [Zhang et al., 2014]. (d) Results obtained by [Shiri et al., 2017]. (e) Results
obtained by [Shiri et al., 2018]. (f) Results obtained by [Isola et al., 2017] (pix2pix).

(g) Our results.

artistic effects and distortions such as profile edges and texture changes as shown
in Figure 5.1(b). These artistic effects result in a partial loss of facial details and
identity-related information. Moreover, stylized face images may contain various fa-
cial expressions, facial distortions and misalignments. Off-the-shelf facial landmark
detectors often fail to localize facial landmarks correctly as shown in Figure 5.1(c).
Thus, restoring high-quality photorealistic faces from artistic portraits is challenging.

Motivated by such challenges, the recovery of photorealistic images from por-
traits has recently received some attention [Shiri et al., 2017, 2018; Isola et al., 2017;
Zhu et al., 2017b]. These methods take a portrait image and then use an autoencoder
to generate a photorealistic face image. Even though recent works [Shiri et al., 2017,
2018] are designed to destylize portrait images, they distort facial details and fail to
recover facial traits (e.g., hair color, lipstick, open/closed lips) to match the ground-
truth. These methods do not utilize the valuable semantic information in the process
of face recovery. Despite training on large-scale datasets, they fail to provide con-
sistent mappings between Stylized Portraits (SP) and ground-truth Real Faces (RF).
Thus, they cannot preserve or enforce desired facial attributes in the recovered im-
ages. As shown in Figure 5.1(d), 5.1(e) and 5.1(f), the facial details recovered by the
state-of-the-art methods [Shiri et al., 2017, 2018; Isola et al., 2017] are semantically and
perceptually inconsistent with the ground-truth images. Inaccuracies range from an
unnatural blur to attribute mismatches which include (but are not limited to) Black
Hair and Open Mouth.

Preliminary version – 11 July 2021



§5.2 Introduction 69

Unlike previous works, we propose to use facial attributes as high-level semantic
information to boost the quality of recovered face images. Simply embedding the
binary facial attribute vector as an additional input channel to the network results
in visible distortions (see Figure 5.4(e)). We observe that only low-frequency facial
components are visible in the stylized input faces as a residual image (the difference
between the RF image and the recovered face image) contains the missing high-
frequency details. Thus, to recover the high-frequency facial details, we incorporate
auxiliary facial attributes into the residual features.

Based on our observations above, we present a novel Face Recovery Network
(FRN) that can use facial attributes during the recovery step. Our FRN uses an au-
toencoder with residual block-embedded skip connections to incorporate visual fea-
tures obtained from portraits as well as semantic cues provided by facial attributes.
FRN progressively upsamples the concatenated feature maps through its deconvolu-
tional layers. Moreover, we employ a discriminative network that examines whether
a recovered face image resembles an authentic face image and whether the attributes
extracted from the recovered face are consistent with the input attributes. As a result,
our discriminative network can guide the generative network to incorporate seman-
tic information into the recovery process. As shown in Figure 5.1(g), our network
learns consistent mappings between SP and RF facial patterns and preserves low-
frequency details. Thus, we can generate realistic face images with details of the
ground truth faces (e.g. Black Hair, Smiling, Straight Hair, Wearing lip stick, pink cheeks),
as in Figure 5.1(g).

We require a large number of pairs of Stylized Portraits (SP) and Real Face (RF)
for training. Thus, we synthesize a large-scale training dataset. However, the choices
of styles are numerous–we cannot generate all possible stylized faces for training.
To select distinctive styles for training, we use a style-distance metric to measure
the style distinctiveness. For this purpose, we use the Gram matrices [Gatys et al.,
2016b] and the Log-Euclidean distance [Jayasumana et al., 2013] although other non-
Euclidean distances can also be explored [Koniusz et al., 2018c,a]. Specifically, we
first measure the distance between Gram matrices of stylized images and the average
Gram matrix of real faces, and then select the most distinctive styles, i.e. largest dis-
tance, for training. Furthermore, we note that our CNN filters learned from the data
of seen styles (used for the training phase) can also extract informative features from
images belonging to unseen styles. Thus, the facial information of unseen stylized
portraits can be extracted and used to generate realistic faces, as later demonstrated
in our experiments. The main contributions of our work can be summarized as fol-
lows:

I. We design a novel framework which removes styles from unaligned stylized
portraits. Our framework encodes stylized images with facial attributes and
then recovers realistic faces from encoded feature maps.

II. We propose an autoencoder with residual block-embedded skip-connections
to extract residual feature maps from SP inputs and combine the extracted
feature maps with facial attributes. In this fashion, we fuse visual and semantic
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information for best visual results.

III. By manipulating input attribute vectors, our network can generate the realistic
faces with desired attributes.

To the best of our knowledge, we are the first to use facial attributes for the face
recovery from stylized portraits.

5.3 Proposed Method

Below we present an attribute-guided framework for face recovery that takes SP
images and facial attribute vectors as inputs, and it outputs photorealistic images of
faces.

5.3.1 Network Architecture

Our network consists of two parts: a Face Recover Network (FRN) and a Discrim-
inative Network (DN). FRN is composed of an autoencoder with skip connections
with residual blocks. FRN extracts residual feature maps from input portraits and
concatenates the corresponding 20-dimensional attribute vector with the extracted
residual feature vector at the bottleneck of the autoencoder and then upsamples it.
In this manner, we fuse visual and semantic information to attain high-quality visual
performance. The role of DN is to guide the input attributes and the recovered face
images to be similar to their real counterparts. The attribute vector is replicated and
then concatenated with the extracted feature maps of the convolutional layer of DN.
The entire architecture of our network is shown in Figure 5.2.
FRN: This module employs a deep fully convolutional autoencoder for face recovery
from portraits (see the red frame of Figure 5.2). The convolutional layers of the
encoder capture feature maps of input portraits while deconvolutional layers of the
decoder upsample these feature maps to recover facial details. Previous works [Shiri
et al., 2017, 2018; Isola et al., 2017; Zhu et al., 2017b] do not use valuable semantic
information during face recovery. In contrast, our FRN incorporates low-level visual
and high-level semantic information (i.e. facial attributes) for face recovery to reduce
the ambiguity of mappings between SP and RF images. Specifically, at the bottleneck
of the autoencoder, the attribute vector is concatenated with the residual feature
vector (see the purple blocks in Figure 5.2). A naive embedding of a semantic vector
into SP may cause artefacts, e.g. Figure 5.4(e) (encoding input portraits with attributes
instead of residual feature maps) shows the identity is confused.

We also link symmetrically top convolutional and deconvolutional layers via skip-
layer connections [Long et al., 2015] as they pass higher-resolution visual details of
portraits from convolutional to deconvolutional layers for better restoration qual-
ity. Each skip-connection comprises three residual blocks which help our network
remove the styles of input portraits while increasing accuracy as in Figure 5.4(g).
Without skip-connections, we obtain blurred faces as in Figure 5.4(c).
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Figure 5.2: Our attribute-embedded face recovery framework has a generative net-
work (red frame) and a discriminative network (blue frame). The discriminative
network is needed in the training phase only. In the testing phase, the face recov-
ery network takes a portrait and its corresponding attributes vector as inputs and

outputs a photo-realistic face image.

Note that input portraits are misaligned (in-plane rotations, translations). Similar
to [Shiri et al., 2018], we use multiple Spatial Transformer Networks (STNs) [Jader-
berg et al., 2015] in FRN (see the green blocks in Figure 5.2) which compensate for
misalignments of input portraits. Thus, our method does not require the use of facial
landmarks or 3D face models.

To measure the appearance similarity between the recovered faces and their RF
ground-truth counterparts, we use a pixel-wise `2 loss and an identity-preserving
loss [Shiri et al., 2018]. The pixel-wise `2 loss enforces intensity-based similarity be-
tween images of recovered faces and their ground-truth images. The autoencoder
supervised by the `2 loss tends to output over-smoothed results as shown in Fig-
ure 5.3(c). For the identity-preserving loss, we use FaceNet [Schroff et al., 2015] to
extract features from images (see Sec. 5.3.2 for more details), and then we compare
the Euclidean distance between features of two images. In this way, we encourage
feature similarity between the recovered faces and their ground-truth counterparts.
Without the identity-preserving loss, the network produces random artefacts that
resemble facial details, such as wrinkles, as shown in Figure 5.3(d).
DN: In order to force the FRN to encode facial attribute information, we employ a
conditional discriminative network. In particular, the discriminative network distin-
guishes whether the attributes of face images recovered by FRN match the desired
attributes. DN also helps the recovered images to be similar to RF images. Since our
FRN network may learn to ignore attribute vectors, e.g., the weights corresponding
to the semantic information are all zero, we design a discriminator network that in-
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(a) (b) (c) (d) (e) (f)

Figure 5.3: Contribution of each loss of AFRP network. (a) Ground-truth face images.
(b) Input unaligned portraits from unseen styles. (c) Recovered faces without DN or
identity-preserving loss. (d) Recovered faces with the `2 loss and discriminative loss.
(e) Recovered faces with the `2, discriminative and identity-preserving losses. (f) Our

final results by embedding facial attributes.

corporates semantic attribute information into the generative process. As shown in
the Figure 5.4(f), the recovered hair color in the image is brown even if the ground
truth hair color is black. This implies that attribute cues are not exploited by the
network. Thus, we design a discriminative network which uses attribute embedding
in the learning process.

As shown in the blue frame of Figure 5.2, DN consists of convolutional and fully
connected layers. The real and recovered faces are fed into the network. The at-
tribute information is fed into the middle layer of the network as a conditional in-
formation. As CNN filters in the first layers extract low-level features and filters in
the higher layers extract semantically meaningful image patterns [Zeiler and Fergus,
2014], in our experiment concatenating features maps with the attribute vectors in
the fourth convolutional layer in DN yields better empirical results. When there is a
mismatch between the extracted features and the input attributes, the discriminative
network will pass the errors to the FRN network during backpropagation. As shown
in Figure 5.4(g), our final result matches the ground-truth facial expression, age and
gender.

5.3.2 Training Procedure

To train AFRP end-to-end, we construct SP, RF and attribute vector triplets (Ip, Ir, a)
as our training dataset, where Ir is the aligned real face image, and Ip is the corre-
sponding synthesized unaligned portrait image. For each RF, we synthesize different
unaligned SP images from various artistic styles to obtain SP/RF training pairs. As
detailed in Section 5.4, we only use stylized portraits from three distinct styles for
training. We use SP image Ip and its ground-truth attribute label vector a as inputs
and the corresponding RF ground-truth image Ir as a target during training.

We train our FRN network using a pixel-wise `2 loss, a feature-wise loss and an
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(a) (b) (c) (d) (e) (f) (g)

Figure 5.4: Ablation study. (a) RF ground-truth image. (b) Unaligned input portrait.
(c) Result without skip connections/residual blocks in the autoencoder. (d) Result
without residual blocks in the autoencoder. (e) Result when the attribute vector is
concatenated with the SF input directly. (f) Result without attribute embedding. A
standard discriminative network similar to the decoder in [Shiri et al., 2018]. (g) Our

final result.

adversarial loss to force the generated face Ir to resemble its corresponding ground-
truth. In addition, we employ a binary cross-entropy loss to update our discrimina-
tive network. Since the STN layers are interwoven with the layers of our autoencoder,
we optimize the parameters of the autoencoder and the STN layers simultaneously.
Below we explain each loss individually.
Pixel-wise Intensity Similarity Loss: We train a feed-forward network to produce
an aligned photorealistic face from a given unaligned portrait. To this end, we feed
our FRN with Ip images and their corresponding attributes a as inputs and then
force the recovered face Îr to be similar in intensity to its ground-truth counterpart
Ir. Hence, we minimize the objective function Lpix:

Lpix(Θ)=E‖ Îr− Ir‖2
F = E(Ip ,Ir ,a)∼p(Ip ,Ir ,a)‖GΘ(Ip, a)− Ir‖2

F, (5.1)

where GΘ(Ip, a) and Θ represent the output and parameters of our FRN, respec-
tively. We denote p(Ip, Ir, a) as the joint distribution of the SP and RF images and
the corresponding attributes in the training dataset.
Identity-preserving Loss: To obtain good identity-preserving results, we extract
feature maps from the ReLU activations of the FaceNet and compute the Euclidean
distance between features of the recovered face Îr = GΘ(Ip, a) and ground-truth
face Ir. As the FaceNet network is pre-trained on a large image dataset, it captures
visually meaningful facial features and helps to preserve the identity information.
Our identity-preserving loss Lid is

Lid(Θ)=E‖ψ( Îr)−ψ(Ir)‖2
F = E(Ip ,Ir ,a)∼p(Is ,Ir ,a)‖ψ(GΘ(Ip, a))−ψ(Ir)‖2

F, (5.2)

where ψ(·) denotes the feature maps extracted from the layer ReLU3-2 of the
FaceNet.
Discriminative Loss: The discriminative network should note if recovered faces
contain the desired attributes and distinguish recovered faces from real ones. More-
over, FRN should make the discriminative network DΦ fail to distinguish recovered
faces from real ones and the attributes of generated faces should match the input
attributes. Hence, in order to train the discriminative network, we take real FR face
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images Ir and their corresponding ground-truth attributes a as positive sample pairs
(Ir, a). Negative samples are constructed from recovered faces Îr and their ground-
truth attributes a as well as real FR faces and mismatched (fake) attributes ã. Thus,
the negative sample pairs consist of both ( Îr, a) and (Ir, ã). The parameters of the
discriminator Φ are updated by minimizing the loss:

Ldis(Φ)=−E(Ir ,a)∼p(Ir ,a)[log DΦ(Ir, a)]−E( Îr ,a)∼p( Îr ,a)[log(1−DΦ( Îr, a))]

−E(Ir ,ã)∼p(Ir ,ã)[log(1−DΦ(Ir, ã))],
(5.3)

where p(Ir, a), p( Îr, a) and p(Ir, ã) denote distributions of real and recovered faces
and the corresponding attributes respectively, and p(Ir, ã) represents the distribution
of the recovered faces and the corresponding mismatched (fake) attributes. DΦ(Ir, a),
DΦ( Îr, a) and DΦ(Ir, ã) are the outputs of DΦ. We update parameters of the discrim-
inative network, Ldis loss is back-propagated to FRN.

Our FRN loss is a weighted sum of three terms: the pixel-wise loss, the discrim-
inative loss, and the identity-preserving loss. The parameters Θ are obtained by
minimizing the objective function of the FRN loss as follows:

LFRN(Θ) =E(Ip,Ir ,a)∼p(Ip,Ir ,a)‖GΘ(Ip)− Ir‖2
F

+λ EIp∼p(Ip,a))[logDΦ(GΘ(Ip, a), a)] (5.4)

+η E(Ip,Ir ,a)∼p(Ip,Ir ,a)‖ψ(GΘ(Ip, a))−ψ(Ir)‖2
F,

where λ determines a trade-off between the appearance and the attribute similarity,
and η determines a trade-off between the image intensity and the feature similarity.

As GΘ(·) and DΦ(·) are differentiable, we apply back-propagation with respect
to Θ and Φ, and optimize using Stochastic Gradient Descent (SGD) combined with
the Root Mean Square Propagation (RMSprop).

5.3.3 Implementation Details

The discriminative network DN is needed in the training phase only. In the testing
phase, we take SP portraits and their corresponding attribute vectors as inputs and
feed them to FRN. The outputs of FRN are the recovered photo-realistic face images.
Although the attributes used for training are normalized between 0 and 1, they can
be scaled up and down, e.g., above 1 or below 0, to manipulate the final results
according to users’ requirements.

We use convolutional layers with kernels of size 4× 4 and stride 2 in the encoder
and deconvolutional layers with kernels of size 4× 4 and stride 2 in the decoder. We
use mini-batches of size 64, the learning rate 10−3 and the decay rate 10−2. For STNs,
we use architectures as in [Shiri et al., 2018]. In all experiments, λ and η are set to
10−2 and 10−3, respectively, gradually reducing λ by a factor 0.995 to emphasize the
importance of appearance similarity. As our method is feed-forward at the test time,
it takes 8 ms to destylize a 128×128 image.
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Table 5.1: List of the 40 face attributes provided with the CelebA database.
Index Definition Index Definition Index Definition Index Definition

1 5o’ClockShadow 11 Blurry 21 Gender 31 Sideburns
2 ArchedEyebrows 12 BrownHair 22 MouthOpen 32 Smiling
3 Attractive 13 BushyEyebrows 23 Mustache 33 StraightHair
4 BagsUnderEyes 14 Chubby 24 NarrowEyes 34 WavyHair
5 Bald 15 DoubleChin 25 NoBeard 35 WearingEarrings
6 Bangs 16 Eyeglasses 26 OvalFace 36 WearingHat
7 BigLips 17 Goatee 27 PaleSkin 37 WearingLipstick
8 BigNose 18 GrayHair 28 PointyNose 38 WearingNecklace
9 BlackHair 19 HeavyMakeup 29 RecedingHairline 39 WearingNecktie
10 BlondHair 20 HighCheekbones 30 RosyCheeks 40 Young

5.4 Experimental Setup

To avoid overfitting in AFRP, a large number of SP/RF training image pairs are
obtained from the CelebA dataset [Liu et al., 2015]. We randomly select 110K real
faces for training and 2K images for testing. Then, we crop the central part of each
image and resize it to 128×128 pixels as our RF ground-truth face images Ir. We
augment RF images by rotation and translation.

Each facial image in the CelebA dataset is manually annotated with 40 binary
attributes (see Table 5.1). We choose 20 dominant attributes (Bald, Bangs, Big Nose,
Black Hair, Blond Hair, Brown Hair, Eyeglasses, Gray Hair, Heavy Makeup, Gender, Mouth
Open, Mustache, Narrow Eyes, No Beard, Pale Skin, Smiling, Straight Hair, Wavy Hair,
Wearing Lipstick and Age) from 40 attributes in CelebA. These facial attributes play
important roles on recovering the facial details. For instance, the gender and the hair
color (e.g. blond, black, brown) are significant features of face images. The selected
attributes contain both local(e.g. wearing lipstick) and global (e.g. age) attributes.
our model is not limited to only these 20 attributes and the rest of attributes can be
covered during the training stage. The ground truth attributes are binary 0/1 values.

We use three distinct styles for synthesizing our training dataset (see Sec. 5.4.1).
Finally, we obtain 330K SP/RF pairs and their corresponding attributes for training.
We also use 2K unaligned real faces to synthesize 20K SP images from 10 diverse
styles as our testing dataset. We also add sketches as an unseen style for testing.
Training and testing datasets are disjoint.

5.4.1 Style Distance Metric

It is not practical to generate a large number of styles for training. Thus, we propose
a style distance metric to select the most difficult styles for the face recovery process.
To this end, we compute Gram matrices for various styles from feature maps of
pre-trained VGG-network [Simonyan and Zisserman, 2014a]. Then, we measure the
similarity of styles via the Log-Euclidean metric [Jayasumana et al., 2013] between
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(a) Male (b) Young (c) Makeup

(d) Mouth (e) Beard (f) Hair Color

Figure 5.5: Our method lets us fine-tune the recovered results by manipulating the
attributes. First row: Unaligned input portraits. Second row: RF ground-truth faces.
Third row: Our results with ground-truth attributes. Fourth row: Our results by
adjusting attributes. (a) Changing gender. (b) Adding age. (c) Removing makeup.

(d) Opening and closing mouth. (e) Adding beard. (d) Changing hair color.

Gram matrices of style images and the average Gram matrix of real training face
images. As a result, we choose Candy, Wave and Mosaic styles for training.

5.5 Experiments

We compare our approach qualitatively/quantitatively to the state-of-the-art meth-
ods [Johnson et al., 2016; Shiri et al., 2017; Isola et al., 2017; Zhu et al., 2017a; Shiri
et al., 2019a]. For fairness, we retrain these methods on our training dataset for the
task of photorealistic face recovery from stylized portraits.

5.5.1 Attribute Manipulation in Face Recovery

By manipulating attribute vectors, we can also post-edit results. As shown in Fig-
ure 5.5(f), by changing the hair color attribute, we can restore the same person with
different hair color. Our method can also manipulate the age in Figure 5.5(b), remove
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Table 5.2: Impact of tuning attributes on the classification results.

Attributes Young Male Beard
Heavy

Makeup
Big

Nose
Black
Hair

Blond
Hair

Brown
Hair

Mouth
Open

GT Attr. Acc. 95% 100% 79% 94% 68% 98% 100% 99% 100%

Increased Attr. Acc. 100% 100% 100% 100% 92% 100% 100% 100% 100%

Decreased Attr. Acc. 0.5% 1% 15% 11% 17% 6% 2.5% 3.5% 0%

the eye-lines and lipstick in Figure 5.5(c), open or close mouths in Figure 5.5(d), add
beard in Figure 5.5(e), and change the hair color in Figure 5.5(f).

To test if the attribute information has been successfully embedded in our net-
work, we choose 9 different attributes, i.e. Young, Male, Beard, Heavy Makeup, Big Nose,
Black Hair, Blond Hair, Brown Hair and Mouth Open, and we train an attribute classifier
for each attribute. Note that, some of our selected 20 attributes are coupled together,
such as goatee and beard information, and some attributes may not be always con-
sistent with human observation and are even hard to distinguish in upsampled faces
in our experiments, such as eye bags. Therefore, we conduct the quantitative eval-
uations on the above 9 attributes as visible in Figure 5.5 rather than all the selected
attributes. By increasing and decreasing the corresponding attribute values, the true
positive accuracies change accordingly, as shown in Table 5.2. This indicates that the
attribute information and thus semantic information has been successfully injected
into the recovered faces.

5.5.2 Qualitative Evaluation

We provide sample results in Figure 5.6 (also see our supp. material). Note that [Shiri
et al., 2017; Isola et al., 2017; Johnson et al., 2016; Zhu et al., 2017a] require input SP
faces to be aligned before recovery so we employ an STN to align all the SP images.
Our method and [Shiri et al., 2018] automatically generate upright real face images.
The aligned upright RF ground-truth images are shown for comparison. We visually
compare our approach with five methods detailed below.

Johnson et al. [2016] capture correlation between feature maps of the portrait and
the synthesized face (Gram matrices). We retrain this approach for destylization.
However, it fails to preserve spatial structures of face images and network generates
distorted facial details and unnatural artefacts. As shown in Figure 5.6(c), the facial
details are blurred and the artistic styles have been removed only partially.

Shiri et al. [2017] introduce a face destylization which uses only a pixel-wise loss
in their generative network and a standard discriminator to enhance facial details.
Although their approach is trained on a large-scale dataset, it fails to generate au-
thentic facial details due to the existence of various styles. As seen in Figure 5.6(d),
it produces distorted results and the facial colors are inconsistent. It cannot recover
faces from unaligned portraits or large pose portraits.

Isola et al. [2017] train a "U-net" generator augmented with a PatchGAN discrim-
inator in an adversarial framework, known as "pix2pix". Their network does not

Preliminary version – 11 July 2021



78 Recovering Faces from Portraits with Auxiliary Facial Attributes

capture the global structure of faces. As shown in Figure 5.6(e), pix2pix can gener-
ate acceptable results for the seen styles but it fails to remove the unseen styles and
produces obvious artefacts.

CycleGAN [Zhu et al., 2017a] is an image-to-image translation method that uses
unpaired datasets. Since CycleGAN also employs a patch-based discriminator, it
cannot capture the global structure of faces either. As CycleGAN uses unpaired
face datasets, the low-level features of the stylized faces and real faces do not match
well. As shown in Figure 5.6(f), this method produces distorted results and does not
preserve the identities with respect to the input images.

Shiri et al. [2018] exploit an identity-preserving loss to reveal the photorealistic
faces from unaligned stylized faces. They also employ a simple autoencoder and
standard discriminative network to recover the real faces, but their discriminative
network is only used to force the generative network to produce sharper results
without imposing attribute information. As shown in Figure 5.6(g), their method
suffers mismatched hair colors. As shown in the third row of Figure 5.6(g), their
method also recovers male facial details.

In contrast, our results demonstrate higher fidelity and better consistency with
respect to the ground-truth face images as shown in Figure 5.6(h). Our method,
evaluated on portraits from seen/unseen styles and sketches, produces high-quality
realistic faces which also match the semantic composition of ground-truth images.
Our network recovers the photorealistic faces from various stylized portraits of the
same person as shown in Figure 5.6. Note that the recovered faces resemble each
other. This demonstrates the robustness of our network with respect to different
styles.

5.5.3 Quantitative Evaluation

Face Reconstruction Analysis. To evaluate the reconstruction performance, we
measure the average Peak Signal to Noise Ratio (PSNR) and Structural Similarity
(SSIM) [Wang et al., 2004] on the entire test dataset. Table 5.3 indicates that our
method achieves superior quantitative performance in comparison to other methods
on both seen and unseen styles. As indicated in Table 5.3, we show the quantitative
results of solely using FRN, marked as FRN. Also, the results of using both FRN and
a standard DN, indicated by FRN+SDN, is demonstrated in Table 5.3. The standard
DN only forces FRN to generate realistic faces, and thus it improves the results qual-
itatively and quantitatively. Since FRN augmented with attributes may learn a trivial
solution, where all attribute vectors will be neglected, using a standard DN cannot
force FRN to embed such attribute information. On the contrary, our conditional
DN is able to distinguish whether the attributes match the input faces or not, thus
forcing FRN to embed attribute information in the process of face recovery. Thus, the
ambiguity is significantly reduced and the network achieves better performance.
Face Retrieval Analysis. To demonstrate that the faces recovered by our method
are highly consistent with their ground-truth counterparts, we run a face recognition
algorithm [Parkhi et al., 2015] on our test dataset for both seen and unseen styles. For
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(a) RF

(b) SP (c) Johnson (d) Shiri,
2017

(e) Pix2Pix (f) Cycle-
GAN

(g) Shiri,
2018

(h) Ours

Figure 5.6: Comparisons to the state of the art. (a) Original RF image. (b) Input
portraits (from the test set) including the unseen styles Sketch, Starry, Scream, La Muse
and Udnie and the seen styles Candy and Mosaic. (c) Results of [Johnson et al., 2016].
(d) Results of [Shiri et al., 2017] (e) Results of [Isola et al., 2017] (pix2pix). (f) Results
of [Zhu et al., 2017a] (CycleGAN). (g) Results of [Shiri et al., 2018]. (h) Our method.

each investigated method, we consider 2K recovered faces from one style as query
images and then use their ground-truth real faces as a gallery dataset. We run [Parkhi
et al., 2015] to check whether the correct person is retrieved within the top-5 matched
images and then an average retrieval score is obtained. We repeat this procedure for
each style and then obtain the average Face Retrieval Ratio (FRR) by averaging all
scores from the seen and unseen styles, respectively. As indicated in Table 5.4, our
AFRP network outperforms the other methods across all the styles. Even for the
unseen styles, our method can still generate realistic facial details with high fidelity
to the ground-truth.
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Table 5.3: Comparisons of PSNR and SSIM on the entire test dataset.

Method
Seen Styles Unseen Styles Unseen Sketches

PSNR SSIM PSNR SSIM PSNR SSIM
[Johnson et al., 2016] 17.85 0.76 18.07 0.75 18.11 0.76

[Shiri et al., 2017] 19.22 0.81 19.09 0.80 19.01 0.80
pix2pix 18.45 0.78 18.12 0.77 18.07 0.78

CycleGAN 18.35 0.75 18.29 0.75 18.08 0.76
[Shiri et al., 2018] 19.35 0.80 19.31 0.79 19.045 0.80

FRN 18.42 0.76 18.51 0.75 18.49 0.75
FRN + SDN 19.66 0.81 19.58 0.80 19.62 0.80

AFRP 20.01 0.84 19.99 0.83 19.98 0.83

Table 5.4: Comparisons of FRR on the entire test dataset for different methods.
Method Seen Styles Unseen Styles Unseen Sketch

[Johnson et al., 2016] 55.57% 50.48% 54.36%

[Shiri et al., 2017] 78.00% 66.89% 65.26%

pix2pix 76.03% 62.67% 64.64%

CycleGAN 36.07% 33.68% 32.75%

[Shiri et al., 2018] 84.51% 75.32% 75.44%

AFRP 93.08% 83.14% 92.05%

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

Figure 5.7: Results for the original unaligned paintings and hand-drawn sketches.
Right: the original portraits. Left: our results.

5.5.4 Destylizing Original Paintings and Sketches

Figure 5.7 illustrates that our method is not limited to computer-generated stylized
portraits and it can also efficiently recover photorealistic faces from original paintings
and sketches. We choose real paintings from art galleries and hand-drawn sketches
as our test examples. Since we do not know the ground-truth attributes, we set the
attribute vectors to neutral values i.e., 0.5. As shown in Figure 5.7, despite attributes
may be inaccurate, our method still generates authentic face images regardless of
their original styles.
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5.6 Conclusions

We have introduced an attribute guided generative-discriminative network to recover
photorealistic faces from unaligned stylized portraits in an end-to-end fashion. With
the help of the conditional discriminative network, our network successfully incor-
porates facial attribute vectors into the residual features of input portraits at the bot-
tleneck of the autoencoder. Our network is able to preserve the identity of generated
faces and it can post-edit the recovered results by adjusting the attribute informa-
tion. Moreover, our algorithm demonstrates good generalization ability for recovery
of portraits from unseen styles, real paintings as well as hand-drawn sketches. In
the next chapter, to test the efficacy of our DNN, we employ our approach on super-
resolving very small low resolution non-frontal face images.
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Chapter 6

Can We See More? Joint
Frontalization and Hallucination of
Unaligned Tiny Faces.

6.1 Foreword

In previous chapters, we mainly address the problem of recovering realistic face
images from stylized portraits. We note that upsampling a low-resolution face image
to its high-resolution version can be also considered as "realistic face recovery" or
face hallucination. The last aim of this thesis is to determine how to super-resolve
and frontalize very small low-resolution non-frontal face images.

Previous methods focus on super-resolving high-resolution face images from the
low-resolution inputs. When the face images undergo large pose variations and
viewpoint changes e.g., profile views, there is less information available for human
observation and computer analysis compared to the frontal views. Thus, profile faces
pose difficulties to the state-of-the-art face recognition systems and are difficult for
human perception. Benefiting from the great power of deep neural networks, some
works frontalize high-resolution side-view faces. In this fashion, they provide more
information for human observation as well as computer processing. Inspired by this
idea, we also attempt to super-resolve low-resolution faces while frontalizing the up-
sampled face images simultaneously, thus providing more information for human
and machine perception. We evaluate our method on a large set of synthesized non-
frontal face images to assess its reconstruction performance. Extensive experiments
demonstrate that TANN generates both qualitatively and quantitatively superior re-
sults achieving over 4 dB improvement over the state-of-the-art.

This chapter has been published in the journal IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence: Yu, X.; Shiri, F.; Ghanem, B.; and Porikli, F., 2019. Can
we see more? joint frontalization and hallucination of unaligned tiny faces. IEEE
transactions on pattern analysis and machine intelligence, (2019).
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(a) (b) (c) (d)

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

Figure 6.1: Comparison with the combination of face hallucination [Yu and Porikli,
2017c] and frontalization [Hassner et al., 2015] methods. (a) 16× 16 LR non-frontal
input image. (b) 128× 128 HR original frontal image (not available in training). (c)
The best possible match to the given LR image in the dataset after compensating
for in-plane rotations by STN0 [Jaderberg et al., 2015]. (d) Detected landmarks by
[Zhu and Ramanan, 2012] after bicubic upsampling. (e) Result obtained by applying
[Hassner et al., 2015] first and then [Yu and Porikli, 2017c]. In [Yu and Porikli, 2017c],
the first decoder and encoder are used to reduce image noise. Hereby, we only use
the second decoder of [Yu and Porikli, 2017c] for super-resolving LR faces. (f) Result
obtained by applying [Yu and Porikli, 2017c] first and then [Hassner et al., 2015]. (g)
Image generated by [Yu and Porikli, 2017c], which is retrained with LR non-frontal

and HR frontal face images. (h) Our result.

6.2 Motivations

Recovering high-resolution (HR) face images from their low-resolution (LR) coun-
terparts, known as face hallucination, has received significant attention in recent
years. Existing face hallucination methods mainly focus on super-resolving nearly
frontal faces, which provide critical perceptual information for the human visual
system [Hassner et al., 2015]. However, in most cases, LR faces may not necessar-
ily be frontal. Super-resolving such non-frontal LR faces requires either frontalizing
them first and then applying existing face hallucination techniques, or super-solving
first (which highly depends on an available pose-specific exemplar dataset) and then
frontalizing. Nevertheless, both of these options are naturally very challenging.

Conventional and emerging face frontalization methods [Blanz and Vetter, 1999;
Yang et al., 2011; Hassner, 2013; Taigman et al., 2014; Sagonas et al., 2015; Hassner
et al., 2015; Thies et al., 2016] often rely on facial landmarks for warping 2D face
images onto 3D models, and thus require the input images to have a sufficient res-
olution where such landmarks are detectable. This renders them ineffective for tiny

Preliminary version – 11 July 2021



§6.2 Motivations 85

face images. Without a proper frontalization, directly employing face hallucination
methods [Baker and Kanade, 2000, 2002; Liu et al., 2001; Wang and Tang, 2005; Liu
et al., 2007; Hennings-Yeomans et al., 2008; 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] may
cause severe artifacts due to large pose variations and misalignments. As shown in
Figure 6.1 and Figure 6.2, for very low-resolution non-frontal face images, apply-
ing either face frontalization followed by hallucination, or hallucination followed by
frontalization produces degraded results.

In this chapter, we aim to jointly frontalize and hallucinate a given input face
image so as to avoid the artifacts produced by either of these tasks individually.
To do so, we present a new Transformative Adversarial Neural Network (TANN)
that automatically frontalizes the LR faces while hallucinating the frontalized LR
feature maps by an upscaling factor of 8× in an end-to-end fashion. Considering
that an LR input face may undergo large pose variations and misalignments as seen
in Figure 6.1, our motivation is to force a non-frontal LR face to share the same
latent representation of its corresponding frontal LR face and then super-resolve the
latent representation. Thus, we first design a transformative subnetwork to encode
a non-frontal LR face into a latent representation, where the representation of the
input non-frontal LR face is forced to be similar to the latent representation of its
frontal counterpart in the latent subspace. Then, we pass the latent representations,
i.e., the frontalized LR feature maps, through a subnetwork that is composed of
deconvolutional and spatial transformer layers [Jaderberg et al., 2015], whose goal is
to generate HR outputs. Inspired by previous work [Goodfellow et al., 2014; Denton
et al., 2015a; Yu and Porikli, 2016, 2017b; Xu et al., 2017], we choose to employ an
adversarial network to make these HR outputs more closely resemble real human
faces.

In order to train our network, we not only employ the traditional pixel-wise im-
age appearance similarity and class-wise similarity constraints used in the work [Yu
and Porikli, 2017c, 2016], but also develop a triplet loss to constrain the similarity of
the latent representations between the input non-frontal faces and their ground-truth
frontal LR ones. With the help of the proposed triplet loss, we are able to enforce
that the representation of a side-view face to be close to its corresponding frontal
LR face and far from other LR frontal faces in the latent subspace. In this manner,
the faces upsampled from the encoded representations are not only similar to their
HR frontal counterparts but also distinguishable from other hallucinated faces since
the same upsampling subnetwork is used for super-resolution. In particular, the
upsampled frontalized faces can share similar facial characteristics with their corre-
sponding ground-truth ones after super-resolution. Thus, our triplet loss preserves
the identity information implicitly. Note that, different from the traditional triplet
loss, where both negative and positive examples are used to calculate the gradients
of neural networks and update simultaneously, we only update the latent representa-
tions of LR side-view faces by forcing them to be close to the representations of their
ground-truth frontal faces without affecting positive and negative LR frontal faces.
Furthermore, we exploit a feature-wise similarity constraint, known as perceptual
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loss [Johnson et al., 2016], to make the hallucinated facial characteristics similar to
the ground-truths, thus improving the visual quality.

Although deep neural networks have given rise to major advances in many com-
puter vision tasks, they require very large datasets to train millions of parameters in
their models. In our case, the existing large-scale face datasets [Huang et al., 2007b;
Liu et al., 2015] do not provide a sufficient number of frontal and non-frontal face im-
age pairs for training our TANN. To obtain a large corpus of frontal and non-frontal
face image pairs for the goal of training our deep neural network, we construct a set
of out-of-plane rotated images from available frontal faces mapped onto a 3D face
model. We first map randomly chosen frontal images to a 3D model, and then render
different views of the 3D face, similar to the approach of [Masi et al., 2016]. Masi
et al. [2016] generate unseen viewpoints given a face image. They estimate a pose
with six degrees of freedom for the face using correspondences between detected
landmarks and points on a 3D generic face model. This allows us to have high-
quality HR frontal faces as our ground-truth images. It is important to note that this
step is only to construct the training dataset, as we do not use any 3D models in our
network (neither in training, nor in testing). In our experiments, we use non-frontal
faces whose 3D models are unknown to demonstrate that TANN can hallucinate and
frontalize different views of any unaligned LR face beyond the poses it is exposed to
in training.

Overall, our contributions can be summarized as follows:

• We introduce a new transformative adversarial neural network to simultane-
ously hallucinate (by an upscaling factor of 8×) and frontalize tiny (16×16
pixels) unaligned face images with pose variations up to ±75◦.

• We propose a new triplet loss to encode non-frontal LR faces into a latent sub-
space without distorting the encoding of frontal LR ones. With the help of
the proposed triplet loss, we can force non-frontal LR faces to be close to their
ground-truth frontal ones while keeping away from other faces in the latent
subspace. To the best of our knowledge, our method is the first attempt to
employ the triplet training strategy in the face hallucination task.

• We perform the training of our network in an end-to-end fashion by incorpo-
rating the reconstruction, perceptual, discriminative and triplet loss terms. In
order to train our network, we also provide a dataset of corresponding frontal
and non-frontal view face image pairs, which will be made available on-line to
the vision community at large.

• We achieve superior hallucination results and outperforms the state-of-the-art
by a large margin of 4.0 dB PSNR. Our method eliminates the need for facial
landmarks or 3D face models as it is agnostic to the underlying in-plane and
out-of-plane pose variations and spatial deformations. In the testing phase, our
method can successfully process faces that are imaged at views not seen during
training.
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(a) (b) (c) (d)

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

(i) (j) (k) (l)

Figure 6.2: Artifacts caused by the state-of-the-art face frontalization and hallucina-
tion methods. (a) The input 16×16 LR image. (b) The original 128×128 HR frontal
image. (c) The aligned upright version of (a) by STN0. (d) Frontalized result of (c)
using [Hassner et al., 2015]. Note that, we first upsample (c) by bicubic interpolation,
then apply [Hassner et al., 2015], and downsample the frontalized result. (e) HR im-
age after applying [Zhu et al., 2016b] to (d). (f) HR image after applying [Zhu et al.,
2016b] to (c) directly. (g) The frontalized version of (f) by [Hassner et al., 2015]. (h)
The result of applying [Yu and Porikli, 2017c] to (a). (i) The result of TANN without
the transformer subnetwork, which is similar to the upsampling network [Yu and
Porikli, 2017c], retrained with LR non-frontal and HR frontal faces. (j) The aligned
and frontalized LR face by our transformer subnetwork. Note that, in our end-to-end
trained TANN, the output of the transformer network is a set of feature maps not
an image. (k) The hallucinated result of (j) by our upsampling subnetwork (here, we

retrained the upsampling network). (l) Our final result.

Preliminary version – 11 July 2021



88 Can We See More? Joint Frontalization and Hallucination of Unaligned Tiny Faces.

This chapter is an extension of the research work [Yu and Porikli, 2016, 2017b,c].
Unlike the previous works [Yu and Porikli, 2016, 2017b,c], which only focus on super-
resolving LR face images, this chapter aims at upsampling LR faces while frontalizing
them. However, our previous upsampling networks [Yu and Porikli, 2017b,c] cannot
upsample and frontalize profile faces even after retraining, as shown in Figure 6.1(g).
Therefore, we first project LR faces in different poses into latent representations by an
encoder network, and then upsample from the latent representations by a decoder
network. To the best of our knowledge, our method is the first attempt to pro-
vide a unified framework for super-resolution and frontalization of unaligned very
low-resolution face images, reducing significantly the artifacts introduced by either
strategy, when considered individually.

6.3 Background

Our work mainly focuses on two aspects: face frontalization and hallucination. We
briefly review noteworthy face frontalization and hallucination works below.

Face Frontalization: Generating a frontal face from a single non-frontal face im-
age is very challenging due to self-occlusions and various pose variations, and has
received significant attention in computer vision. Seminal works date back to the 3D
Morphable Model (3DMM) [Blanz and Vetter, 1999], where a face is represented by
the shape and texture bases in PCA subspace. After obtaining the shape and texture
coefficients of an input face image, Blanz and Vetter [1999] render novel views of
an input face. Driven by 3DMM, Yang et al. [2011] estimate 3D surface from face
appearance and then synthesize new expressions of the given face. However, these
methods require the input face images to be nearly frontal in order to estimate the
shape and appearance coefficients of input faces in PCA subspace. Dovgard and
Basri [2004] exploit the facial symmetry to estimate 3D geometry of the given faces
and render frontal faces. Similarly, Hassner et al. [2015] use facial symmetry to ren-
der out-of-view facial regions. Some methods, e.g., [Asthana et al., 2011; Hassner,
2013; Taigman et al., 2014; Masi et al., 2016; Zhu et al., 2015], attempt to reconstruct
frontal views by mapping a 2D face image onto a 3D reference surface mesh after
registering and normalizing the face image. Since they need to detect facial land-
marks in the input images and establish correspondences of landmark points to 3D
or 2D reference models, they require images in sufficiently high resolutions. Based
on the fact that frontal faces have the minimum rank of all different poses, Sagonas
et al. [2015] propose a statistical face frontalization method, but the appearance of
their frontalized faces may not be consistent with the input faces.

Deep learning based face frontalization methods have been proposed recently
as well [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]. Zhu et al. [2014] present a deep
neural network to frontalize HR faces by exploiting the symmetry and similarity of
facial components. Their method does not require estimation of a 3D model, but it
cannot maintain appearance similarity between the frontalized and input faces either.
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Yim et al. [2015] develop a multi-task deep neural network to rotate faces, but their
method outputs blurry frontal faces due to the aggressive downsampling operations
in the encoder. Similarly, Cole et al. [2017] learn to generate facial landmarks and
textures from features extracted by a face recognition network. Since Cole et al. warp
input faces to the mean face geometry by using facial landmarks, the resolutions
of their inputs need to be sufficiently large. Very recently, Huang et al. [2017b]
employ two deep neural networks, i.e., global and local networks, to frontalize faces.
However, their local network needs to extract HR facial components for identity
preservation and to align HR facial components to pre-defined positions, and thus
their method is not suitable for very LR unaligned non-frontal face images. Yin
et al. [2017] combine 3DMM and a generative adversarial network to frontalize faces
with arbitrary poses. They also need to localize facial landmarks when mapping the
input faces to the 3DMM. Thus their method requires sufficient resolutions for input
images. Tran et al. [2017a] present a convolutional neural network (CNN) to regress
3DMM shape and texture parameters to speed up the optimization of 3DMM, but
their method does not render frontalized faces which are similar to the input faces in
terms of image intensity. Instead of localizing facial landmarks explicitly in the face
images, Chang et al. [2017] employ a simple CNN to regress 6 degrees of freedom
(6DoF) 3D head poses from image intensities. Then the estimated 6DoF parameters
can be used to align face images without localizing facial landmarks explicitly. By
transforming input image intensities with the estimated parameters, [Chang et al.,
2017] is able to preserve the appearance similarity between the input faces and their
counterparts in the generated views.

Face Hallucination: Face super-resolution (FSR), also known as face hallucina-
tion, aims at magnifying an LR image to its HR version and can be roughly grouped
into three categories: holistic-based, part-based, and deep network based solutions.

Holistic based methods attempt to super-resolve an entire HR face by using global
face models, often learned by PCA. Wang and Tang [2005] establish a linear mapping
between LR and HR face subspaces to super-resolve HR faces, while Liu et al. [2007]
learn a global appearance model for upsampling LR inputs and employ a local non-
parametric model to enhance the facial details. Kolouri and Rohde [2015] propose
to morph an HR output from the aligned exemplar faces similar to LR inputs by the
optimal transport and subspace learning techniques. Because holistic-based methods
require LR inputs to be accurately aligned and to share the same pose and expres-
sion as HR references when learning global face models, they are very sensitive to
misalignments and pose variations.

Instead of super-resolving entire faces, part-based methods upsample facial re-
gions and thus can address various poses. They either use reference position patches,
or employ facial components to restore the HR counterparts of LR inputs. For in-
stance, Baker and Kanade [2002] reconstruct high-frequency details of aligned frontal
face images by finding the best mapping between LR and HR patches. Similarly, Ma
et al. [2010] employ position patches extracted from multiple aligned HR images to
upsample aligned LR face images. Rather than reconstructing patches in the image
domain, Yang et al. [2010] and Li et al. [2014] super-resolve HR image patches by
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employing sparse coding techniques to achieve better performance. Tappen and Liu
[2012] apply SIFT flow [Liu et al., 2011] to align the facial parts of LR images and
reconstruct HR facial details by warping the reference HR images, while Yang et al.
[2013, 2017] localize facial components in the LR images by a facial landmark detector
and then reconstruct details from the similar HR reference components. Since these
methods need to extract facial components in LR face images accurately, their per-
formance degrades dramatically when the LR faces are tiny. We refer the readers to
the work [Wang et al., 2014] for a more comprehensive survey on face hallucination
using traditional approaches.

As large-scale datasets become available, Zhou and Fan [2015] propose a con-
volutional neural network (CNN) to extract facial features and recover facial details
from the extracted features. Yu and Porikli [2018] consolidate deconvolutional and
convolutional layers for super-resolving LR face images, but they improve the vi-
sual quality by a post-processing technique, i.e., an unsharp filter. The work pre-
sented in [Yu and Porikli, 2016] develops a discriminative generative network to
super-resolve aligned LR face images in an end-to-end fashion while Huang et al.
[2017a] exploit wavelet coefficients learned by CNN to restore HR faces. In order to
relax the requirement of face alignment, Yu and Porikli [2017b] embed multiple spa-
tial transformer networks [Jaderberg et al., 2015] into the generative network of [Yu
and Porikli, 2016]. Their follow-up work [Yu and Porikli, 2017c] employs a decoder-
encoder-decoder structure to super-resolve noisy LR faces while suppressing image
noise. Xu et al. [2017] employ the generative adversarial framework [Goodfellow
et al., 2014] as well as a multi-class adversarial loss to upsample blurry and LR
face and text images. Dahl et al. [2017] exploit the framework of PixelCNN [Oord
et al., 2016], known as an autoregressive generative model, to hallucinate very low-
resolution face images. Towards the same goal, Zhu et al. [2016b] use a cascade
bi-network to upsample very low-resolution and unaligned faces, of which one is
used to super-resolve low-frequency components of face images and the other is em-
ployed to hallucinate high-frequency facial details. Since these deep learning based
methods do not take out-of-plane rotations of faces into account and are restricted to
small pose variations, (i.e. within ±30◦), they may fail to super-resolve LR faces with
large pose variations.

Recently, some face hallucination methods have been proposed to handle large
pose variations in LR face images by exploiting facial structure information [Chen
et al., 2018; Bulat and Tzimiropoulos, 2018; Kalarot et al., 2020]. Chen et al. [2018]
first super-resolve low-frequency components of input faces and then enhance the
facial details based on the facial landmarks estimated from the upsampled faces. Bu-
lat and Tzimiropoulos [2018] upsample face images in different poses by imposing
a loss to enforce the detected landmarks in the super-resolved faces to be close to
the ground-truth ones. Zhang et al. [2020] develop a new illumination compensation
loss to capture illumination from the external guided face image effectively. How-
ever, these methods only super-resolve profile faces rather than frontalizing them for
better observation and analysis. Even though profile faces can be super-resolved with
authentic details, localizing facial landmarks from those profile faces for frontaliza-
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Figure 6.3: TANN consists of two parts: a transformative upsampling network (red
box) and a discriminative network (blue box). In our transformer subnetwork, we
also employ skip connections between our encoding layers and decoding layers, in-

dicated by the purple line. For simplicity, we only draw the first skip connections.

tion is still challenging.
Due to the above limitations, simply cascading face hallucination and frontaliza-

tion methods is not an acceptable solution for our problem.

6.4 Proposed Method: TANN

Our network has two components: (i) a transformative upsampling network, which
transforms different poses to the frontal one and also super-resolves the frontalized
LR feature maps; and (ii) a discriminative network, which forces the generated HR
frontal faces to lie on the manifold of authentic HR face images. Figure 6.3 illustrates
the overall architecture of TANN.

In the training phase, the entire network is trained in an end-to-end fashion to
compensate for possible artifacts induced by any of the frontalization and hallucina-
tion tasks. As shown in Figure 6.2(k), when we train the upsampling network sep-
arately, i.e., generating frontalized LR faces as intermediate results, the transformer
subnetwork may suffer from the loss of information contained in its feature maps
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because it is enforced to output 3 channel LR faces as its objective function rather
than 32 channel feature maps. This may lead to accumulated errors and obvious
deviations in the output of the upsampling subnetwork due to the incorrect input
images for upsampling. Thus, feeding 32 feature maps directly to the upsampling
network is a better choice.

6.4.1 Transformative Upsampling Network (TUN)

In Figure 6.3, our transformative upsampling network is shown (red box). TUN is
composed of two parts: a transformer subnetwork and an upsampling subnetwork.
The transformer part (purple box) aims at encoding non-frontal LR faces into latent
representations which are close to the latent representations of their corresponding
frontal LR ones. By doing so, we can achieve the latent codes of frontalized LR
faces. Our transformer subnetwork is constructed by convolutional layers, a fully-
connected layer, deconvolutional layers and spatial transformer layers. Since the
input LR faces undergo in-plane rotations, translations and scale changes, multiple
spatial transformer networks (STN) [Jaderberg et al., 2015] are embedded as interme-
diate layers to compensate for such affine transformations. Moreover, because STNs
learn 2D affine warps rather than out-of-plane rotations, they cannot recover self-
occluded parts of faces. To solve this problem, our intuition is that we can project
different views of a face into a subspace, where their encoded representations are
enforced to lie close to the representations of their corresponding frontal one. There-
fore, we incorporate a fully-connected layer to encode the feature maps of LR profile
faces as well as design a triplet loss to force the similarity between the representations
of LR profile and frontal ones.

To illustrate the effectiveness of the transformer subnetwork, we change the chan-
nel number of its output layer to 3, and use LR frontal faces as ground-truth images
to train this subnetwork. As shown in Figure 6.2(j) and Figure 6.4(d), it can success-
fully generate an LR frontal face image. Note that, when training our TANN, we do
not employ LR frontal faces as supervision to prevent the aforementioned drift issue.

After obtaining the feature maps of LR frontal faces generated by the transformer
subnetwork, we apply an upsampling subnetwork (green box in Figure 6.3) to hal-
lucinate the high-frequency facial details of frontal faces. Because the resolution of
LR input images is very low, STNs in our transformer subnetwork may not align LR
faces accurately. The LR feature maps generated by the transformer network may still
contain misalignments. We employ the upsampling structure used in the works [Yu
and Porikli, 2017b,c] for further alignment and super-resolution.

As shown in Figure 6.2(h), simply applying the method of [Yu and Porikli, 2017c]
to LR profile faces cannot provide high-quality HR frontal face images. This mani-
fests that upsampling LR non-frontal faces with large pose variations is more difficult
compared to LR frontal faces and also indicates the necessity of our transformer sub-
network. Since the mapping between common LR patterns and HR facial details can
be easily learned from frontal faces, we frontalize LR inputs first and then hallucinate
them.
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(a) (b) (c) (d) (e) (f) (g) (h)

Figure 6.4: Illustrations of influence of different losses. (a) The input 16×16 LR
images. (b) The original 128×128 HR frontal images. (c) The downsampled version of
(b). (d) The frontalized LR faces by our transformer subnetwork. (e) The upsampling
results only using pixel-wise loss. (f) The upsampling results using the pixel-wise
and perceptual losses. (g) The upsampling results without using the triplet loss. (h)

Our final results.

6.4.2 Discriminative Network

As demonstrated in the works [Yu and Porikli, 2016, 2017b,c], only using Euclidean
distance (pixel-wise `2 loss) between the upsampled faces and the ground-truth HR
faces tends to generate over-smoothed results. Therefore, a class-specific discrimina-
tive objective is also incorporated into our TUN, aiming to force the hallucinated HR
face images to lie on the same manifold of real frontal face images.

As shown in Figure 6.3 (blue box), the discriminative network consists of convo-
lutional layers, max-pooling layers, dropout layers, and fully-connected layers. It is
designed to determine whether an image is sampled from real face images or the
hallucinated ones. The discriminative loss, also known as adversarial loss, will be
back-propagated to update the parameters of TUN as well. With the help of the ad-
versarial loss, we can generate more realistic HR frontal faces. Figure 6.4 illustrates
the impact of the adversarial loss on the final results.

6.4.3 Training Details of TANN

We construct LR profile and HR frontal ground-truth face image pairs {li, hi} for
our training purpose, where hi represents the aligned frontal HR face images (only
eyes are aligned), and li is the synthesized LR side-view face images from hi. For
each HR frontal face hi, we generate five different views, i.e. {0◦,±40◦,±75◦}, to
construct LR/HR training pairs. Using these five distinct poses is a trade-off between
a sufficient coverage of pose variations and the reasonable size of the training dataset
and also suggested in [Masi et al., 2016]. More details are provided in Sec. 6.5.

In training our TANN, we not only enforce the conventional pixel-wise intensity
similarity, known as pixel-wise `2 loss, but also the feature-wise similarity, known as
perceptual loss [Johnson et al., 2016], to obtain high-quality results. Similar to the
work [Yu and Porikli, 2016, 2017b], the adversarial loss is also employed to attain
visually appealing frontalized HR face images. As mentioned in Sec. 6.4.1, we also
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develop a triplet loss to force the representations of LR profile faces to be similar to
the representations of their frontal faces. In this manner, we can frontalize LR profile
faces without degrading super-resolution of frontal ones.

Pixel-wise intensity similarity loss: We constrain the generated HR frontalized
face ĥi to be similar to its ground-truth frontal counterpart hi in terms of image inten-
sities. Thus we employ a pixel-wise `2 regression loss Lpix to impose the appearance
similarity constraint, expressed as:

Lpix = E(ĥi ,hi)∼p(ĥ,h)‖ĥi − hi‖2
F

= E(li ,hi)∼p(l,h)‖Tt(li)− hi‖2
F,

(6.1)

where t and T are the parameters and the output of TUN, p(ĥ, h) represents the joint
distribution of the frontalized HR faces and their corresponding frontal HR ground-
truths, and p(l, h) indicates the joint distribution of the LR and HR face images in
the training dataset.

Feature-wise similarity loss: As mention in [Yu and Porikli, 2016], pixel-wise
`2 loss leads to over-smoothed super-resolved results. Here, we employ a feature-
wise similarity loss, known as perceptual loss [Johnson et al., 2016], to constrain the
super-resolved HR faces to share the same facial details as their ground-truth coun-
terparts, thus attaining high-quality results with rich facial details. The perceptual
loss L f eat measures Euclidean distance between the feature maps of HR frontalized
and ground-truth faces extracted by a deep neural network, written as:

L f eat = E(ĥi ,hi)∼p(ĥ,h)‖Φ(ĥi)−Φ(hi)‖2
F

= E(li ,hi)∼p(l,h)‖Φ(Tt(li))−Φ(hi)‖2
F,

(6.2)

where Φ(·) denotes feature maps extracted by the ReLU32 layer in VGG-19 [Si-
monyan and Zisserman, 2014b], which gives good empirical performance in our
experiments.

Adversarial loss: In order to achieve visually appealing results, we infuse class-
specific discriminative information into TUN by exploiting a discriminative network,
similar to work [Yu and Porikli, 2016, 2017b,c]. Our goal is to make the discriminative
network fail to distinguish generated faces from real ones. In this manner, we enforce
the super-resolved HR frontal faces to lie on the manifold of real frontal HR face
images. Therefore, the discriminative network is used to categorize real HR frontal
faces and generated ones, and thus its objective function is expressed as:

LD = −E(ĥi ,hi)∼p(ĥ,h)

[
log Dd(hi) + log(1− Dd(ĥi))

]
= −Ehi∼p(h) log Dd(hi)−Eĥi∼p(ĥ) log(1− Dd(ĥi))

= −Ehi∼p(h) log Dd(hi)−Eli∼p(l) log(1− Dd(T (li))),

(6.3)

where d represents the parameters of the discriminative network, p(l), p(h) and p(ĥ)

Preliminary version – 11 July 2021



§6.4 Proposed Method: TANN 95

indicate the distributions of the LR, HR ground-truth frontal and the generated faces
respectively, and Dd(hi) and Dd(ĥi) are the outputs of the discriminative network. To
make the discriminative network distinguish hallucinated faces from real ones, we
minimize the loss LD(d) and update the parameters d.

Meanwhile, our TUN aims to fool the discriminative network. Therefore, the
adversarial loss for our TUN is:

LT = −Eĥi∼p(ĥ) log(D(ĥi))

= −Eli∼p(l) log(D(Tt(li))).
(6.4)

Here, we minimize the loss LT (t) to update the parameters t. These two adversarial
losses in Eqn. 6.3 and Eqn. 6.4 are employed to update our TUN and discriminative
network respectively in an alternating fashion.

Triplet loss: In order to frontalize side-view LR faces, we present a triplet loss to
constrain the encoded LR faces to be close to the latent representations of their cor-
responding frontal ones and far away from other frontal faces in the latent subspace.
Therefore, our proposed triplet loss is expressed as:

Ltri =E(l+i ,l−i ,li)∼p(S)

[
‖F (li)−F (l+i )‖2

F−‖F (li)−F (l
−
i )‖2

F
]
+

‖F (li)‖2
F

, (6.5)

where F (·) indicates the encoded latent representation by the fully-connected layer
in our transformer subnetwork, (l+i , l−i , li) represents a triplet sample from the set of
all possible triplets S in the training set. li is an LR profile face, l+i , dubbed positive
anchor, is the corresponding frontal LR face of li, and l−i , dubbed negative anchor,
is any other frontal LR face. One example of the triplets is shown in Figure 6.3. In
addition, [x]+ denotes the operator max{x, 0}.

Since our network aims at super-resolving LR faces rather than clustering faces,
it should not distort the mapping between LR and HR frontal faces. Considering
that positive and negative anchors are LR frontal faces, updating the gradients with
respect to the representations of the positive and negative anchors will distort the
mapping between LR and HR frontal faces. In other words, clustering triplets by
adjusting the latent representations of positive and negative anchors would damage
the end-to-end mapping between LR and HR frontal faces and thus leads to inferior
super-resolution performance. Different from the triplet loss presented in [Schroff
et al., 2015], we take positive and negative anchors as constant and thus only back-
propagate gradients with respect to the latent representations of LR side-view faces.
In this manner, we are able to upsample frontal faces without introducing distortions
while forcing the LR profile faces to be close to their frontal counterparts in the latent
space.

In our TANN, all the layers are differentiable and RMSprop [Hinton, 2016] is used
to update the parameters t and d. We update the parameters d by minimizing the
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adversarial loss LD as follows:

∆i+1 = γ∆i + (1− γ)(
∂LD

∂d
)2,

di+1 = di − r
∂LD

∂d
1√

∆i+1 + ε
,

(6.6)

where r and γ represent the learning rate and the decay rate respectively, i indicates
the index of the iterations, ∆ is an auxiliary variable, and ε is set to 10−8 to avoid
division by zero. We employ multiple losses, i.e., Lpix, L f eat, LT and Ltri, to update
our TUN and the object function is expressed as:

LTUN = Lpix + ηL f eat + λLT + µLtri, (6.7)

where η, λ and µ are the trade-off weights. Since we aim at super-resolving frontal
HR faces rather than generating random faces, we put lower weights on the feature-
wise, adversarial and triplet losses and set λ, η and µ to 10e−2, 10e−2 and 10e−4

respectively. Then, the parameters of TUN t are updated by the gradient descent as
follows:

∆i+1 = γ∆i + (1− γ)(
∂LTUN

∂t
)2,

ti+1 = ti − r
∂LTUN

∂t
1√

∆i+1 + ε
.

(6.8)

As the iteration progresses, the output faces will be more similar to real faces.
Therefore, we gradually reduce the impact of the discriminative network by decreas-
ing λ,

λj = max{λ · 0.995j, λ/2}, (6.9)

where j is the index of the epochs. Equation 6.9 not only increases the impact of
the appearance similarity term but also preserves the class-specific discriminative
information in the training phase.

6.4.4 Hallucinating Frontal HR from Non-frontal LR

The discriminative network is only employed in the training phase. In the testing
phase, we feed an unaligned LR profile face image into the transformative upsam-
pling network to obtain its upright and frontal HR version. Note that, only in the
training stage, we need to feed the network with triplet samples due to employing the
triplet loss. In the testing stage, our network is able to super-resolve and frontalize a
single image. Since aligned HR frontal face images are employed as ground-truths,
TUN will output aligned and frontalized HR faces directly. As a result, our method
does not need to estimate the face orientations or align very low-resolution images
beforehand, and provides an end-to-end and highly nonlinear mapping from an un-
aligned LR profile face image to its frontal HR version.
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6.4.5 Implementation Details

The STN layers, as shown in Figure 6.3, are built by convolutional and ReLU layers
(Conv+ReLU), max-pooling layers with a stride 2 (MP2) and fully connected lay-
ers (FC). Since STN is mainly used for calibrating in-plane transformations, we em-
ploy the similarity transformation for alignment. Specifically, STN1 and STN2 share
the same architecture and consist of Conv+ReLU (filter size: 20×128×3×3 with 1
pixel padding), MP2, Conv+ReLU (20×20×3×3), FC+ReLU (from 400 to 20 dimen-
sions), and FC (from 20 to 4 dimensions). STN3 is composed of MP2, Conv+ReLU
(20×256×5×5), MP2, Conv+ReLU (20×20×5×5), FC+ReLU (from 80 to 20 dimen-
sions) and FC (from 20 to 4 dimensions). STN4 is composed of MP2, Conv+ReLU
(128×64×5×5), MP2, Conv+ReLU (20×128×5×5), MP2, Conv+ReLU (20×20×3×3),
FC+ReLU (from 120 to 20 dimensions) and FC (from 20 to 4 dimensions).

Similar to the work [Goodfellow et al., 2014; Radford et al., 2015], batch normal-
ization [Ioffe and Szegedy, 2015] is employed after each convolution except the final
output layer of TUN and dropout is applied to the feature maps in the discriminative
network. In the experimental part, some algorithms may require alignment of LR in-
puts, i.e. [Ma et al., 2010]. Hence, we employ another network STN0 to align the LR
face images to the upright position, and STN0 consists of Conv+ReLU (128×3×3×3
with 1 pixel padding), MP2, Conv+ReLU (20×20×3×3), MP2, FC+ReLU (from 180
to 20 dimensions), and FC (from 20 to 4 dimensions).

We also use a triplet pair {(l+i , li, l−i ), (hi, hi, h−i )} as a unit to construct our mini-
batch in training, where hi is the HR frontal face image corresponding to the LR
profile face li and the LR frontal face l+i , and h−i is the HR frontal version of the LR
frontal face l−i . The triplet pairs are not only designed to calculate the triplet loss but
also compatible with the other losses. Therefore, our network can be trained in an
end-to-end fashion.

The learning rate r is set to 0.001 and multiplied by 0.99 after each epoch, η is
set to 0.01, and the decay rate is set to 0.01. The training codes and details can be
downloaded https://github.com/XinYuANU/JFFH.

6.5 Synthesized Dataset

Training of a deep neural network requires a large number of samples to prevent
models from overfitting to the training dataset. However, the publicly available large-
scale face datasets [Huang et al., 2007b; Liu et al., 2015] only provide faces in the wild
but not frontal/non-frontal pairs. For the training purpose, we opt to generate a large
set of synthesized LR non-frontal faces from HR frontal face images for the training
purpose.

There are a number of alternative approaches available. For instance, Hassner
et al. [2015] render 2D frontal faces from different side-view faces using a single 3D
reference mesh. However, when the out-of-view face regions are large, these methods
are prone to artifacts. Similarly, landmark detection algorithms may fail to localize
facial landmarks accurately in large poses.
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(a)

(b)

(c)

Figure 6.5: Illustration of the synthesized dataset. (a) Original frontal HR face image.
(b) The generated views of (a). (c) Spatially transformed and downsampled version

of (b).

We adopt the idea of [Masi et al., 2016] to generate different views from HR
frontal ones. We use a single 3D face model to render HR out-of-plane rotated faces
while taking advantage of the mirror-symmetry for the positive and negative angles
to produce five different views of faces, i.e. {0◦,±40◦,±75◦}. Specifically, we first
randomly select 10K cropped frontal faces (within ±5◦) from the CelebA [Liu et al.,
2015], and resize them to 128×128 pixels. We use these images as our HR ground-
truth faces hi. Then we generate the non-frontal LR faces li by transforming and
downsampling the reconstructed HR images down to 16×16 pixels. Here, we employ
the bicubic interpolation method ( imresize function in Matlab) to generate LR face
images. Therefore, we obtain 50K LR/HR face pairs for training and testing of our
network. Figure 6.5 illustrates sample pairs {li, hi} generated from a single frontal
face.

Since our side-view face images are generated from frontal faces by a generic 3D
face model, some distorted areas or artifacts may appear in the synthesized side-view
faces, such as ear and hair regions as visible in Figure 6.5. When we downsample the
generated profile faces, those artifacts can be largely reduced. Furthermore, those re-
gions may not be visible in the final frontalized and upsampled HR face images, and
thus deep neural networks might learn to ignore those artifacts. However, if localiza-
tions of facial landmarks are erroneous, the generated views may undergo obvious
distortions. For instance, when noses or chins suffer severe misalignments to the 3D
model, the synthesized profile faces can be severely distorted or even blended with
backgrounds. Those artifacts cannot be alleviated in LR faces, thus bringing extra
ambiguity to the super-resolution and frontalization process. Therefore, we manu-
ally choose frontal faces where landmarks are well localized on the facial components
to avoid generating side-view faces in sub-quality.
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 6.6: Results of the state-of-the-art methods for frontalization followed by
hallucination. The input faces are first frontalized by [Hassner et al., 2015] and then
hallucinated by different algorithms. Rows: +75◦, +40◦, 0◦, -40◦, and -75◦. Columns:
(a) Unaligned non-frontal LR inputs. (b) Original frontal HR images. (c) [Hassner
et al., 2015] + bicubic interpolation. (d) [Hassner et al., 2015] + [Kim et al., 2016]. (e)
[Hassner et al., 2015] + [Ledig et al., 2017]. (f) [Hassner et al., 2015] + [Ma et al., 2010].
(g) [Hassner et al., 2015] + [Zhu et al., 2016b]. (h) [Hassner et al., 2015] + [Yu and
Porikli, 2017c]. (i) Our method. Notice that, TANN does not need or use [Hassner

et al., 2015].

6.6 Experimental Evaluation

We compare our method with ten state-of-the-art methods qualitatively and quanti-
tatively. As mentioned in Sec. 6.5, we assemble 50K LR/HR face pairs, and randomly
choose 9K frontal face images for training (45K LR/HR pairs), and 1K faces for test-
ing (5K LR/HR pairs). In training TANN, we randomly choose a side-view LR face,
its corresponding frontal LR face and any other frontal LR face to construct an in-
put triplet (l+i , li, l−i ) as well as employ their corresponding HR ground-truth triplet
(hi, hi, h−i ) as supervision. In all cases, the training data and test data do not overlap.
We use different ground-truth HR frontal faces in the training and testing phases.

6.6.1 Qualitative Comparisons with the SoA

Since Ma et al.’s method [Ma et al., 2010] requires the input LR faces to be aligned
uprightly, we train STN0 to align the LR inputs to the upright position for a fair
comparison. Note that, our method does not need any alignment or pose estimation
in advance.

As illustrated in Figure 6.6(c) and Figure 6.7(c), different combinations of bicu-
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bic interpolation and the frontalization method [Hassner et al., 2015] cannot pro-
duce authentic frontal face details. Because of the low resolution of inputs, Has-
sner et al. [2015]’s method fails to detect facial landmarks and outputs erroneous
frontalized faces while bicubic interpolation is handicapped to generate necessary
high-frequency facial details.

Kim et al. [2016] propose a very deep CNN based general purpose super-resolution
(SR) method, known as VDSR. Since VDSR is trained on natural image patches and
does not provide an upscaling factor of 8×, we retrain VDSR with face patches ex-
tracted from CelebA dataset by an upscaling factor of 8×. As shown in Figure 6.6(d)
and Figure 6.7(d), VDSR fails to produce facial details and thus contaminates the
outputs of [Hassner et al., 2015] with ghosting artifacts.

Ledig et al. [2017] present a generic super-resolution method, dubbed SRGAN.
SRGAN employs the framework of generative adversarial networks [Goodfellow
et al., 2014; Radford et al., 2015] to enhance the visual quality and is trained by
using not only a pixel-wise `2 loss but also an adversarial loss. SRGAN provides an
upscaling factor of 8×, but it is only trained on general patches. Thus, we retrain
SRGAN on face images as well. As shown in Figure 6.6(e) and Figure 6.7(e), the
generated facial details by SRGAN are still blurry, and [Hassner et al., 2015] fails
to localize the landmarks accurately in the upsampled faces. Thus, the final results
suffer from severe artifacts.

Ma et al. [2010] super-resolve LR inputs by exploiting position patches, and re-
quire the LR inputs to be precisely aligned with the exemplar training dataset. Here,
aligned HR face images from CelebA dataset are employed as the exemplar dataset.
It spawns severe artifacts in the upsampled faces because of large pose variations
that exist in the input LR images as visible in Figure 6.7(f). Due to the faulty frontal-
ization by [Hassner et al., 2015], this method also produces distorted facial details, as
shown in Figure 6.6(f).

Zhu et al. [2016b] present a deep cascaded bi-network for face hallucination,
called CBN, which first localizes facial landmarks and then aligns LR faces based on
the localized landmarks. However, when the inputs undergo large pose variations,
CBN cannot localize facial landmarks accurately, and thus causes severe artifacts as
seen in Figure 6.7(g). Figure 6.6(g) shows that CBN cannot hallucinate authentic HR
faces from the incorrect frontalized LR faces either. Furthermore, CBN super-resolves
high-frequency facial details by combing facial deformation bases. The bases are pre-
defined and shared by all samples in CBN. When CBN fails to localize facial compo-
nents accurately, it tends to output a mean face template composed by the bases as
the high-frequency components of the upsampled faces. Therefore, the results seem
very close to each other, as visible in Figure 6.6(g) and Figure 6.7(g).

Yu and Porikli [2017c] propose a transformative discriminative autoencoder (TDAE)
as an extension to [Yu and Porikli, 2016] to upsample unaligned and noisy LR face im-
ages. TDAE interweaves deconvolutional and STN layers to align and super-resolve
LR faces while employing a discriminative network that forces the generative net-
work to produce sharper results. However, TDAE can only hallucinate unaligned
frontal faces rather than profile faces as demonstrated in Figure 6.7(h) since it does
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 6.7: Results of the state-of-the-art methods for hallucination followed by
frontalization by [Hassner et al., 2015]. Columns: (a) Unaligned non-frontal LR
inputs. (b) Original frontal HR images. (c) Bicubic interpolation + [Hassner et al.,
2015]. (d) [Kim et al., 2016] + [Hassner et al., 2015]. (e) [Ledig et al., 2017] + [Hassner
et al., 2015]. (f) [Ma et al., 2010] + [Hassner et al., 2015]. (g) [Zhu et al., 2016b] +
[Hassner et al., 2015]. (h) [Yu and Porikli, 2017c] + [Hassner et al., 2015]. (i) Our

method.

not take out-of-plane rotations into account and the first decoder and encoder in
TDAE are used for noise reduction rather than frontalization. Figure. 6.6(h) shows
that TDAE cannot produce realistic HR faces due to the deteriorated LR facial pat-
terns caused by the incorrect frontalization.

Our method reconstructs authentic facial details as shown in Figure 6.6(i) and
Figure 6.7(i). In the experiments, the face poses vary from -75◦ to +75◦. Since our
transformer subnetwork can frontalize and align LR input faces more accurately,
our upsampling subnetwork achieves superior reconstruction performance from the
frontalized and aligned LR features. Note, a very low-resolution face image of a
person that is not frontal needs to be super-resolved to a degree that the person
can be identified and recognized. Existing face hallucination methods mainly focus
on super-resolving faces that are nearly frontal, though, super-resolving non-frontal
low-resolution faces has not been a focus of prior work as this task is naturally very
challenging. We see in Figures 6.6–6.10 that our method produces results that may
not be 100 percent similar to the ground truth ones, though, the method outperforms
the state-of the-art by identifying almost all facial details and attributes like skin and
hair color, beards and even makeup.
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 6.8: Results of the state-of-the-art methods for frontalization followed by
hallucination. Columns: (a) Unaligned non-frontal LR inputs. (b) Original frontal
HR images. (c) [Hassner et al., 2015] + bicubic interpolation. (d) [Hassner et al., 2015]
+ [Kim et al., 2016]. (e) [Hassner et al., 2015] + [Ledig et al., 2017]. (f) [Hassner et al.,
2015] + [Ma et al., 2010]. (g) [Hassner et al., 2015] + [Zhu et al., 2016b]. (h) [Hassner

et al., 2015] + [Yu and Porikli, 2017c]. (i) Our method.

6.6.2 Quantitative Comparisons to the SoA

We measure the reconstruction performance of all methods on the entire test dataset
by the average PSNR and the structural similarity (SSIM) scores. Note that, when we
hallucinate non-frontal faces, the hair and background regions may not be symmetric
or the same compared to the original HR face images. Thus, for a fair comparison
for all methods, we compute the PSNR and SSIM on the face regions.

We report results for two possible scenarios. In the first case, we first apply [Has-
sner et al., 2015] to frontalize LR face images, and then super-resolve the frontalized
LR images by the state-of-the-art SR/FSR methods (denoted as F+H). In the second
case, we super-resolve LR face images first by the state-of-the-art SR/FSR methods
and then frontalize the upsampled results by [Hassner et al., 2015] (denoted as H+F).
We apply STN0 to align LR inputs uprightly in both cases. Table 6.1 shows that our
method achieves the superior performance in comparison to the other methods, and
outperforms the second best method over 4.0 dB in PSNR.

Table 6.2 indicates the PSNR and SSIM scores for different out-of-plane rotation
degrees in the F+H and the H+F cases. In Tab. 6.2, the first and second numbers
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 6.9: Results of the state-of-the-art methods for hallucination followed by
frontalization by [Hassner et al., 2015]. Columns: (a) Unaligned non-frontal LR
inputs. (b) Original frontal HR images. (c) Bicubic interpolation + [Hassner et al.,
2015]. (d) [Kim et al., 2016] + [Hassner et al., 2015]. (e) [Ledig et al., 2017] + [Hassner
et al., 2015]. (f) [Ma et al., 2010] + [Hassner et al., 2015]. (g) [Zhu et al., 2016b] +
[Hassner et al., 2015]. (h) [Yu and Porikli, 2017c] + [Hassner et al., 2015]. (i) Our

method.

denote PSNR and SSIM scores respectively. As indicated in Tab. 6.2, first frontalizing
and then upsampling faces can achieve slightly better results than first upsampling
followed by frontalization. This also implies that it is easier to super-resolve frontal
LR facial patterns than non-frontal ones. Because of the mirror symmetry operation
in [Hassner et al., 2015], the PSNR and SSIM scores of the other methods in the
positive degrees are lower than those in the negative degrees, as seen in Tab. 6.2.
However, our method does not have this effect and produces consistent PSNR scores
in both negative and positive degrees. Furthermore, as the rotation degree increases,
our method does not degrade like the other methods. From 0◦ to ±75◦, our per-
formance only decreases 1.95 dB while the performance of the second best method
decreases 3.75 dB.

In addition, as reported in our previous work [Yu and Porikli, 2017b], we also
observe that blurry upsampled results may have higher PSNRs. Therefore, we in-
troduce a perceptual error metric to measure the hallucination performance and the
perceptual errors are more consistent with human perception. In particular, the per-
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Figure 6.10: Results of the state-of-the-art face hallucination methods for frontal LR
faces. Columns: (a) Unaligned non-frontal LR inputs. (b) Original frontal HR images.
(c) Bicubic interpolation. (d) [Kim et al., 2016]. (e) [Ledig et al., 2017]. (f) [Ma et al.,

2010]. (g) [Zhu et al., 2016b]. (h) [Yu and Porikli, 2017c]. (i) Our method.

ceptual errors are measured by the differences of feature maps between the halluci-
nated faces and their ground-truth ones, as indicated in Eqn. 6.2. As demonstrated
in Tab. 6.1, Tab. 6.2 and Tab. 6.3, our method achieves the lowest perceptual errors in
comparison to other stat-of-the-art methods. This also implies that our method can
attain more authentic frontalized upsampled HR face images.

We also conduct a user study. In the experiment, a cohort of twenty students are
asked to rank the upsampled faces with respect to the ground-truth images. Since
there are two strategies to obtain HR frontalized face images, we conduct the user
study on these two scenarios separately. Specifically, in the first scenario all the face
images are recovered by applying frontalization first and then hallucination, and
in the second scenario all the images are reconstructed by employing hallucination
first and then frontalization. In each scenario, we show twenty female faces as well as
twenty male ones recovered by different methods to each user. Each user gives a score
from 1 to 7 to different results. We average the scores for all the users. The average
scores are illustrated in Figure 6.12. As seen in Figure 6.12(a) and Figure 6.12(b), all
the users favor our method on the test images.
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Table 6.1: Quantitative evaluations on the entire test dataset.

H Method
F[Hassner et al., 2015]+H H+F[Hassner et al., 2015]

PSNR SSIM PE PSNR SSIM PE

Bicubic 20.99 0.80 2.36 20.41 0.79 2.48

VDSR 21.04 0.80 2.27 20.47 0.79 2.39

SRGAN 20.94 0.80 2.22 20.34 0.79 2.37

Ma et al. 21.60 0.82 1.87 21.15 0.80 2.11

CBN 20.61 0.79 2.33 19.40 0.77 2.76

TDAE 20.68 0.79 2.28 19.89 0.77 2.52

Ours 25.69 0.87 1.10 25.69 0.87 1.10

(a) (b) (c) (d) (e)

Figure 6.11: Results on real LR face images. Top row: real LR images. Bottom row:
our frontalized and hallucinated results.

(a) (b)

Figure 6.12: Evaluation of user study on the test images. (a) Average scores of dif-
ferent methods for frontalization followed by hallucination. (b) Average scores of

different methods for hallucination followed by frontalization.
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Table 6.3: Quantitative evaluations on the frontal view

Method Bicubic VDSR SRGAN MA et al. CBN TDAE Ours

PSNR 25.64 25.78 25.58 26.45 25.37 26.39 26.97
SSIM 0.86 0.86 0.85 0.88 0.86 0.87 0.89

PE 1.84 1.51 1.17 1.16 1.44 1.18 0.98

(a) (b) (c) (d) (e)

Figure 6.13: Illustrations of super-resolving and frontalizing face images in different
resolutions by our method. First row: ground-truth frontal HR face images. Second
row: input LR faces (left) and our results with a magnification factor 8× (right).
Third row: input LR faces and our results with a magnification factor 4×. Fourth

row: input LR faces and our results with a magnification factor 2×.

6.7 Discussions

6.7.1 Super-resolving Different Levels of Downsampled Images

In order to super-resolve different levels of downsampled images, i.e., 2×, 4× and 8×,
we need to modify our network slightly to accept images in larger resolutions. Due to
the fixed size of the bottleneck layers of our network, merely increasing the number
of layers of the encoder network does not necessarily improve the performance as
the resolutions increase. Since increasing the size of the bottleneck of the network
will increase the parameters of the network dramatically, and the network cannot be
fed into GPU memory. Therefore, we employ skip connections between our encoder
and decoder parts. Note that, we concatenate the feature maps of our encoder layers
and their corresponding decoder layers rather than adding them. In this way, we can
preserve more high-frequency details from inputs. The visual results for different
resolutions are also shown in Figure 6.13.
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Table 6.4: Results of different face recognition networks trained on different source
images.

Sources HR LR Magnification
by factor 8

Magnification
by factor 4

Magnification
by factor 2

Accuracy 85.32% 62.15% 81.53% 83.33% 84.51%

6.7.2 Comparisons with SoA on Face Recognition and Retrieval

It is important to notice that we do not claim our method is designed for face recog-
nition for two reasons: (i) we do not explicitly incorporate an identification objective
in our formulation, and (ii) it might seem fruitless to attempt recognizing people in
such tiny images even for humans. However, we demonstrate that our hallucination
method effectively facilitates the face recognition task in two difference scenarios: (1)
we first use the hallucinated faces to train a face recognition network and then test
its face recognition performance; (2) We use an off-the-shelf face recognition network
which is trained on original HR face images, and then test its performance on our
hallucinated face images.

For the first scenario, we use the standard faceNet [Schroff et al., 2015] as the
face recognition network and the same training protocols as indicated in [Schroff
et al., 2015]. We follow the standard divisions of the training and test datasets in the
LFW benchmark to generate LR/HR pairs, as reported in [Huang et al., 2007b]. The
face recognition network is both trained and tested on the hallucinated faces by our
network. Following the standard LFW face verification test protocol, we report the
accuracy scores in Tab. 6.4. We also included another two baseline methods for more
detailed comparisons. The first baseline network is trained and tested on the original
HR faces, marked as HR, and the second baseline network is trained and tested
on LR face images that are upsampled by bicubic interpolation to fit the resolution
requirement of the network, marked as LR.

As indicated in Tab. 6.4, our method improves the face recognition performance
by a large margin of 19.38% compared to the network that is only trained on LR face
images. However, as seen in Tab. 6.4, the gap of the face recognition performance
between the LR and the original HR faces is reduced by our method. We also test
face recognition performance on different levels of downsampling, i.e., 2×, 4× and
8×. As indicated in Tab. 6.4, as the input resolutions increase, the face recognition
performance improves.

For the second scenario, we employ a state-of-the-art pre-trained face recogni-
tion network (SphereFaceNet [Liu et al., 2017]) to conduct standard face recognition
tests on original HR faces, aggressive downsampled LR faces and hallucinated HR
faces from LR ones by different methods. The face recognition performance is also
evaluated on standard LFW face verification benchmark [Huang et al., 2007b]. We
demonstrate the face recognition performance in Tab. 6.5, where the performance on
original HR faces is marked as HR, the performance on LR faces is marked as LR,
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Table 6.5: Face recognition results for different methods.

H Method
Accuracy

F [Hassner et al., 2015]+H H+F [Hassner et al., 2015]

Bicubic 66.57% 65.43%

VDSR 64.15% 69.77%

SRGAN 68.88% 70.92%

MA et al. 65.55% 68.83%

CBN 65.05% 64.72%

TDAE 64.02% 65.96%

HR 96.02%

LR 77.27%

Ours 8× 82.32%

Ours 4× 86.18%

Ours 2× 92.25%

Table 6.6: Quantitative evaluations on the influence of different losses

w/o Ltri w/ Ltri

Lpix Lpix+feat Lpix+feat+T Lpix Lpix+feat Lpix+feat+T

PSNR 25.01 25.17 25.33 25.19 25.33 25.69

SSIM 0.87 0.87 0.87 0.88 0.87 0.87

PE 1.32 1.17 1.17 1.31 1.05 1.10

and the combinations of the frontalization method and different upsampling meth-
ods are also listed. As shown in Tab. 6.5, our method improves the face recognition
performance significantly compared to the other methods in both scenarios. Note
that, since our cropped original HR faces might not be aligned to the positions of HR
faces used for training the network of [Liu et al., 2017], the face recognition rate for
original HR faces decreases slightly. Furthermore, we also demonstrate that when
the resolutions of input images increase, the face recognition performance of our
method improves as seen in Tab. 6.5.

Furthermore, to our advantage, our method achieves significant improvement
in face retrieval performance as shown in Tab. 6.7. We use an off-the-shelf deep
face recognition model [Parkhi et al., 2015] to evaluate the performance of all the
methods. First, we randomly choose 100 frontal faces from the test data as our
gallery. We generate their corresponding four LR non-frontal images, and employ
six algorithms listed above to hallucinate the frontal HR faces on both F+H and
H+F scenarios. Following the standard protocol in [Parkhi et al., 2015], we compute
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the accuracy score based on whether the correct person is included within the top-
5 candidates (thus, the probability of random selection is 5%). Here, we notice that
directly using off-the-shelf face recognition is inappropriate to measure the similarity
between generated HR faces and real HR faces because there is still a domain gap
between them. For instance, the features of real faces may be different from those of
generated HR faces. In order to mitigate the domain gap, we train an autoencoder
by using the same protocol of training TANN to transfer HR real faces to the domain
where generated HR images lie in. In this way, we can significantly reduce the
domain gap.

Table 6.7: Face retrieval results for different methods.

H Method
Accuracy

F [Hassner et al., 2015]+H H+F [Hassner et al., 2015]

Bicubic 5.8% 6.6%
VDSR 7.0% 8.0%

SRGAN 6.0% 9.0%
MA et al. 6.0% 9.0%

CBN 6.2% 8.2%
TDAE 7.2% 5.6%
Ours 86.7%

As seen in Tab. 6.7, we improve the face retrieval accuracy with a large margin of
77.7%. This also implies that our method is able to preserve the appearance similarity
rather than generating averaged HR faces when frontalizing and hallucinating LR
faces.

6.7.3 Comparisons with SoA on Frontal Faces

Because we do not distinguish the views of LR faces deliberately before frontaliza-
tion, the frontalization method [Hassner et al., 2015] is applied to all the views of LR
faces. As shown in Figure 6.6, using the face frontalization method [Hassner et al.,
2015] distorts LR input faces due to the erroneous localization of facial components
and its symmetrizing operations. Therefore, the super-resolution performance of
frontal LR faces degrades dramatically.

For a fair comparison, we also include an evaluation for the frontal view case
where the frontalization is not employed. As shown in Tab. 6.3, our method still
outperforms all others in the frontal view case. Note that, our previous method
TDAE [Yu and Porikli, 2017c] intends to increase the depth of its decoder to achieve
better super-resolution performance but is limited by the GPU memory. In contrast,
our network employs an autoencoder, i.e., our transformer subnetwork, before up-
sampling, and thus it does not require as much memory as TDAE yet achieves better
performance. This also demonstrates that our transformer subnetwork can not only
frontalize LR profile faces but also improve super-resolution performance.
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6.7.4 Influence of Different Losses

Table 6.6 indicates the influences of different losses on the performance quantita-
tively. As indicated in Figure 6.4(f) and Tab. 6.6, the feature-wise loss not only
improves the visual quality but also increases the quantitative results. The adver-
sarial loss makes the hallucinated faces sharper and more realistic, as shown in
Figure 6.4(f). As illustrated in Tab. 6.6, using adversarial loss is also able to force
the super-resolved face images to be frontal and thus improves the super-resolution
performance.

As demonstrated in Tab. 6.6, using our triplet loss improves the final results. Be-
cause our triplet loss forces the LR profile faces to be close to their frontal ones in the
latent subspace, the upsampled HR frontalized faces are more similar to their frontal
ground-truths. Furthermore, we also illustrate the quantitative results without us-
ing our triplet loss for different out-of-plane rotation degrees in Tab. 6.2, marked as
Ours−. This experiment confirms that the triplet loss does not degrade the perfor-
mance of upsampling frontal faces but improves the SR performance of LR profile
faces. In addition, our triplet loss is able to reduce the reconstruction loss of LR
profile faces earlier in the transformer subnetwork rather than spreading the loss
through the entire upsampling network. Thus, the upsampling subnetwork can fo-
cus on learning mappings between LR and HR facial patterns as suggested in [Yu
and Porikli, 2016]. With the help of the triplet loss, we can even achieve better super-
resolution performance on LR frontal faces, as indicated in Tab. 6.2.

6.7.5 Performance on Faces beyond 3D models

Although our method is trained on a dataset of LR non-frontal and HR frontal image
pairs synthesized by using a single 3D face model, our method can be effectively
generalized to faces beyond the 3D model and the poses used in the training stage.
To demonstrate this, we randomly choose face images from CelebA excluding the
frontal faces used for generating our training dataset. Then we spatially deform, i.e.,
2D transformation including rotations, translations and scale changes, and down-
sample these images to obtain LR face samples. The synthesized LR faces do not
share 3D shapes or poses with the examples used in the training dataset, and thus
these samples are much more challenging. As shown in Figure 6.14, our network
can hallucinate and frontalize such randomly chosen images, demonstrating it is not
restricted to these five poses and certain models. Three reasons may account for
this phenomenon: (1) When generating our dataset, the selected faces used for gen-
erating profile faces are not strictly frontal ones, which increases the variety of the
training poses. (2) The differences between different HR faces become less obvious
in LR faces, and faces in different poses can be approximated by one of the five poses
in very low resolutions. (3) In the process of encoding LR faces to latent represen-
tations, the max pooling layers also reduce the differences of 3D models and poses
between the training and test LR faces.

We also apply our network to real LR face images chosen from the WiderFace
dataset [Yang et al., 2016], where LR faces are captured in the wild. Notice that the
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(a) (b) (c) (d) (e) (f) (g) (h) (i) (j)

Figure 6.14: Results on LR face images beyond 3D model and training poses. Top
row: real HR images. Middle row: unaligned LR images. Bottom row: our frontal-

ized and hallucinated results.

real LR faces are even blurrier than our training samples. Our super-resolved results
are shown in Figure 6.11. Since our network does not need to select one specific
model for a particular angle, our method does not require estimation of the face
pose angles explicitly. Instead, our method frontalizes and hallucinates LR profile
faces in different angles by a single network.

6.7.6 Super-resolving LR faces without Frontalization

Since our method is an extension of our previous face super-resolution methods [Yu
and Porikli, 2016, 2017b,c], our network can be also applied to super-resolve LR
face images without frontalizing them. To this end, we use the ground-truth HR
faces that have the same poses as the input LR ones as supervision and remove
the triplet loss in training. As seen in Figure 6.15, after retraining our network,
our method can effectively super-resolve LR faces in different poses, similar to our
previous methods [Yu and Porikli, 2017b,c].

6.7.7 Limitations

Since our method uses a generic face model to generate faces in different poses,
we do not contain different expressions in the training dataset. Therefore, our net-
work does not account for different facial expressions. Furthermore, limited by the
generic 3D face model, we do not model eye-glasses or sun-glasses in the training
dataset either. When frontalizing occluded regions, general occluded regions and
sun-glasses should yield different frontalization results due to the symmetry of sun-
glasses and asymmetry of general occlusions. This may introduce further ambiguity
in the frontalization process without exploiting any high-level semantic information.
Our training dataset is generated from face images captured in normal illumination
conditions where facial landmarks can be detected for generating different poses.
Since facial landmark detectors may fail to localize landmarks accurately under ex-
treme illumination conditions and the generated faces by the 3D model may suffer
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(a) (b) (c) (d) (e)

Figure 6.15: Super-resolving LR faces without frontalization by our network. Top
row: ground-truth HR images. Middle row: LR face images. Bottom row: our

upsampled results.

severe artifacts, we do not contain those faces for training. Besides, since the illumi-
nations on the faces are not symmetric, it is very challenging to frontalize realistic
illumination conditions. Thus, our method does not tackle such face images acquired
under extreme illumination conditions.

6.8 Conclusion

We introduced a transformative adversarial network to upsample and frontalize very
low-resolution unaligned face images simultaneously in an end-to-end fashion. Our
network is able to learn how to frontalize and align LR faces while upsampling
8×. Benefiting from our proposed triplet loss, we are able to enforce LR profile
faces to be close to their frontal counterparts in the latent subspace and thus achieve
better frontalization performance. With the help of the intra-class discriminative
information and the feature constraints, our network generates realistic facial details.
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Chapter 7

Conclusions and Future Work

Throughout the course of research conducted and presented in this thesis, we have
shown that the problem of recovering photorealistic faces is complex, especially when
considering the stylized nature of artistic portraits. With the aim of solving this
problem effectively, we have developed a number of approaches underpinned by
deep learning. We have tackled the problem by identifying and developing key
components which we improve step-by-step.

I. The first step towards the face recovery requires extracting the main features
of an input portrait and mapping them to a corresponding real counterpart.
To this end, Face Destylization Neural Network (FDDN) extracts features of
a stylized portrait and exploits them to generate photo-realistic face images.
We have found that for a very large number of training data, our proposed
approach does in fact generate visually realistic faces.

II. The FDNN demonstrated that recovering photorealistic faces from portraits can
be effectively achieved. However, on close examination of the resulting face im-
ages, we have noticed undesired artefacts resulting from misalignments of faces
and a number of issues related to recovering identity-related details. Hence, in
order to alleviate these issues, we have developed an Identity-preserving Face
Recovery from Portraits (IFRP) network which improves the accuracy and we
have incorporated Spatial Transformer Networks (STNs) as intermediate lay-
ers to compensate for misalignments in input portraits. We have observed from
our extensive computational experiments that these enhancements help recover
facial details and eliminate artifacts caused by misalignments. As a result, our
overall proposed framework has substantially improved the quality of face im-
ages recovered from portraits.

III. Although our IFRP framework generates realistic facial details with high fi-
delity to the ground-truth, it occasionally fails to recover crucial facial details
such as gender, hair color and age characteristics. We have rectified this is-
sue by developing an Attribute-guided Face Recovery from Portraits (AFRP)
network that combines mid-level facial structural information with additional
high-level semantic information. This approach has further improved the flexi-
bility and accuracy of our overall framework. During a number of experiments,
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we have observed the recovered face images were more realistic and visually
more similar to the corresponding latent face images.

IV. For completeness, we have also demonstrated the efficacy and robustness of
our framework by applying it to the task of face hallucination from low resolu-
tion images. For this purpose, we have proposed a Transformative Adversarial
Neural Network (TANN) which jointly upsamples and frontalizes very low
resolution unaligned face images in an end-to-end fashion.

7.1 Future Work

In this thesis, we have focused on developing a novel framework for photorealistic
face recovery from Stylized portraits. We have also designed a network to jointly
super-resolve and frontalize very low resolution unaligned face images. Below, we
list possible future directions.

I. In our studies, we have applied a recently proposed feed-forward style transfer
model [Johnson et al., 2016] to generate a large number of stylized faces for
training our networks. For the purposes of testing our algorithms, we focused
on a single level of stylization. That is, the amount of distortion applied is con-
sistent across all images for every study. However, an interesting direction of
future work would be to investigate how these algorithms perform on images
with varying (increased) levels of distortion. For instances, further enhance-
ments may be required to deal with an increased level of distortions.

II. Similar to other supervised deep learning methods, our approach may fail to
recover high-quality real faces when the testing or target domain is significantly
different from the training or source domain. For example, our network is
trained on a dataset of celebrities, CelebA [Liu et al., 2015], while the test images
are obtained from [Huang and Learned-Miller, 2014]. We could re-train our
network on the target domain, though, transferring a learned networks to other
domains for face recovery could be of great potential. Transferring networks
may be beneficial especially when there very few training examples in another
domain of interest.

III. Another interesting question is to generate occlusion-free face images from
those images that contain occlusions. In particular, eliminating occluded re-
gions in input images while upsampling or destylizing could be of significant
interest. In our studies, we have not specifically designed any components to
generate occlusion-free face parts. However, by incorporating high-level se-
mantic knowledge within the networks, the occluded and/or missing regions
could be in-painted during the image-to-iamge translation step.
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