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Recently, Generative Adversarial Networks (GANs) have received enormous progress, which makes them able to learn
complex data distributions in particular faces. More and more efficient GAN architectures have been designed and proposed
to learn the different variations of faces, such as cross pose, age, expression and style. These GAN based approaches need
to be reviewed, discussed, and categorized in terms of architectures, applications, and metrics. Several reviews that focus
on the use and advances of GAN in general have been proposed. However, the GAN models applied to the face, that we
call facial GANs, have never been addressed. In this article, we review facial GANs and their different applications. We
mainly focus on architectures, problems and performance evaluation with respect to each application and used datasets. More
precisely, we reviewed the progress of architectures and we discussed the contributions and limits of each. Then, we exposed
the encountered problems of facial GANs and proposed solutions to handle them. Additionally, as GANs evaluation has
become a notable current defiance, we investigate the state of the art quantitative and qualitative evaluation metrics and their
applications. We concluded the article with a discussion on the face generation challenges and proposed open research issues.
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1 INTRODUCTION

Generative Adversarial Networks (GANs) have recently proved remarkable performance on several tasks, in
particular face generation and face manipulation. The important effect of GANs, which gives them an invaluable
role to play, is their power to generate realistic faces from noise [1, 33, 67] taking into consideration the little
details in texture and structure without artifacts which make them undistinguished by human eyes. GANs belong
to the family of generative models [114, 143], which generate samples by learning a given data distribution
from latent representations. Among the most popular generative models, we mainly find (1) VAEs [71], (2)
Flow-based [70], and (3) GANs [46] models. Variational autoencoders models (VAE) optimize the log-likelihood of
the data by maximizing the evidence lower bound. They learn a given distribution by comparing its inputs to its
outputs, which are efficient for learning hidden representations of data but usually generate blurry images for new
data. Flow-based generative models [72] are constructed by a sequence of invertible transformations. Contrarily
to other types of generative models, they explicitly learn the data distribution. GANs use a discriminator model
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Table 1. Related reviews

Year Survey title Reference Focus
2017  Generative adversarial networks: introduction and outlook Wang et al. [133] GANSs theory and future challenges
Stable and improved generative adversarial nets (GANSs): GANSs pipeline including shallow neural networks

2017 A constructive survey Zhang etal. [155] and reinforcement learning
Di i Th i 1 ith GAN:
2018 Convergence problems with generative adversarial networks S.ABarnett [12] issertation on Theoretic problems with GANs
convergence
2018  Generative Adversarial Networks: An overview Creswell et al. [32] GANs theory and applications
2018 Comparative study on generative adversarial networks Hitawala [55] Evolution in GANs architecture
Recent tive ad ial networks (GANs):
079 Recent progress on generative adversarial networks (¢ s) Pan et al. [109] Recent progress in GANs
A survey
2019 A survey on face data augmentation Wang et al. [137] Face data augmentation methods including GANs
A large-scale stud larizati d lization i
2019 G AE;\KIEE scale study on regularization and normatization in Kurach et al. [74] Regularization and normalization methods in GANs
2019 How genérative adversarial networks and their variants work: Hong et al. [56] GANs theory
An overview
G tive Ad: ial Networks in C ter Vision:
2020 enerative Acversarial Networks in L-omputer Vision Wang et al. [138] GANSs architectures and applications
A Survey and Taxonomy
2020 Stabilizing Generative Adversarial Networks: A Survey Wiatrak et al. [140] GANESs stability training methods
A Revi G tive Ads ial Networks:
2020 eview on benerative Acversatia: Networks Gui et al. [49] GANSs algorithms and applications
Algorithms, Theory, and Applications
2020 Generative Adversarial Networks (GANSs): s tal. [118] Advancements in GANs design and optimization
Challenges, Solutions, and Future Directions axena et al solutions to handle GANs challenges.
2020 A Sgrvey on Qene}rative Advers.a%rial Networks: AJabbar et al. [62] GAN§ theéry .and proposed stabilizing training
Variants, Applications, and Training solutions in history
2020 Loss FuncFlf)ns of Generative Adversarial Networks (GANSs): Pan et al. [108] Loss functions in GANs
Opportunities and Challenges
Image Synthesis with Adversarial Networks: . N . .
2020 a Comprehensive Survey and Case Studies Shamsolmoali et al. [119] GANSs for image synthesis generation
Generative adversarial networks for image and video synthesis: . . L . .
2021 Liu et al. [86] Algorithms and applications for visual synthesis

Algorithms and applications
Generative adversarial network: L
2021 An overview of theory and applications Aggarwal et al. [2] Theory and applications

Generative adversarial networks and their application

2021 oh face generation: A survey Toshpulatov et al. [126] ~ GANSs used for 3D face generation
Generative Adversarial Networks for face generation: GANS uset.i for face gene.ratl.on and .
2021 Ours their architectures, applications, semantic,

A surve .
Y and evaluation

to measure the distance between the generated and the real data, which usually allows better quality generation.
Additionally, GANs are able to control sharp estimated density functions and eliminate deterministic bias [138]
which allowed them to achieve great progress in the field of computer vision.

They attract the interest of deep learning committees, from which they surveyed their improvements. Table 1
summarizes most of the surveys on GANs. GANs have undergone a great evolution in generating images from an
unconstrained context to specific domains and from grayscale face to high resolution photorealistic face images.

This success is done thanks to the modifications over the original model. The milestones of face generation
using GANSs over the past years are presented in Fig. 1, in which we categorize facial GANs into three basic
categories: Conditional, Controllable and Progressive GANSs. In conditional GANs, a condition or code is injected
to both the generator and the discriminator for disentangled factor generation. The controllable GANs where the
facial attribute is edited in the latent space. The progressive GANs in which the generation is learned continuously.
The generator improves progressively, which allows better output quality and more stable training. Other GANs
are also presented in the history, which we reviewed also in the milestone. The progress of GANs has reshaped
the research landscape of face generation and improved state-of-the-art face recognition models in laboratory
uncontrollable cases with limited data. Among popular works, [82, 137] showed that adding generated data to a
small database increases performance by 15%. Recently GANs progress is no more restricted to data augmentation,
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Fig. 1. Milestone of GANs for face generation: Facial GANs are reviewed over time and category. Three main categories of
GANSs are presented: conditional, controllable and progressive GANs, in addition to other GANs which are presented in the
first row.

but covers facial image preprocessing, in particular deblurring and inpainting. In addition, GANs architectures
have received important improvements to be able to generate not only uncontrollable faces, but also 2D and 3D
faces, static and dynamic, as well as cross-factors face generation, especially cross-pose, cross-facial expression,
cross-age, and cross-style. Several surveys on face recognition and processing techniques have been published
in recent years: They focus on network evolution from traditional to deep learning based CNNs ones [51, 99].
On the other hand, they are also many surveys as shown in Table 1 that reviewed the GANs architecture and
progress in various applications. However, there is no exhaustive survey which reviews GAN in the facial context,
despite the multitude of works that have emerged. A recent work by Toshpulatov et al. [126] focuses on GANs
applied to 3D face generation. In this article, we review generative adversarial networks for face generation
of different modalities including 2D and 3D, static and dynamic face generation. We propose a taxonomy for
the existent models and discuss their different subtitle architectures and used techniques. We cover about two
hundred works, most of them within the recent five years. We aim to analyze, summarize and compare state-of-the
art GANs architectures, submitted over the last years, in terms of image quality and accuracy. We present a
complete overview of facial GANs models considering architectures, databases, applications, and evaluation
metrics. Various proposed taxonomies are proposed in order to have a global view that brings together the
existing works. Specifically, the major contributions of this survey are as follows:
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o A Review of GANSs applications on the face, including face generation and preprocessing, is presented. In
this survey, applications using 2D/3D, and static/dynamic (video) data are covered. Real world challenges
treated by GANSs especially cross-pose, cross-expression, cross-age, and style variations are also reviewed.

e An overview of state-of-the-art metrics used for facial GANs evaluation is conferred.

e A taxonomy of facial GANs models in terms of architectures, in particular loss functions, applications, and
training mode is proposed.

o A qualitative and quantitative comparison between the different solutions is exposed.

e An overview of the available benchmarks used to train and validate facial GANs applications is reported,
with a proposed taxonomy and detailed user guide to be easily used in a specific application.

e An analytic study of facial GANs problems related to training and output quality with the proposed
solutions

The remainder of this survey is organized as follows. Section 2 introduces the basic theory and types of GANS.
Section 3 reviews the facial GANs applications. Section 4 proposes a taxonomy for GANs models for face
generation in terms of architecture, training mode, and semantic. Section 5 presents an overview of the available
datasets used for face generation and summarizes the existing evaluation metrics of GANs models. Section 6
discusses the facial GANs problems related to training stability and output fidelity, with the proposed solutions to
handle. Section 7 presents challenges related to face generation with open issues. Section 8 concludes the article.

2 BACKGROUND CONCEPT AND TERMINOLOGY

GANSs were first introduced to generate images from random noise. First works has been employed on different
contexts and evaluated on data including digits, animals, flowers and faces. As shown in table 1, many surveys
reviewed general GAN architectures. However, GANs applied to face generation have never been reviewed before.
The face is a complex object which can be generated in 2D, 3D, static and dynamic samples. It is more difficult to
synthesis compared to other objects as handwritten digits. The face generation comes with many difficulties
like identity preservation, symmetry, and texture. Moreover, many semantics such as age, pose, expression and
style have to be considered for realistic generation. Recent works with specific GANs architectures addressed
these issues and progress has been made to improve the quality of generated faces. In this article, we reviewed
the majority of these works. From the baseline GANs that were applied to face as a case study to specific GANs
models that have been proposed to resolve the various face generation challenges. In this section, we first present
the basic theory behind GANs and then give their different types, especially conditional GANs, controllable
GAN:Ss, and progressive GANs.

2.1 Basic theory of GANs

GANSs were first introduced in 2014 by Goodfellow et al. [46] inspired by the game theory, where two networks,
a generator and a discriminator, compete to achieve the Nash equilibrium. The generator seeks for generating
face samples as realistic as possible to fraud discriminator, which tries to differentiate between real and fake
samples. The generator gets the discriminator’s feedback and keeps improving to trick the discriminator into
classifying the generated fake data as true (Fig. 2(a)). The generator and the discriminator play min-max game
with the corresponding Value function (Eql).

minmaxBx.-p, [log(D(x))] + Ez~pz(»)[log(1 — D(G(2)))] (1)
where G, D represent, respectively, the generator and the discriminator models. The generator estimates the

probability distribution of samples G(z) given an input distribution z ~ Pz(z) and approximates the real data
distribution P,.
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2.1.1 The generator. The Generative model learns to synthesize a realistic representation of some classes. By
taking a random set of inputs, it captures the probability distribution, P(X|Y), of different features X in the
desired class Y to generate a set of features that look as realistic as possible. The generated samples are fed to the
discriminator for inspecting how far they are from being real. Basing on the obtained score from the discriminator,
the generator looks for the direction to move and update network parameters to generate more realistic samples
that fraud the discriminator.

2.1.2  The descriminator. The discriminative model is a classification model that learns to distinguish between
two classes of real and fake data. Specifically, it models the probability of class Y given a set of features X;
P(Y|X). The estimated probability of generated samples being fake guides the generator to improve overtime for
generating more realistic outputs.

2.2 Types of GANs

Divers GANs are proposed in the history. They can be classified into three basic types; Conditional, controllable,
and progressive GANSs.

2.2.1 Conditional GANs. Traditionally, GANs generate random face samples unconditionally and have no control
over the class of objects to be generated. In addition to random inputs, conditional GANs [43, 100, 110, 115]
requires an additional code to guide the generator outputting samples from a specific class. They require labelled
training datasets to learn to generate samples in desired classes. The generator takes one-hot class representation
and a noise vector as inputs and outputs samples from the corresponding class. While the discriminator, takes
one-hot labels in depth in addition to the fake generated image to estimate if it is real/ fake and belongs to the
desired class. Fig. 2(a) shows an example of cGAN for face generation, where the condition ¢ can be style, pose,
expression, age code, etc. The cGAN aims to minimize the corresponding objective function. Equation (2) is
inspired from (1). Actually, the conditional GAN architecture differs from the original GAN with the code y
conditioned on the generator and discriminator inputs.

mcl;nmgx (Ex,y~p,(x,y) [logD(xly)]) + Ey~py,z~pz(z) [log (1 - D(G(zly), y))] (2)

2.2.2  Controllable GANs. Controllable GANs aim to generate objects with specific features by tweaking the
input noise. Actually, any change in the noise vector affects the generated output. For this purpose, a pretrained
classifier is used to look for the presence or not of desired features in the generated images, which permit to
define noise vectors for different features. Fig. 2(c) presents an example of controllable GANs [66].

2.2.3 |Progressive GANS. Progressive GAN is a training methodology of GANs, which consists in increasingly
learning to generate the desired faces from low to high resolution or from structure to fine details. This process
allows speed and stable training with high quality generated outputs. This concept was defined in Progressive
Growing GANs (Pro-GAN) [65] which consists in growing both generator and discriminator progressively. The
model starts which small input in low resolution, then incrementally new blocks of layers are added which
increase the output size of the generator and the input of the discriminator until achieving the desired image size

(Fig. 2(b)).

3 FACIAL GANS APPLICATIONS

There are diverse applications that use GANs with faces. In this section, we give an overview of facial GANs, and
we group these applications as face inpainting, face deblurring, and face generation. Fig. 3 exposes the different
categories of facial GANs. We notice that face generation is the facial GAN category which is most explored in
researches. Therefore, we focus in this study on face generation in depth. We group two main classes of 2D and
3D face generation. 2D faces are generated in static and dynamic form and different applications. We categorize
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Fig. 2. Types of GANs: (a) Baseline GANs architecture for face generation/ Conditional generative networks cGAN [110]
inject a condition code c in the latent noise input. (b) Example of Progressive GAN architecture taken from [65]: The training
starts with both the generator ’G” and discriminator 'D’ having a low spatial resolution of 4x4 pixels. Progressively, the
number of layers is incremented, which increases the spatial resolution of the generated images. The N X N convolutional
layers operate on N X N spatial resolution. The images on the right corresponds to generated samples using progressive
growing at 1024 X 1024. (c) Example of controllable GANs taken from Style-GAN [66]:Contrarily to traditional generator
which feeds the latent code though the input layer only, Style-GAN map the input to an intermediate latent space W, which
then controls the generator through adaptive instance normalization (AdaIN) at each convolution layer.

the applications into 4 basic families; namely, image super-resolution, image-to-image translation, image matting,
and image completion.

3.1 Face inpainting

Face inpainting GANs [84] learn the reconstruction of arbitrary corrupted resource and generate missing blocks
(Fig. 4(a))- Inpainting based GANs [9, 26, 27, 44, 78, 96, 134, 135, 139, 151] aim to restore the corrupted regions
of faces caused by extreme lighting variations, occlusion, or disguise. Many GANSs architectures are proposed
to perform well in image inpainting due to the generator and the discriminator for filling, missing or replacing
damaged parts. Wang et al. [134, 135] proposed different types of deep neural networks based on semantic
segmentation for face detail recovery. In [134], a Laplacian-pyramid-based convolutional network framework
has been designed to predict missing regions under different resolutions. A residual learning architecture has
also been used to progressively generate high-frequency details and eliminate color discrepancies which ensure
visual consistency in the completed image. In [135], Wang et al. proposed an end-to-end generative adversarial
network with recurrent architecture for face completion. The Recurrent Generative Adversarial Network takes
advantage of multi-scale features, and facilitates both spatial information and high-frequency details recovery.

Some evaluation metrics such as SIM, PSNR, FID [9, 26, 139] are generally used for image improvement and
photorealism optimization.
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3.2 Face deblurring

Face deblurring consists in eliminating the motion blur, especially from the video feed of low quality surveillance
cameras. An example of face deblurring is presented in Fig. 4(b). Many approaches [30, 39, 90, 94, 104, 121]
proposed to use GANs to resolve this problem by restoring the latent sharp faces from the corresponding
blurred ones. The generator learns to reproduce a similar visual appearance from the blurred version, while the
discriminator helps to evaluate the realism concerning finer details. Multi-scale progressive GANs [21] are used

for high-quality face restoration.

Source image with Generated image  Generated image by  Ground truth
missing block from X-GAN On-demand-learning image Blurred Deblurred

(b)

Fig. 4. GANs for face inpainting and deblurring: (a) Example of GANs for face inpainting taken from X-GAN [84] which
compared GANs with on-demand-learning framework [41] to show the power of GANSs to generate photorealistic missing
blocks. (b) Example of GANs for face deblurring taken from [90]
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3.3 Face generation

Face generation is the major focus of facial GANSs. First GANs focus on data augmentation to reduce the over-
fitting of deep neural networks [2, 138]. However, with the improvement of GANs architectures, they become
effectively able to generate objects in specific applications [119]. In this section, we propose a taxonomy for face
generation GANs applications, based on the one hand on 2D and 3D generation, and on the other hand on static
and dynamic generation.

3.3.1 2D generation. 2D face generation approaches include image super-resolution, image-to-image translation,
image matting, and image completion.

Image super-resolution approaches consist in generating face images in high resolution. [33, 64, 65, 77]
use GANSs to learn progressively to generate face images from low to high resolution. Fig. 5(a) explains how
super-resolution based GANs [64] improves continuously image resolution over epochs.

Image-to-image translation consists of taking face images from one domain and transforming them to the
style of images from another domain. Fig. 5(b) [125] exposed an example of GANs application for transferring
facial images from the original expression to other target expressions. Several researches applied GANs [10, 24,
88, 91, 125, 168, 169] to learn the mapping between source and target domains of facial semantic, or style.

Image matting consists of estimating the foreground object in images and videos. In [60, 93], the generator is
trained to predict alpha mattes from input images while the discriminator is trained to distinguish good images
composited from the ground-truth alpha from images composited with the predicted alpha (Fig. 5(c)).

Face completion consists in generating or repairing the missing occluded parts of a face. [34] applied GANs
for UV face completion by synthesizing the content of occluded regions in faces during pose generation (Fig. 5(d)).

Face reenactment is an emerging conditional face synthesis task that aims to transfer a source face shape to a
target face while preserving the appearance and identity of the target face. As presented in Fig. 5(e), reenactment
GANSs [129, 141], take face identity from a source frame or image, and head pose and expressions from one or
many driving sources. The models output a dynamic face of a source identity which imitates facial motions from
the driving sources.

3.3.2 3D generation. 3D generation approaches consist of 3D face synthesis for data augmentation and face
deformation. GANs are powerful in generating 3D faces [20, 28, 76, 98, 102, 103, 126, 166]. Fig. 5(f) shows an
example of 3D face generation in various expressions.

4 GANS FOR FACE GENERATION

Face generation has become the focus of recent researches in GANSs. It has received more interest in research
committees compared to face inpainting and deblurring. On account of this, we loop in the face generation
applications in this research. Thanks to the power of GANs architecture to learn distributions with its finest details,
various'GANs models have been proposed to generate faces. Facial GANs have received important progress
from uncontrollable face generation in low resolution to photorealistic faces in specific semantics. This progress
has been made in different axes. Some researches focused on improving GANs models based on the output
target semantics, specially pose, facial expression, style, age, and videos. Specific architectures were proposed
for this purpose using the progress of conditional, controllable and progressive GANs, and introduced further,
additional losses to stabilize the training of GANSs in different variation, in addition to tuning the facial details
and eliminating imperfections. Other researches had a go at improving GANs models with the limited available
datasets. Different problems of image-to-image translation from impaired datasets, unlabeled and as well as in
the wild data were the concern of various researches. In this section, we first present the evolution of GANs
over time by presenting the milestone contributions. Second, we reviewed the improvements in architectures, in
particular loss functions. Then, we studied the advancement in facial models for generating faces in different
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Fig. 5. GANs for face generation: (a) Example of super-resolution GANs taken from [64]: the resolution of generated images
progresses over epochs. (b) Example of image-to-image translation GANs for facial expression transformation taken from [125]:
the original expression image is translated into 6 other expressions. (c) Example of GANs for image matting taken from [60]:
the image matting is used for predicting the fakeness region while comparing between two face images. (d) Example of GANs
for face completion taken from UV-GAN [34]. (e) Example of GANs video face generation [141]. (f) Example of GANs for 3D
face generation [28] in various expressions.

Face attention map

training modes. Finally, we confer a detailed study on the GANs progress for every semantic generation, by
presenting the specific developments proposed to solve the problem of every semantic.

4.1 Evolution of facial GANs

Facial GANs models have progressed from generating grayscale uncontrollable faces to photorealistic faces with
high resolution and style control [19, 33, 52, 65-67, 87, 113, 120, 152]. From the milestone of face generation
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using GANs over the past years presented in Fig. 1, We notice huge number of researches in conditional GANs
especially between 2018 and 2019. From 2019, the number of researches in controllable GANs increased. From
these researches, some integrated progressive GANs in the framework to improve image quality. Progressive GANs
can cause artifacts in the progressive learning, which is improved by adding skip connections and regularization.
In 2021, most researches used controllable GANs and focus on interpreting the latent space and control many
attributes. This is because the controllable GANs proved better quality output and better convergence. However,
they need larger datasets and computation requirements. In each category, many improvements are made over
time, especially in loss functions to stabilize the training of different face variations and optimize the quality of
outputs.

4.2 Facial GANs architectures

GAN architectures have received great improvements to address challenges related to resolution and fidelity.
The first architecture of OG-GAN [46] composed of fully connected layers that had limited capacity to generate
grayscale uncontrollable faces. The application of convolutional layers in DC-GAN [113] improved the learning
of more efficient facial features. Moreover, with the appearance of conditional architectures; GANs become
able to learn the face generation in different variations such as pose via the injection of the corresponding
codes in the inputs of the generator and the discriminator. In addition, controllable architectures [66, 67] were
introduces for more fluid face control via the modification of facial attributes. Joint architectures [87] facilitated
face generation with two or more parallel variations. Progressive models [65] adapt pyramid architecture for
progressive learning of face distribution, which allows better resolution of generated faces. Additionally, some
recent researches [52, 120] manipulate two or more face attributes and control the variation intensity via
interpreting the separation boundaries between different facial styles. In the following we are going to present
the progress of loss functions.

Loss functions One of the most challenging in generative adversarial networks is the choice of loss functions.
Actually, GANSs look for an equilibrium between the adversarial players, the generator, and the discriminator. The
convergence of the model corresponds to the optimization of the adversarial loss function. Most of the researches
focused on the improvement of this function. Among them, some works [7, 40, 50, 92] proposed improved
versions of the adversarial loss to stabilize GANSs training and convergence, while others introduced additional
losses [10, 58, 75, 83] for specific task learning. Equation (3) presents the general form of GANs objective function.

Ladversarial + Z AiLi (3)
i

Where Lygyersarial 1S the adversarial loss and A;L; is the additional optional losses, A; are the trade-off parameters.
Table 2 presents the main loss functions [7, 10, 50, 58, 75, 83, 92] for face generation. A detailed specification for
each function is presented to better understand the difference and specificity of each loss equation.

4.3 Facial GANs training modes

The recent researches in facial GANs are no more limited to generating uncontrollable faces and go further
for generating faces in various applications with limited data. The generation of face cross different semantic
variations consists in training networks to disentangle between the invariant content and the specific information
related to the facial variation. The disentanglement representation learning (DRL) was previously applied in
multitask CNNs [149, 158, 170] using joint models to learn feature transformations in the target subdomains.
Similarly, several GANs works [3, 11, 25, 36, 38, 103, 127, 127, 142, 150] proposed complex GANs architectures
for facial style disentanglement. The disentanglement between facial content and the specific semantic can be
done in either supervised, semi-supervised or unsupervised way depending on the availability of data and the
adapted learning mode.
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Table 2. Most applied loss functions for face generation

Name Equation Specification

Lado = minmaxBy, _p, [log(D(x,))]+ Derives from binary cross-entropy between real and generated
Min-Max [46] G D distributions,

Bxy~p(xy) [l0g(1 = D(G(xg)))] Suffers from vanishing gradients and mode collapse

Computes Earth mover Distance (ED) between real and
generated distributions,don’t have flat regions,

W-GAN [7] Lw-gan = inf By, xg)~y [ — %] Eliminates vanishing gradients and reduces mode collapse,
vEllpr, pg) Uses weight clipping to enforce Lipshitz contraint on the critic,
May cause poor samples generation or convergence failure
Lwean-cp = B [D(xg)] - E [DGx)] Improved Versmn-ofW—GAN, ‘ -
xg~Fy xr~Fr Proposes to penalize the norm of gradient critic with respect to
WGAN-GP [50] 2 its inputs.
+4 B |(||ve, Dxg)||, - 1) puts, A
*g~Pxg More stable training without hyper-parameters tuning
¢GAN [100] Legan = mcfnmgx (Exrvle’r(Xh!ﬁ [logD(x, Iy)]) Ir}cmﬁpor}ates domain knowledge from the condition domain
+Eypy.xa~pa(xy) [log (1 _ D(G(xgly),y))] distribution
Smoothes the synthesized images,
Pixel-wise [58] Lpixel = { 22:1 m Z‘Xsh}?: 1C |ng~ whe = %roune| Speedsup the optimization and reconstruction the global
information
Facilitates the generation of images that match the probability
Feature [75] Leature = % Zf\il |F(x,l) — F(xg, )| distribution of real face images to prevent from over training
on the discriminator
Lio=3C, SWH Iy - X
Total variation [58] t e=1 Zoghmt Fwrtne ™ T Reduces artifacts in the generated images
+ ‘xyw,hﬂ,r ~ Xgw.ne
Ensures the consistency of the critical regions based on the fact:
Patch-wise [83] Lpateh = 1 33, m Yi%)[xg,, ~%r, the pixel-wise variation inside a local landmark-based patch
i i is consistent
g W/2 «H alleviates the self-occlusion in large pose variations especially
Symmetry [83] Lsym = o L=t Zj=a |xy"f - xgw"”‘“i for frontal faces generation

Is commonly used in face generation GANSs to integrate domain
knowledge of identities
Enforces forward-backward consistency in impaired
image-to-image translation

G: generator, D: discriminator, P;: real data distribution, Py: generated data distribution, x;: real features, xg4: generated
features, y: condition code, [](p,, p,): set of all joint distributions, y (x, y) the mass that must be transported from x, to x4 in
order to transform the distributions Py into the distribution Py, S:number of scales, Hy: height in each image scale, Ws: width
in each image scale, N: total number of features, F: features for matching, W: width of the final generated images, H: height of

the final generated images; C: the number of image channel, 1=1; 2; 3: the number of the eyes, nose, and mouse patch

Identity preservation [58] L;p = ||Dfp (xg) = Dfp (x,)”zp + ||D{pL (xg) = Di:(x,)“z

Cycle-consistency [10] Leyete(Gp1,Gpz) = ¥4 lIxi — Gpi(Gpa (x))|I?

respectively, le || the size of the patch, (i; j): the pixel inside the patch, Df p(.): the output of the last pooling layer, Df PC (.): the
output of the fully connected layer, ||||5: the vector 2-norm, ||||g: the matrix F-norm, G : D1 — D2 : the mapping from domain
D1 to domain D2, x;: individual sample

4.3.1 Supervised GANs. The supervised GANs aim to generate facial semantics using either labelled data of the
desired semantic or paired data of faces. In this article, we categorize supervised GANs into conditional GANs
and paired image-to-image translation GANS.

Conditional Generative Adversarial Networks [43, 100, 115] are hugely used for supervised face genera-
tion. Actually, the inputs to the generator and discriminator are conditioned on the codes of the facial semantic.
They mostly use labelled datasets of faces in the desired semantic to generate.

Paired Image-to-image translation GANs aim to translate an input image from one domain to another
domain, given input-output pairs of facial images as training data. In fact, in the paired image-to-image translation
GANs, each identity has a pair of images; an input image in the source style and an output image in the target
style. So that, the generative model learns image-to-image translation to transfer faces from the input style to
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the output style using the facial images pairs. Pix2Pix [61] model is the first image-to-image translation model
which uses paired images from source and target domains based on conditional generative networks where an
image input is inserted in the generator instead of a class label. Image-to-image translation and image-to-video
translation [47] are very common for face image mapping from one style domain to another or from a stable face
image to talking face. Paired translation uses a pair of images for every person, mapping from the original style to
target style. Pix2PixHD [136] inspired from Pix2pix model, proposed a new objective function as well as a novel
multiscale generator and discriminator, in order to stabilize the training of conditional GANs on high-resolution
images. Chen et al. [23] show that direct supervised training of generative models still suffers from unstable
training and optimization which make them unable to generate photorealistic images.

4.3.2  Semi-supervised GANs. Various semi-supervised GANs architectures are presented for face generation
with limited labelled data. Actually, the generation of faces with specific semantics, for example, pose needs a
large labelled dataset of head poses. The generation of faces in this variation, with limited available datasets,
results in unrealistic output of faces. Semi-supervised GANSs try to tackle this problem by learning features related
to face structure from large amounts of unlabeled data, while the limited labelled data fine-tunes the details for
better quality face generation [42] introduced a semi-supervised GAN which reconstructs a 3D face using joint
constraints from unconstrained photo collections of the person captured under different times, backgrounds,
and expressions. First, an encoder network extracts four disentangled representations: identity, expression, pose,
and lighting codes from the input face image. Then an albedo decoder network reconstructs the face albedo
from the identity code, while a shape decoder network reconstructs the face shape from the combination of the
identity and expression codes. Finally, the rendering layer renders back the face image from the face albedo,
shape, pose, and lighting. Semi-supervised Regression GAN (SR-GAN) [107] introduced feature contrasting
loss function, which allows semi-supervised GANs to be applied to regression problems and a discriminator
that distinguishes between fake and real images through feature statistics. It is demonstrated that adding the
SR-GAN generator and objectives to a CNN with unlabeled data almost increases the predictive accuracy of CNN
models like age estimation. Bodla et al. [17] presented Fused-GAN conditional image synthesis with controllable
sampling of diverse images by fusing two generators, one generates an unconditional image and the other
generates a conditional image where the two partly share a common latent space disentangling the generation.
The unconditional generator learns a good structure prior to synthesizing a better conditional face, by taking the
structure as part of its input in addition to the condition. The dual generators allow disentangled representation
for style and structure for face generation with high fidelity, diversity, and more controllability in sampling.
Liang et al. [81] proposed a multi-modality network structure (CT-GAN) for better semi-supervised emotion
recognition GAN with acoustic and visual modalities. Match-GAN [124] applied self-supervised learning for
training conditional GANs under a semi-supervised setting. Facial data is augmented by sampling sensible labels
from available labelled examples and assigning them as target labels to the unlabeled examples from the same
distribution of labelled data. Triplets faces are generated containing both matched and mismatched pairs of
target labels in the synthetic domain and source labels in the real domain. The triplet-like constraint forces
the generator to maintain consistency on translated attributes and synthesize better images. Gecer et al. [45]
presented an end-to-end semi-supervised adversarial framework to generate photorealistic face images of new
identities in different expressions, poses, and illuminations conditioned by synthetic images sampled from a 3D
morphable model. SS-GAN [123] shows that learning conditional models in a semi-supervised setting marked
improvement in performance compared to semi-supervised approaches and performs almost as well as fully
supervised conditional GANs.

4.3.3  Unsupervised GANs. With the limited available labelled datasets of faces in some specific semantics, recent
researches proposed new approaches based on unsupervised learning. The unsupervised GANs instead of using
the semantic label for face generation with the desired variation, they try to learn the difference between the
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common content of the face and the proposed variation unsupervised. Therefore, they generate semantic faces
either by transforming the noise input vector or by computing the difference between two face styles for style
transformation. In this section, we categorize unsupervised GANSs into latent space control GANs and impaired
image-to-image translation GANs.

Latent space control GANs Latent space or the embedding space [4], is the space in which a compressed
representation of data lies. Modifying facial attributes such as style in image space directly highly difficult because
of the high dimensions and complexity of the image distributions manifolds. However, the latent representation of
the face expresses the specific features of the corresponding image in a compressed way. So that, the manipulation
of the latent space for change of facial style is softer than the manipulation of image space. Zhang et al. [157]
proposed a semantic transformation generative network (STGAN), in which facial semantic features are mapped
into the latent vector and then the transformation is performed by controlling the latent vector. Voynov et al. [131]
presented the first unsupervised approach for the discovery of semantically meaningful directions in the GAN
latent space which can be universally applied to pretrained generators. The directions of different semantics
are defined with model-agnostic approach. [162] introduced Unsupervised Adversarial Attacks on Generative
Adversarial Networks (UAA-GAN) to attack deep feature-based image retrieval systems. UAA-GAN requires a
small amount of unlabeled data for training and once trained, it can generate perturbations according to each query
image. It was proved that this approach is effective in content-based image retrieval, person re-identification and
face search. The Info-GAN architecture [25] learns interpretable representations and disentangles visual concepts
like emotions from faces unsupervised by maximizing the mutual information between conditional variables
and the generative data. SD-GAN [38] incorporates a decomposed latent space and Siamese discriminators to
disentangle factors of variation from identity.

Style-based GANSs [31, 48, 66, 67] learn the unsupervised separation of high-level attributes and stochastic
variation in the generated images. As illustrated in Fig. 2(c), Style-GAN [66] introduced mapping network which
converts the latent code from latent space into an intermediate code in the intermediate space. The goal of this
mapping network is to create untangled features for the generator and avoid feature combinations in the training
dataset. Then, Adaptive Instance Normalization (AdaIN) [66] separately transfers style via intermediate code in
each layer. Style-GAN computes a pair of style values (y(s, i) and y(b, i)) as scale and bias from w in each layer to
apply the style to the spatial feature map i. The deformation in face can be coarse or fineness, and it depends on
where style mixing or noise is added in the network. Coarser variations(like head pose) are produced when noise
is added in earlier layers while finer variations(like smile), in later layers.

Unpaired image-to-image translation The problem of unpaired translation is common in face datasets,
in which not all persons have face images in different styles(emotions, poses, etc.). Unpaired image-to-image
translation uses two piles of style images, where each pile is composed of images from different persons. The
unpaired translation learns mapping between style piles by keeping in both piles the common content and
transferring the style as the different content. Fig. 5(b) presents an example of impaired image-to-image translation
in the case of an impaired expression dataset (not all persons have 7 expressions). The translation between
the original expression(neutral) and the transferred expressions (for example, angry) is done by learning the
differences between both expressions domains. Moniz et al. [101] presented DepthNet as unsupervised approach
for learning 3D facial structure estimation from a single image. It predicted 3D viewpoint transformations that
match pose and facial geometry by inferring the depth of facial keypoints of an input image in an unsupervised
manner. DepthNets are used for face rotation and replacement, and when combined with adversarial repair, it can
blend warped faces to synthesize the background. The use of adversarial image translation techniques as a post-
processing step to DepthNet, allows a complete headshot resynthesizing for faces retargeted to different poses or
identities. Minisha et al. [104] introduced the first unsupervised GAN architecture for deblurring class-specific
data. Two additional modules are introduced: A self-supervised reblurring module that guides the generator to
generate a deblurred output corresponding to the input blurred image. And a gradient module which constrains
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the solution space of generated clean images. Zhou et al. [166] proposed an unsupervised GAN architecture that
synthesize rotated faces using only single-view image collections in the wild. Faces are rotated in the 3D space
back and forth, and re-rendered to the 2D plane, which preserves the details and illumination condition and can
apply to arbitrary angles. Faces are translated from rendered image to real-image domain. Recycle-GAN [10]
combines both spatial and temporal information along with adversarial losses for content translation and style
preservation. It learns unsupervised video retargeting by face-to-face translation by keeping content from one
face and capturing stylistic expression from the other face. Face normalization model (FNM) [112] generates
frontal faces with neutral expression unsupervised. Face expert network is introduced to produce face identity.
The reconstruction of the normal face is stabilized with pixel-wise loss, while the texture is refined with the face
attention discriminators. Cycle-GAN [63] transforms an image from one pile to another pile style, then transforms
the image generated back to the original style forming a cycle consistency. Two different GANs are usually used
to transfer styles when keeping the content of the image. Cycle-GAN introduced a Cycle Consistency loss in
additional to the adversarial loss for both generators as the difference in both directions between reconstructed
images. The cycle of mapping from original style to target style, then from target to original one allows to
learn from the difference between the original image style and the target one to improve generation. The cycle
consistency transfers the uncommon style while preserving the common content. Cycle consistency loss works
as a regularizer to prevent mode collapse and add realism to the generated images. Kazemi et al. [68] presented
a generative approach to synthesize a photorealistic image from a face sketch unsupervised. In addition to a
texture-wise discriminator, a novel perceptual discriminator is introduced to learn face geometry. Learning facial
information helps the network to remove geometrical artifacts in the face sketch and improve face quality and
recognition rate. The application of cycle consistency, in addition to the discriminator improvement, achieved
promising results in image translation in terms of facial texture and geometry.

Conditional-Cycle-GANs In addition to impaired data from two domains, offers the style attribute as a
condition to the generator. Lu et al. [91] proposed attribute-guided face generation based on Conditional Cycle-
GAN. An additional attribute vector is embedded with the input to train the generator. Conditioning Cycle-GAN
can handle the problem of impaired training data, and the additional attribute extracted from high resolution
images allows easy control of the appearance of the generated face. Liu et al. [88] proposed Pose Conditional
Cycle-GAN (PCCycle-GAN) for pose-invariant face recognition in an unconstrained environment. PCCycle-GAN
uses Cycle-GAN architecture with a conditional pose label guiding the inverse mapping of face frontalization,
which makes it advantageous with impaired dataset training. Pixel-level loss, feature space perception loss, and
identity preserving loss are introduced to generate photorealistic and identity-preserving frontal face images.

4.4 Facial GANs semantics

In the recent years, we notice the emergence of specific facial GANs, where the architectures are modelled to
focus on one or joint semantics. Fig. 6. presents the different facial semantics treated by GANs. In Fig. 7, we
present the models related to each semantic; namely, pose, expression, age, style, as well as the models joining two
or more semantics. Each model is presented in the color of the corresponding training mode: red for supervised;
blue for semi-supervised, and green for unsupervised.

4.4.1 Cross-pose GANs. Cross-pose GANs group all the GAN models which are interested in the problems related
to the facial pose. We categorize cross-pose GANs into 5 classes: Frontalization, profile generation, multi-view
generation, pose completion, and 3D generation.

Frontalization. Frontalization-based GANs focus on generating a frontal face view from face in the other pose
angle. CP-GAN [83] is introduced to frontalize profile faces with unaltered identity based on u-net auto-encoder
generator and Siamese discriminator in addition to a combination of losses which learn identity preservation and
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loss variation. Lai et al. [75] proposed a multi-task learning approach based on GANs that frontalizes input face
images while preserving the identity and expression characteristics. FF-GAN [150] proposes a 3DMM-conditioned
GAN framework to frontalize faces under all pose ranges. In addition to the generator and discriminator modules,
FF-GAN has a 3DMM reconstruction module providing an important shape and appearance prior to guide the
generator to rotate faces and a recognition engine to preserve identity to the generated image. Feature-Improving
GAN (FI-GAN) [115] has a compact generation module named Feature-Mapping Block. The generation module
that helps to map the features of profile face images to the frontal space. The proposed discriminator distinguishes
the features of profile face images from those of ground true frontal images in order to guide the generation
module to provide high-quality features of profile faces. Huang et al. [59] proposed a Two-Pathway Generative
Adversarial Network (TP-GAN) for photorealistic frontal view synthesis by simultaneously perceiving global
structures and local details. Local textures are learned from four landmark located patch networks in addition to
the global encoder-decoder network. FF-GAN applied a combined loss function of adversarial loss, symmetry loss,
and identity preserving loss for an identity preserving inference of frontal views from profiles. Alqahtani et al. [3]
disentangled pose attributes from identity based on encoder-decoder structure. Liu et al. [88] proposed Pose
Conditional Cycle-GAN (PCCycle-GAN) for pose-invariant face recognition in an unconstrained environment.
PCCycle-GAN uses Cycle-GAN architecture with a conditional pose label guiding the inverse mapping of face
frontalization.

Profile face generation. Zhao et al. [164] introduced Dual Agent GAN (DA-GAN) for identity preserving profile
face generation by projecting a 3D face into 2D image space.

Multi-view pose generation. Disentangled Representation learning Generative Adversarial Network (DR-
GAN) [127, 128] proposes an encoder-decoder structure of the generator to learn a generative and discriminative
representation, in addition to image synthesis. DR-GAN takes one or multiple images as the input. The pose
code provided to the decoder and pose estimation in the discriminator explicitly disentangle pose features from
other face variations. The decoder generates one unified representation with an arbitrary number of synthetic
images. Zeno et al. [153] introduced a pose face augmentation framework (PFA-GAN) which consists of two
subpaths; a reconstruction subpath for generating face images with the target pose and a transformation subpath
to synthesize the target face while preserving the subject identity. Hu et al. [58] proposes a novel Couple-Agent
Pose-Guided Generative Adversarial Network (CAPG-GAN) to generate both neutral and profile head pose face
images. Head pose information is encoded by facial landmark heatmaps. In addition to the encoder-decoder
network, a couple-agent discriminator is introduced to reinforce the realism of synthetic arbitrary view faces.
CAPG-GAN employs a weighted sum of generator, conditional adversarial loss, and identity preserving loss with
total variation regularization to synthesize photorealistic faces while preserving identity and pose information.

Pose completion. The generation of facial pose from another pose with a wide variation, for example, from
frontal to profile and vise versa, may cause occluded parts in the generated images. Pose completion aims to
complete the missing part of the face caused by this transition. UV-GAN [34] presents a facial UV map completion
solution by fitting 3D face models in images. Global and local adversarial networks are employed to learn
identity-preserved UV completion. The attachment of completed UV map to the fitted 3D mesh, provides faces
with arbitrary poses (Fig. 5(f)).

3D face generation. Mariott et al. [98] incorporated a 3D morphable model into the generator in order to
learn a nonlinear texture model from in-the-wild images, which allows faces generation in different poses and
expressions without compromising the identity. Holo-GAN [103] disentangles 3D pose and identity objects
through rigid-body transformation of the learned 3D features. Moniz et al. [101] presented a generative approach
for learning 3D facial structure estimation from a single image. Zhou et al. [166] proposed a GAN architecture
that synthesize rotated faces using only single-view image collections in the wild. Faces are rotated in the 3D
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space back and forth, and re-rendered to the 2D plane, which preserves the details and illumination condition.
Then, the faces are translated from rendered image to real-image domain. Sof GAN [20] decouples the latent
space of portraits into a geometry space and a texture space. The latent codes sampled from the two subspaces
are fed to two networks to generate separately, 3D geometry of portraits with canonical pose, and textures.
3DFaceGAN [102] models the distribution of 3D facial surfaces, while retaining the high frequency details of
3D face shapes. The generator retrieves a facial UV map as input and generates a realistic one close to the real
target facial UV map. Lattas et al. proposed AvatarMe [76] as the first approach which produces high-quality
rendering-ready face reconstructions from arbitrary “in-the-wild” images.

Interpretations on cross-pose generation. Cross-pose GANs [75, 83, 88, 115, 150, 164] are first, designed to
generate either frontal or profile faces. Most of these researches are based on the pose code and supervised
training mode. Nevertheless, in the wild pose frontalization [112] is still a challenging problem which need
unsupervised settings. However, the large pose variation makes it challenging to preserve identity, as well as face
texture. Some researches [34] go for face completion by stabilizing the architecture for better quality generation.
Recent researches on cross-pose generation are based on 3D GANs [20, 76, 98, 101-103, 166], which have additional
challenging optimization problems [126, 165] compared to 2D GANSs such as symmetry preservation and texture
reconstruction caused by occlusion especially for extreme profile or frontal face generation.

4.4.2  Cross-facial expression GANs. GANSs are used in history for several cross-facial expression problems [79]
especially facial expression generation, de-expression and reconstruction.

facial expressions generation. Facial expression classification suffers from imbalanced label distribution, because
some classes of emotions like disgusted are relatively rare comparing to other labels like happy or sad. GANs
based data augmentation can increase emotions classification accuracy. Yi et al. [148] uses conditional generative
adversarial networks to generate facial expressions. Convolution networks are used as the body architectures of
generator and discriminator and Wasserstein distance as the loss function to improve the stability of our network
and augment facial training sets. Results show that with facial expression augmentation, pipeline accuracy
increases (4% absolute and 7% relative). The mean accuracy of all facial expressions improves from 61% to 65%.
Deng et al. [35] presented a conditional generative adversarial network (cGAN) for human robot interaction.
The framework consists of a generator G and three discriminators (Di, Da, and Dexp). Three loss functions
are designed to learn Action Units(AUs), expressions and realism while preserving identity. Zhang et al. [160]
propose a general framework of data augmentation using GANs in feature space for imbalanced classification.
The framework consists of a feature extractor, feature generator, and classifier. The conditional mixture WGANs
(cMWGANS ) is used to generate preserved labels and diverse features by learning the distribution of features
extracted from text or face datasets. EM distance is used to guarantee the stability of the GANSs training process.
The results on FER2013 show that training on subclasses is better than on full classes. Li et al. [80] proposed a
framework for facial expression generation and photo-to-cartoon transfer. First, separately, Star-GAN was trained
for facial expression generation and Cartoon-GAN for cartoon style transfer. Then, two stacked models were
presented. Stack-GAN-A, in which Star-GAN is considered as the first GAN and Cartoon-GAN as the second,
and Stack-GAN-B where the order of GANS is flipped. Zhu et al. [169] used GANs for data augmentation in
emotion classification(DAG). The proposed framework consists of CNN based classifier and a cycle-consistent
adversarial network (Cycle-GAN) as the generator. To avoid the gradient vanishing problem during training,
the least-squared loss is combined with the original adversarial loss. Results show that the classifier can be
better learned to find margins or hyper-planes of neighboring classes when possessing a more complete data
manifold. After employing the GAN based data augmentation techniques, the classification accuracy increased
by 5%-10%. Identity-adaptive generation [147] (IA-gen) consists of two parts. The first part generates images of
the same subject with different expressions using cGANs. The second part is fine-tuned for facial expression
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recognition using a regular CNN. The classification is based on the minimum distance between the input image
and the generated expression images in the feature space. CCYLE-GAN [125] synthesizes realistic face images
conditioning on the emotion of facial expression in absence of paired examples. A combination of adversarial loss
and cycle consistency loss are used to learn the mapping between different domains. Chen et al. [22] proposed a
privacy-preserving representation-learning variational GAN (PPRL-VGAN) that combines VAE and GAN to learn
an identity-invariant representation of a face image that permits synthesis of an expression-preserving. The
network learns to disentangle the identity information from the latent representation via the identity code given
to the generator.The model is tested on various applications like expression morphing and image completion.

De-expression GANs. Facial expression can be decomposed into an expressive component and a neutral compo-
nent. De-expression GANs aim to neutralize the expression component and keep only the neutral one, which
allows generating faces with neutral expression. Hu et al. [57] proposed a facial de-expression and expression
recognition model, able to accomplish the facial de-expression for both laboratory-controlled and in-the-wild
datasets. The different expressions are treated as different image domains, so that domain transfer techniques
are adopted to generate neutral face images for in-the-wild datasets.The main advantage of this approach is the
possibility to deal with unpaired in the wild datasets. Yang et al. [145] proposed a De-expression Residue Learning
procedure (DeRL) to recognize facial expressions by extracting information of the expressive component.A
generative model is trained by CGAN to filter out the expressive information and generate the corresponding
neutral face image for any input face image (de-expression procedure). Then, a learning procedure is performed
on the internal layers to capture the expressive components of facial expressions that have been recorded in the
generative model.

Facial expression reconstruction. Facial expression reconstruction GANs learn, given an input expression image,
to reproduce the same expression. This process is useful for improving facial expression recognition when the
expressive depth of an emotional face is varied among individuals, expressions, or situations [69]. GCNet [69]
presented a facial expression recognition method based on contrastive representation learning. The contrastive
representation is calculated in the embedding layers of deep networks by comparing a given image with a
reference image. The reference image is generated by deep generative. This representation is provided as the
input to the final classification layer for facial expression recognition.

Interpretations on cross-facial expression generation. Most of cross-facial expression GANs [22, 35, 57, 79, 80, 125,
145, 148, 169] are designed for expression neutralization or augmentation. The neutralization procedure is less
challenging because the suppression of expression can be done with in the wild or impaired datasets. However,
expression generation is more difficult when it uses impaired datasets. Consequently, the results look unrealistic
for some expressions like disgust because with the lack of samples, expression-to-expression translation is an
unstable process.

4.4.3 Cross-age GANs. Cross-age GANs group the GAN models specialized in age generation problems. We
categorize cross age GANSs into aging face generation, face rejuvenation, and age estimation.

Aging face generation. consists in generating an aging face of a person from a younger face image. Age
Conditional Generative Adversarial Network (Age-cGAN) [5] synthesis aging faces while preserving the original
person’s identity. First, the input face reconstruction preserves the identity by looking for an optimal latent
approximation, then face aging is performed by a change of condition at the input of the generator. Yang et al. [146]
proposed an age transformation GAN based on a pyramidal adversarial discriminator. The progressive learning
simulates aging effects in a finer manner while preserving personalized properties stable. The age transformation
loss achieved age affect while pixel level loss and identity preserving loss kept the information related to image
quality and identity. Conditional Adversarial Auto-encoder (CAAE) [161] achieved face age progression and
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Fig. 8. Performance for semantic generation. (a) Head pose generation(MultiPIE database under setting2), (b) Facial expression
generation, (c) Age generation

regression in a holistic framework. The face is first mapped to a latent vector through a convolutional encoder,
and then projected to the face manifold conditional on age through a deconvolutional generator. Personalized
face features were preserved through the latent vector while age features are controlled via the age condition. Liu
et al. [89] introduced an attribute-aware face aging model with wavelet-based Generative Adversarial Networks
for aged face image synthesis. Facial attribute vectors are embedded to both the generator and discriminator to
learn to preserve facial attributes of the corresponding input image in the generated images. Wavelet packet
transform is introduced at multiple scales to extract textual features which improves the visual fidelity of the
generated face images.

Face Rejuvenation. consists in generating a younger version of the face from an elder image version. Dual
conditional GANs (Dual cGANs) [122] trains face aging and rejuvenation from multiple sets of unlabeled face
images with different ages. The primal conditional GAN transforms a face image to other ages based on the age
condition, while the dual conditional GAN learns to invert the task. The face identity is preserved via the defined
loss function. Zhao et al. [163] proposed Age-Invariant Model (AIM) extended from auto-encoder based Generative
Adversarial Network which includes a disentangled Representation Learning subNet (RLN) and a Face Synthesis
subNet (FSN) for age-invariant face recognition. The model learns to generate age-invariant facial representations
disentangled from the age variation, which allows face rejuvenation/aging with identity-preserving.

Age estimation. is a challenging problem because most of the available labelled datasets are composed of age
groups and not decimal numbers. This does not give a precise age estimation because the discontinuity of this
function. SR-GAN [107] introduced semi-supervised approach for improving the predictive accuracy in regression
problems like age estimation. Fig. 8 presents the performance of pose, expression, and age models.

Interpretations on cross-age generation. Most of cross-age GANSs [5, 89, 146, 161] generate aging faces. However,
only few models [122, 163] are capable of both aging and rejuvenation face generation. Actually, age generation
is a challenging problem, because it needs a continuous function [107] to learn age features from different age
groups.

4.4.4 Style generation. Style generation consists in synthesizing faces in specific styles such as hair color and
glasses. Many models [17, 47, 66, 91, 110, 123, 124, 136, 157] have been proposed for facial style generation.
Style-GAN [66] learns unsupervised separation of high-level attributes like pose and identity and stochastic
variation in the generated images like hair. The input latent code was introduced into an intermediate latent space
in addition to two automated metrics: perceptual path length and linear separability, with more linear and less
entangled representation of different factor variation. StyleGAN2 [67] improved unconditional image modeling in
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terms of distribution quality metrics and image quality. Bhattarai et al. [15] proposed unsupervised facial image
semantic transformation generative network (STGAN). Facial semantic features are mapped into the latent vector,
and then the transformation is performed by controlling the latent vector. Collins et al. [31] proposed a model
for local semantic part editing in Style-GAN images. In Editing-in-StyleGAN, the latent object representation
guides the style interpolation to generate realistic part transfers without introducing artifacts. Guan et al. [48]
proposed a collaborative learning framework for unsupervised real-time Style-GAN based semantic image editing
applications. Faster Style GAN consists of an efficient embedding network and an optimization-based iterator.
STGAN [85] incorporates the difference attribute vector and selective transfer units(STUs) in an encoder-decoder
network. The bottleneck layer in encoder-decoder gives rise to blurry and low quality editing results. STGAN
adds skip connections to improve image quality at the cost of weakened attribute manipulation ability. In addition,
by taking the difference attribute vector rather than the target attribute vector as model input, the model can
focus on attribute changes, which enhances the translation of attributes with better image reconstruction quality.

Mixed styles generation

Various studies used GANs for generating faces in mixed styles. Expressly, this corresponds to modifying,
simultaneously, two or more facial attributes corresponding to the desired style.. Shen et al. [120] proposed a
framework called Interface-GAN for semantic face editing by interpreting the latent semantics learned by GANS.
The study shows that the latent code of well-trained GANSs learns a disentangled representation after linear
transformation. Interface-GAN learns to separate entangled semantics with subspace projection to improve control
of facial attributes. [29] presented Star-GAN as scalable image-to-image translation multitask model. Star-GAN
acquires generalization ability by learning from multiple datasets with different sets of domain labels. Voynov et
al. [131] presented the first unsupervised approach for the discovery of semantically meaningful directions in
the GAN latent space which can be universally applied to pretrained generators. Invertible Conditional GAN
(Ic-GAN) [110] introduced an encoder in a conditional setting of GAN model. Ic-GAN is an extension of CGAN
which inverses the mapping of a real image into a latent space and conditional representation. The experiences
done on the optimal position of conditional information show that it should be inserted in the input level of
the generator and first layer of the discriminator. Moreover, training two separate encoders for conditional
information and latent representation has given the best results. He et al. [53] considers the relation between
attributes and the latent representation and proposes a facial attribute editing method called Att-GAN, which
incorporates attribute classification constraint, reconstruction learning, and adversarial learning for high-quality
facial attribute editing.

Interpretations on cross-style generation. Recently, cross-style GANs [29, 53, 110, 120, 131] go for generating
mixed styles. The study of the entangled features is challenging. For example, some styles are related to age or
gender which make it important to study the projection of some features in the feature space. In addition, some
details like artifacts in hair generation interested recent researches [67] to optimize the realism of cross-style face
generation.

4.4.5 Video face generation/Face reenactment. Face reenactment [130] is a facial animation technique where the
person’s identity is taken from the source image and the facial motion from the driving image. Recent researches
have shown high quality results by incorporating facial motion representations with generative adversarial
networks. GANs based reenactment models perform well when the source and driving images are from the
same person or have similar structures. The current researches seek to avoid face reenactment distortion and
improve outputs when identities of source and driving images are different. Face reenactment can be useful
for video or image editing in addition to controlling facial poses and expressions. Zakharov et al. proposed
a model [152] in which face landmarks are passed to the GAN architecture to drive animation of the model.
FACE-GAN [130] used Action Unit (AU) representation to transfer the facial motion from the driving face since
AUs are unlike facial landmarks independent of the facial structure. This can prevent identity leak and facilitate
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the reenactment control. Wiles et al. [141] presented a self-supervised framework X2Face that controls the
pose and facial expression of a given face. The objective of this framework is driving face generation in an
unconstrained setting like unseen identity and can be used as post training for driving face from audio or head
pose information. Tripathy et al. [129] presents Interpretable and controllable face reenactment framework to
control pose and expressions from different sources and driving identities. The source face is transformed into a
canonical presentation, acting as template for subsequent animation steps. The animation was controlled via
human interpretable attributes consisting of action unit activations and head pose angles. The control signal can
be mixed from different sources, such as pose from one image and expression from another. Recycle-GAN [10]
learns unsupervised video retargeting by face-to-face translation by keeping content from one face and capturing
stylistic expression from the other face.

Interpretations on face reenactment. Dynamic face generation become the focus of facial GANS for its importance
in real world applications [10, 130, 141]. However, face reenactment has more challenges compared to static face
generation. Actually, when the identities of source and driving faces are different, the quality of generated faces
can be affected. Texture distortion, identity loss, as well as shape bias are the mane problems of face reenactment.
Current researches [129, 130] enhanced models either with inputs improvement (such actions units), or with
better architectures (additional blocks).

4.4.6 Multi-domain generation. Multi-domain generation consists in learning to jointly generate faces in two or
more semantics. Contrarily to mixed style generation approaches, which use the same database of different styles,
these models can use more than one database of semantic faces, such as generating multi-view expressing faces
from pose and facial expression data. [24, 25, 36, 42, 45, 63, 112, 144] are some works that proposed solutions on
this task. Cheng et al. [28] show that Mesh-GAN is able to generate 3D facial meshes of different identities and
different expressions and model the distribution of faces better than Auto-encoders. Zhang et al. [154] presented
a joint model for simultaneous facial image synthesis and pose-invariant facial expression recognition. The
encoder-decoder structure of the generator can learn the identity representation for face images and disentangle
the identity from both expression and pose variations, through the expression and pose codes. Then the decoder
generates facial images with arbitrary expressions and poses.

Interpretations on multi-domain generation. Some researches [25, 36, 42, 45, 144, 154] in facial GANs studied
not only one facial semantic but-also two or more semantics. These models learn to jointly generate faces in
mixed domains. Despite the researches in some joint domains like pose and expressions, there is no model which
generates age with other facial domains.

4.4.7 Discussion on facial semantics. As shown in Fig. 7, facial GAN semantics can be categorized in 4 main
groups; namely, pose, expression, age, and style. We present also the groups which combine one or more semantics.
About 77% of the models generate separate semantics, while others generate jointly two or more semantics.
In particular, about 27% of facial GANs are specialized in cross-pose generation, 15% cross-expression, 10%
cross-age, 25% cross-style, 7% face reenactment or video generation and others in multi-domain face generation.
More precisely, 44% of cross-pose GANs synthesizes frontal views, 22% multi-view and 22% 3D faces. 70% of
cross-expression GANs generate 7 expressions and 20% generate neutral faces. 57% of cross-age GANs generate
aging faces, while only 29% can both aging and rejuvenation faces. 59% of cross-style GANs generate separately
styles and 41% generate mixed styles. Besides, we remark that only 7% of Facial GAN models generate dynamic,
and few works generate 3D faces. However, most of GANs generate static 2D faces. Moreover, about 73% of
multi-domain facial GANSs joint pose and expression for static or dynamic face generation. Furthermore, about
51% of facial GANSs are unsupervised, 40% supervised, and only 9% semi-supervised models. Particularly, most
of the style models are unsupervised, while most pose models are based on conditional GANs and expression
models on Cycle-GAN. This can be explained by the type of datasets available in each semantic.
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5 GANS EVALUATION

In this section, we present a study on facial GANs evaluation. First, the state-of-the-art datasets used for facial
GANSs training and validation are exposed. Then an overview of the metrics used for GANs evaluation is
conferred. Actually, the GANSs evaluation is a challenging problem from the original model until now because
of the nonexistence of common evaluation in the existence researches. According to Boadla et al. [17], GANs
evaluation consists in evaluating fidelity and diversity of the generated images. where, the fidelity measures the
quality of generated images while the diversity reflects the capacity of the generative model to generate variety
of samples. Various metrics have been proposed in history to evaluate GANs. [18] presented the pros and cons of
some GANs evaluation metrics. In this research, we are interested in facial GANs evaluation, and we present
a taxonomy for the existent metrics. Actually, we categorize them into quantitative and qualitative metrics. In
addition, we present a comparison between the performance of the models that used these metrics.

5.1 Datasets

We present specific datasets used for face generation using GANs. We propose to categorize these benchmarks
to Head pose, Facial expression, Age, Style, and video datasets. The Table (in the supplementary material)
summarizes all used datasets for training and validating facial GANs. We present a detailed study of each dataset;
by giving the number of samples, subjects, and types of data. Facial GANs were trained on large datasets collected
from the web or from the combination of many benchmarks. In addition, we present in Fig. 9 the datasets used
for facial GANs validation for different semantics with the number of use of each one. We notice that most
pose, facial expression, age, and style GANs work on static and 2D data. However, face reenactment and video
generating GANS, are trained and validated using dynamic datasets. In the following, we present in Tables 3
and 4, and Fig. 8 the results of facial GANs performance in the corresponding datasets. The large variety of
facial GAN generation applications makes it complex to compare the different state-of-the models similarly. For
example, the cross-pose models are designed to generate frontal or profile faces with respect to the target pose
and pose constraints such as occlusion, symmetry and identity preservation. However, the cross-expression
architectures are designed to generate expressions with impaired datasets or limited paired data. The cross-style
models are often designed to disentangle the style features from identity features and generate faces from the
feature vectors obtained from the projection in the latent space. Because of this heterogeneity, we compare the
facial GAN models depending on the application and the variation factors of evaluation and training mode. In
Fig. 8, the performance of each pose, age group and mean of expressions is presented in the following histograms.
However, in table 3, we present a comparison of the facial GANs basing on the most used qualitative evaluation
metrics and datasets. While table 4 presents the accuracy results of GANSs for each application and datasets.

5.2 Qualitative evaluation of facial GANs

The qualitative evaluation of facial GANs consists in evaluating the quality of the generated face images. Actually,
the quality includes the resolution of generated faces as well as the lack of blemish like artifacts and unrealistic
patches in the faces. In this paragraph, we present first the description of the existent metrics. Then, we give
a comparative study based on the commonly used ones [132] in Table 3. Up arrows present the metrics which
higher value corresponds to better performance, while down arrows present whose lower value corresponds to
better performance. The best state-of-the-art performance for each metric is presented in bold.

The Frechet Inception Distance (FID) [54] uses inception-v3 network to extract feature embedding of real and
fake images. The distributions are fitted to multivariate normal distributions. The FID score looks at the mean
and variance to compare between the real and fake distributions [15, 60]. Lower FID score means the real and
fake distributions are closer and so the features are more similar to each other.
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Fig. 9. Validation datasets of facial GANs: each dataset is presented with the number of use. (a) Style, (b) Age, (c) Reenact-
ment/video, (d) Pose, (e) Facial expression, (f) Multi-domain

Kernel inception distance (KID) [16] evaluates the discrepancy between distributions by computing the squared
Maximum Mean Discrepancy (MMD) between Inception representations. Makhmudkhujaev et al. [95] computed
KID between real and generated distributions for their respective age-group. Lower KID scores indicate that
input images are better regenerated, and thus the model has the capability of preserving the identity.

Perceptual path length (PPL) [66], is a metric which estimates the quality of the latent space. It estimates the
smoothness of the mapping from a latent space to the output image by measuring the average LPIPS distances [159]
between generated images under small perturbations in latent space. [66], explained the correlation between the
generated image quality and perceptual path length. Actually, during training, the discriminator penalizes bad
images; so that stretching the region of the latent space that produces good images can help the generator to
improve. Smaller PPL correlates with higher image quality.

Structural Similarity Index (SSIM) [152], measures the low-level similarity to the ground truth images. Higher
SSIM corresponds to better similarity between the generated images and the ground truth ones.

Multi-scale structural similarity (MS-SSIM) [33, 105] is an improved version of SSIM conducted over multiple
scales through a process of multiple stages of subsampling. MS-SSIM values range between 0.0 and 1.0 and higher
MS-SSIM values correspond to perceptually more similar images.

The Inception Score (IS) was proposed by Tim Salimans et al. [117] to remove the subjective human evaluation
of images. IS uses the pretrained Inception v3 for image classification to classify the generated images. The score
captures two properties of the generated images; image quality and diversity. The inception score ranges between
1.0 as the lowest value and as the highest value, the number of classes supported by the classification model. The
Inception scores specifically uses KL divergence, which captures fidelity from difference in the conditional label
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distribution and diversity from the marginal label distribution.The Inception Score sums over all images and
averages over all the classes. A high Inception Score means the entropy of the conditional probability distribution
is low, finding relevant objects and features, while the marginal probability distribution is high, when capturing
a diverse set of features. However, a low score means both distributions either have low entropy, having high
peaks (no diversity) or both distributions have high entropy (no clear features found). The main drawback of
Inception score [13] is the mode collapse, when GAN model generates one single image for each class which
give perfect IS when the model can do better. In addition, IS look only at the generated samples and doesn’t
compare them with real images. Moreover, the Inception score is trained on ImageNet dataset and may do not
give relevant features with some semantics of faces unknown like head pose. The inception score doesn’t focus
on the spatial relationships of features like nose or eyes position. Inception Score is usually used for evaluating
conditional GANSs but is actually replaced by FID which is more relevant.

Cosine Similarity (CSIM) [37] is used to calculate the similarity between two embedding vectors. Pre-trained
face recognition networks are applied to obtain embeddings from the source and driving images. Higher score
indicates that the source identity is better preserved in the reenactment process.

Peak Signal to Noise Ratio (PSNR) [48, 157] measures the ratio between the maximum possible value called
the power of a signal and the power of the distorted noise that affects the quality of its representation. This ratio
measures the quality between the original and a reconstructed image. The higher PSNR, corresponds to better
quality of the reconstructed image.

Some models proposed other evaluation metrics for their models. [167] defined Human Eye Perceptual
Evaluation (HYPE), as human benchmark for generative realism. Two variants are introduced: HYPE;;m.
measures visual perception under adaptive time constraints to determine the threshold at which a model’s outputs
appear real, and HYPE,, measures the human error rate on fake and real images without time constraints. Huang
et al. [60] introduced FakeLokator is introduced to solve the GAN based fake localization problem on facial
images.

We can notice from Table 3. That there are few Facial GANs models that evaluate the quality of the generated
faces. In addition, there are no common metrics used by all models, which can give clearer comparison between
all existent approaches.

5.3 Quantitative evaluation of facial GANs

Despite the lack of quality evaluation of the generated images, most of the facial GANs presented a quantitative
evaluation of their models. Actually, they train classification networks with images generated by GAN models,
and then evaluate their performance on a test set composed of real-world images. In this survey, we gathered
some works that used common benchmarks for evaluating the performance of their models. Table 4 presents the
quantitative evaluation score namely, accuracy(ACC), area under ROC curve (AUC) and probability sum of facial
GANSs cross-pose, facial expressions, age, style, and video. Best state-of-the-art performance are presented in
bold.

6 GANS PROBLEMS AND PROPOSED SOLUTIONS

Despite the power of facial GANs, they suffer from common problems related to training stability and output
quality. In this section, we present these problems, namely, mode collapse, vanishing gradients, convergence
failure, generated face quality, and problems related to the training modes and the semantics. In addition, we
review the proposed state-of-the-art regularization and normalization approaches [67, 74, 106, 108] for tackling
them.
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Table 3. Qualitative evaluation of generated faces

Model Database FID| | PPL] | SSIMT | MS-SSIMT | IST | CSIMT | PSNRT
Zakharov et al. [152] VoxCeleb1 29.5 0.74 0.19
X2Face [152] VoxCeleb1 56.5 0.75 0.18
Pix2pixHD [152] VoxCeleb1 24 0.70 0.16
Style-GAN [67] FFHQ 44 | 2121
Style-GAN2 [67] FFHQ 2.84 | 145
HDC-GAN [33] CelebA 8.44 0.1978
Style-editing-GAN [31] FFHQ 5.4
Faster-GAN [48] CelebA-HQ 0.83 31.47
Match-GAN [124] CelebA 5.58 3.07
RaF-DB 5.06 1.58
Mask-guided-GAN [47] Helen 8.92
Deng et al. [36] FFHQ 12.9 | 123
Mesh-GAN-ID [28] 3dMD+4DFAB 10.82
Face-controller [144] FaceForensics++ | 3.51
Pro-GANS [65] FFHQ 8.04 0.28
MSG-StyleGAN [64] CelebA-HQ 6.37
FFHQ 5.8
MSG-ProGAN [64] CelebA-HQ 8.02
FFHQ 8.36
SS-GAN [123] CelebA 0.217
SA-GAN [123] CelebA 0.167
SC-GAN [123] CelebA 0.143
AC-GAN [123] CelebA 0.076
c-GAN [123] CelebA 0.497
Conditional -CycleGAN [91] | CelebA 0.92
Ic-GAN [91] CelebA 0.74
Disco-GAN [91] CelebA 0.87
Face-GAN [130] IJB-C+Forensic++ 0.747
ST-GAN [157] Celeb-A 0.77 £0.01 28.11 £ 0.01

6.1 Mode collapse

The main purpose of GAN is to produce a diversity of outputs which allows data augmentation and reduce the
overfitting of deep neural networks. However, the generator usually fails to learn the full distribution of datasets,
which is famous for mode collapse or partial mode convergence. Actually, when the generator learns to output
samples from single or partial distributions, it gets used to produce similar outputs that seem most plausible
to the discriminator. However, the discriminator learns to reject all outputs except the best sample produced.
This phenomenon is caused when the generator and the discriminator forget some distribution modes and fail
to achieve an equilibrium between them during training. The generator learns only a part of the inputs and
no longer generate samples from one part of the space, while the discriminator is used to classify the inputs
as fakes and forget them later when they are no longer generated. Therefore, one of the players can get stack
in local optimum in gradient descent. Generative Adversarial Network Games (GANGs) [106] inspired from
game theoretic techniques introduced Resource Bounded Nash equilibrium (RB-NE) to escape the local optima of
gradient descent and provide convergence grantees for methods with random restarts by approximating the best
response computations. Some researches [7, 40, 50, 92, 108] focused on improving the loss functions for more
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Table 4. Quantitative evaluation of generated faces
Semantic | Database ‘ Model Performance
Head ACC% AUC%
Pose
LFW FF-GAN [115] 96,42 99.45
DR-GAN [115] 96.9 99.6
CAPG-GAN [58] 99.37 99.9
FI-GAN [115] 98.3 99.6
3D-GAN [98] 99.85
PCCycle-GAN [88] | 99.52 99.93
CFP UV-GAN [34] 94.05
FF-ACC% FF-AUC FP-ACC FP-AUC
DR-GAN [115] 97.1 91
Alqahtani et al. [3] 98.23 pm 0.83 | 91.92 + 0.59
FI-GAN [115] 98.9 942 99.7 98.9
3D-GAN [52] 99.9 99.85
Multi-PIE ACC%
90° 75° 60° 45° 30° 15° 0°
FI-GAN [115] 77.03 88.24 96.22 97.37 98.52 98.8
DR-GAN [115] 83.2 86.2 90.1 94
FF-GAN [115] 61.2 77.2 85.2 89.7 92.5 96.6
TP-GAN [115] 64.64 77.43 87.72 95.38 98.06 98.68
CAPG-GAN [115] 66.05 83.05 90.63 97.33 99.56 99.82
Lai et al. [75] 70.05 88 90.5 89.5 925 93 92
PCCycle-GAN [88] 64.5 82.7 92.3 97.4 99.3 99.4
Facial ) ACC%
Expression
Angry Disgust Fear Happy Sad Surprise | Neutral Total
Fer2013 CGAN (Yi et al) [148] | 63 52 41 85 50 75 64 655
cMWGAN [160] 72.9
De-expression [57] 75.84
RAF-DB EAU-Net [35] 65.5 45.6 58.7 96.3 74.5 80.2 71.5 71.18
StackGAN-A [80] 72 76 89 79
StackGAN-B [80] 86 84 86 85
De-expression [57] 87.32
BU-3DFE 1A-gen [147] 70 75 71 87.5 65 97.5 76.83
DeRL [145] 84.17
BU-4DFE 1A-gen [147] 82.5 95 84.5 95 89 92.5 89.55
BP4D+ DeRL [145]
Oulu-CASIA 1A-gen [147] 83 95.5 83.5 94.5 89 93 88.92
DeRL [145] 88
CK+ 1A-gen [147] 96 100 99 100 97.5 100 96.57
De-expression [57] 99.38
DeRL [145] 97.3
MMI(6 classes) DeRL [145] 73.23
Age ACC%
4+ ->10+ 8+ ->30+ 10+ ->20+ | 10+ ->40+ 20+ ->60+ | 30+ ->60+ | 40+ ->60+ | Average
UTKFace+CACD CAAE [122] 57 51 51 51 65 45 70 56
+MORPH+FGNet c-GAN [122] 47 79 70 49 76 65 75 66
+IMDB- Dual-cGAN [122] 86 82 81 80 80 72 84 81
Style wiki ACC%
Smile Pale skin Glasses Gender/Age | Bangs Bald Moustache | Hair | Entire
CelebA/CelebA-HQ | Ic-GAN [48] 99.95
Star-GAN [80] 90.56 96.56 97.08 90.21/- 96 89.87 95.48
ST-GAN [60] 99.85 99.7 99.85 99.85 99.35 99.85
Star-GAN [60] 99.9/99.9 99.9
Att-GAN [60] 99.85 99.85 99.85
PG-GAN [60] 97.75
Style-GAN [60] 99.9 99.9/99.85 92.1
Style-GAN2 [60] 85.5
Probability Sum
Ic-GAN [24] 233 2 0 1.33/0.33
Cycle-GAN [24] 21.33 37 28 35/20
Star-GAN [24] 19 36.67 30.33 9.67/17.67
TDB-GAN [24] 57.33 24.33 41.67 54/62
Video ACC%
VoxCeleb X2Face [129] 64.76
ICFace [129] 62.86
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stable training, which make the real/fake classification softer and help to avoid generation stack. In fact, the
earlier version of GANs using min max evaluation loss, suffers from the hard evaluation of the discriminator
which rejects almost samples without giving a relative score to the generator to know in which direction it can
go to improve its performance.

6.2 Vanishing gradients

Perfect GANs aim to generate samples as real as possible, which means making the generated distribution close to
the real one. This is done by minimizing the corresponding cost function, which measures the difference between
both distributions. The first GANs suffer from vanishing gradients caused by the use of binary cross-entropy loss.
Actually, when the discriminator starts learning faster than the generator, it can easily differentiate between real
and fake samples, so that reject almost generated samples. When the discriminator becomes too perfectionist, it
becomes unhelpful to the generator that needs informative feedback to know in which direction may improve.
The vanishing gradients make learning slow and sometimes stops. Wiatrak et al. [140] studied the cause of
vanishing gradients and convergence failure and mentioned that the loss function of the original GAN leads to
the oscillating and cyclical behavior, especially when the distributions of generated and target data are disjoint.

Some researches proposed to replace BCE loss with least squares loss, while others proposed to inject continu-
ously noise to the discriminator input to smooth the distribution of probability mass.

6.3 Convergence failure

Similar to mode collapse, convergence failure is a common problem in generative adversarial networks, caused
by the imbalance between the generator and the discriminator. When the discriminator progresses faster, and
its loss is close to zero, while the generator loss may not settle down and continue to rise. This happens when
the generated samples are rejected easily by the discriminator [12, 140]. Many researches [6, 73, 108, 116] were
proposed to stabilize training to avoid the convergence failure. Actually, [6, 73] proposed adding noise to the
discriminator outputs to smooth the probability distribution. Roth et al. [116] demonstrated that this can be a
costly solution, because it demands a high-dimensional noise which cause significant variance in the parameter
estimation process and needs a lot of samples. Instead, the research proposed a noise-induced regularization
solution, which consists in a weighted penalty function on the norm of the gradients of the discriminator rather
than being a part of the generative process.

Lucic et al. [92] had compared FID and training failures of different models on CELEBA dataset. Some models
indicates the presence of significant outlier runs, usually severe mode collapses or training failures (up to 20%
failures). In addition, FID score can be improved from 87.5 to 30 depending on the architecture and the additional
optimizations.

6.4 Image quality

Most of GANS focus is to produce high quality outputs. The first GAN architecture [46] based on fully connected
layers had limited capacity to generate images with high resolution. Many improvements were proposed for
this purpose..Some works [58, 66, 75, 107] proposed improved loss functions like WGAN-GP, pixel-level, and
feature level losses to penalize the quality shift. In addition, the use of an Auto-encoder architecture for the
discriminator [14] that compares between real and generated images in the pixel level, which allows better
generation quality. Some other works [33, 65, 113] focused on the architecture blocks. DC-GAN [113] proposed
deconvolutional and upsampling layers for learning better resolution, Pro-GAN [65] proposed a progressive
training process to pass from low to high resolution. However, Checkerboard artifacts can appear in generated
images when passing from low to high resolution via transposed convolution (Fig. 10). In addition to 2D facial
GANS, 3D GANSs [165] also suffers from big performance drop for profile and near-profile faces due to severe
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@ (b)

Fig. 10. Examples of artifacts appeared in generated faces taken from [67]: (a) Droplet -like artifacts caused by Instance
normalization in Style-GAN images. (b) Artifacts caused by Progressive growing. In this example, the teeth do not follow the
pose but stay aligned to the camera, as indicated by the blue line.

texture loss and artifacts. The improvement of loss function can avoid the blurry effect, alleviate artifacts and
produce visually pleasing results. Arora et al. [8] proposed MIX+DCGAN model which consists of a mixture
of such DCGANSs so that it has 3 generators and 3 discriminators. The improvement of architecture generates
more faithful and more diverse samples from a face database than the baseline. Karras et al. [67] showed that
the improvement of Style-GAN to Style-GAN2 by improving the architecture and loss function improved the
model recall from 0.399 to 0.492, FID from 4.4 to 2.84 and PPL from 212.1 to 145. This normalization improved
the quality of the generated images and reduced face artifacts. StyleGAN2 [67] proposes an alternative design
for solving issues that occurred in using progressive growing which its purpose is to stabilize high-resolution
training with great depth using skip connection design and residual concepts similar to ResNet.

6.5 Problems related to the training mode

The main problems related to the training facial GANs modes are the availability of data and resources. The
supervised architectures are based on labelled and/or paired datasets. However, these datasets are expensive
and difficult to collect. Recently, the limited labelled face datasets pushed researchers [31, 48, 66, 67, 112] to
propose unsupervised GANs trained on big face datasets which are gourmand to computation requirements.
Additionally, others researches [17, 42, 107] proposed semi-supervised architectures which need small labelled
datasets in additional to from the web datasets. These models reduce the problem of dataset availability. But, they
are generally complex and need sophisticated computational resources.

6.6 Problems related to face semantic

In addition to the common GANSs and facial GANs problems, There are specific problems related to each face
semantic. The main concerns and challenges include:

o Pose generation with large feature variations. It consists of generating extreme profile face from a frontal
face and vice versa. 3D face and dynamic face generation are also challenging problems. The large pose
variation can disturb the training process which affects the face texture and realism, as well as the identity
preservation

e Facial expression generation with impaired datasets. It consists of generating faces in different expressions.
Contrarily to the pose generation, the facial expression variation is smaller. Nevertheless, most available
datasets are impaired. The recent models are based on image-to-image translation which transfer the
common feature of target domain to the source input. This affects the realism of the generated face in
different expression which preserve common expression features and not those related to the identity.
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e Age generation with continuous functions. With limited age datasets of persons in specific age groups, it is
important to learn the distributions of all age groups to generate face in the desired age.

e Style generation by learning the disentanglement of style features. Most of style based GANSs are based
on transformations in the latent space. This is based on learning the disentanglement of style features
from identity features. And the entanglements between different styles, and mixing styles. For example,
some styles are common to gender or age. In addition, many aspects in human portraits can be adopted as
stochastic [66], such as the exact placement of hairs, stubble, freckles, or skin pores.

7 DISCUSSION AND FUTURE DIRECTIONS

We present in this article, a detailed study of facial GANs, in which we present a full taxonomy of existent
models. Actually, we present a taxonomy based on architecture, training mode and facial semantic. We notice
that conditional GANs are easy to implement using the semantic code. However, they suffer from unstable
training and artifacts in the generated images. Most of GANSs for pose generation used conditional GANs thanks
to the availability of paired datasets. While most of the facial expression generation, GANs used impaired image-
to-image translation models because of the limited paired data. Therefore, the accuracy scores are still poor
compared to paired datasets. Fig. 8 illustrates the difference in facial expression accuracy using an impaired
database (41%-65.5% in fer2013), compared to paired database (95.8%-99.38% in CK+). Furthermore, most of the
recent GANs used controllable architectures thanks to their power to generate better images. However, they suffer
from important computational requirements. Moreover, we present the existent models in each semantic and with
the corresponding training mode(7). We notice that few works used architectures which jointly generate faces in
two or more face variations. However, there are, as far as our knowledge, no researches joining aging faces with
pose facial expression and style generation. In addition, few works [17, 24, 53, 120] applied control on face to
generate faces in mixed styles. In fact, almost all works are tested on uni-style face generation. Furthermore, most
of existent researches focused on facial image generation. However, few works generated 3D faces or faces in
reenactment. These studies did not optimize the generated faces in terms of photo realism quality. Additionally,
we present a quantitative and qualitative evaluation of facial GANs using common benchmarks and metrics.
We notice that not all the existent models do not use common qualitative evaluation metrics which give a clear
qualitative comparison between them. Yet, we try to gather in table 3, the common evaluation metrics to have
better based on state-of-the-art scores. This can be an issue for the future of facial GANs; the evaluation of the
generation quality using a common metric. On top of the problem of computation requirement still presents an
important problem of facial GANS, in terms of datasets and GPUs, which makes it challenging to propose new
unsupervised models with less requirements.

Despite the important progress in facial GANSs, face generation in different semantics and using different
training models still suffer from some weaknesses. We propose the following future directions for better face
generation:

e Computation requirements: Recent facial GANs focus on improving the realism of the generated faces. Face
generation acquires tens of thousands of training samples, and with datasets including a lot of intrinsic
variation [67]. Therefore, it is crucial to find new techniques to reduce the training data requirements.

o Limited large paired datasets: Domain-to-domain translation is one of the same focus of face generation for
different semantics. However, the use of supervised setting needs paired data. And, the availability of the
paired data is either difficult or expensive. Only few datasets are available for some semantics, like pose, but
they are either small or expensive. For other semantics, with the lack data, unsupervised or semi-supervised
approaches are proposed, which is more challenging because faces are not available for the corresponding
face domain. These models need more regularization for identity preservation and reducing artifacts.
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e Quality of generated faces: Artifacts in generated face images and perceptual quality distortion can be
caused by many factors [111] such as losses, unstable training process, and network architectures. Some
solutions are proposed recently to alleviate this problem, such improving [111] or regularizing [156] the
network structure or incorporating additional objective functions, or attention mechanism to capture better
global structure. However, in some face variation like extreme profile face normalization, the existent
GAN:Ss based solutions still suffer from imperfections in face texture. This explains the need to new GANs
architectures more efficient to learn and generate extreme profile faces

o Multi-semantic generation: A good multi-domain image generation model [97] should be able to generate
pairs of corresponding images which share common semantics but are of different domain-specific semantics.
Most of multi-domain facial GANs are able to generate faces in only two domains. However, there are no
models which generate faces in all possible domains or with the option of choosing one or many domains.
Actually, the generation of faces in a specific domain is done either by learning a conditional distribution
encoded in the conditioned domain variables or by unsupervised domain adaptation. This is challenging
because of the absence of paired and large labelled datasets in some domains. Therefore, future facial GANs
should be able to learn all-over face multi-domain variations in unsupervised or semi-supervised mode to
be functional with the state-of-art benchmarks.

e Common evaluation metrics: Despite the variety of evaluation metrics used for evaluating the generated
faces by GANS, there is no common convention on facial GANs evaluation. In this survey, we classify
the existent metrics on qualitative and qualitative evaluation metrics. Nevertheless, in order to compare
precisely between existent architecture, there is an important need to an experimental comparison using
common metrics and datasets.

8 CONCLUSION

This article has presented a survey of the existing GAN models for face generation and facial semantics. A
comparative analysis is accorded of different facial GANs. The proposed taxonomy of facial GANs and GANs
for face generation can be a reference for better understanding of the existent solutions as well as the evolution
of architecture cross every face variation. The present article focuses on face generation as the focal attention
of GANs. Despite the important number of researches in this domain, there are never reviewed before. In this
research, we presented the main improvement of GANs architecture and loss functions applied in the specific
context of face generation and synthesis. The GAN based approaches are presented regarding their applications
and are grouped into categories to better identify and differentiate them. The used datasets to generate faces using
GAN:Ss are presented and listed. Besides, we discussed several open issues and pointed out different challenges
that require research efforts to improve, like the GANs evaluation problem and quality comparison between
existent solutions.
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