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Abstract

This thesis addresses the task of photo-realistic semantic image edity, where the goal
is to provide intuitive controls to modify the content of an image, such that the result
is indistinguishable from a real image. In particular the focus is on eding applied to
human faces, although, the proposed models can be readily applied to othéype of
images. We build on recently proposed deep generative models, whicilow learning
the image editing operations from data. However, there are a number of liftations in
these models, two of which are explored in this thesis: the di cuty of modelling high-
frequency image details, and the inability to edit images at arbitrarily high resolutions.

The di culty of modelling high-frequency image details is typical of methods with ex-
plicit likelihoods. This work presents a novel approach to overome this problem. This
is achieved by surpassing the common assumption that the pixels in # image noise
distribution are independent. In most scenarios, breaking away fom this independence
assumption leads to a signi cant increase in computational costs. Additonally, it in-
troduces issues in the estimability of the distribution due to the considerable increment
in the number of parameters to be estimated. To overcome these obsthss, we present
a tractable approach for a correlated multivariate Gaussian data likelihaod, based on
sparse inverse covariance matrices. This approach is demonstrated omanational au-
toencoder (VAE) networks.

An approach to perform image edits using generative adversarial networksGAN) at
arbitrarily high-resolutions is also proposed. The method relies onestricting the types
of edits to smooth warps,i.e. geometric deformations of the input image. These warps
can be e ciently learned and predicted at a lower resolution, and eadly upsampled to
be applied at arbitrary resolutions with minimal loss of delity. Moreo ver, paired data
is not needed for training the method, i.e. example images of the same subject with
di erent semantic attributes. The model o ers several advantages wih respect to pre-
vious approaches that directly predict the pixel values: the editsare more interpretable,
the image content is better preserved, and partial edits can be easilgpplied.
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Chapter 1

Introduction

Image editing for photo enhancement is ubiquitous in modern socigt where millions of
images are uploaded per day to social media services such as Snapchatnstagram ©
or Facebook® [Smith, 2013. The majority of image editing methods generally seek
to modify the content of an input image such that the manipulated image isindistin-
guishable from a natural unedited image. Modifying an image to the point were it
becomes obvious that is has been edited commonly leads to harsh publicratiny, as
demonstrated by any internet search with terms such as \Photoshop fail%

There are a number of reasons why it might be interesting to perform dits on an
image. For example, inpainting techniques seek to Il in a missingregion, which has
applications in removing unwanted objects Criminisi et al., 2004] or restoring damaged
photographs Bertalmio et al., 2000], as shown in Fig.1-1, left. Image defocusing Bar-

ron et al., 2013 allows obtaining shallow-depth-of- eld images, that traditionally r e-
quire using expensive DSLR cameras, from all-in-focus images obtaidéby a ordable

cellphone cameras, as shown in Figl-1, right. Image denoising incent et al., 2008
seeks to remove noise from an image, where the noise is usually intrecked by the
sensors that captured the image. Semantic editingBlanz and Vetter, 1999 modi es

an image according to a high-level semantic concept, such as changing tlexpression
of a face in an image. This type of editing will be discussed in more dail below.

Image editing applied to human faces has a long history in computer visin [Beier and
Neely, 1992 Blanz and Vetter, 1999, Liu et al., 2001, Mohammed et al., 2009 and
has been made increasingly relevant with the rise in the number of ptures people
take of others or themselves. For instance, 350 million photos per day weruploaded
to Facebook® as of 2013 $mith, 2013. This thesis treats editing human faces as an

13



Image inpainting [ Bertalmio et al., 2000 ] Bilateral defocus [ Barron et al., 2015 ]

Input Restored Defocused

&) f‘v

ﬁ& 4

Figure 1-1: Example of image editing methods. An image inpainting methodBertalmio
et al., 2000 can be used to restore old photographs that have been damaged. A shallow-
depth-of- eld e ect can be added to an all-in-focus image Barron et al., 2015.*

example application, however the presented models can be readily pjied to other data
types and examples for non-face images can be found in ChapteBsand 4.

The most nawve approach to editing would involve letting the user directly modify the
pixel values in the image. However, this is extremely time consunmg and it typically
generates unrealistic images, as it is very easy to diverge from the mdoid of real
images using this approach Zhu et al.,, 2016. Higher level tools are also available,
which allow editing groups of pixels. For example the liquify Iter is used to deform a
user-de ned region in the image, and it can be found in most editing sofvare. Still,
employing these type of tools is time consuming and it requires ailgh level of expertise
to produce good quality edits. Face editing is particularly demandng since humans
can easily detect minor defects in other human facesMori et al., 2012], which adds
extra challenges to research in this area. Any minor error produced ding the editing
operation could lead to an image that would not be considered realistic.

This research has been partly funded by Anthropics Technology Ltd® , which produces
intelligent image editing software, with a focus on human faces. Theypes of edits
available in this software are of a semantic nature, as demonstrated by th example
shown in Fig. 1-2. In contrast to low-level operations, these are high-level operations
with an adaptive spatial scale, which depends on the particular edit. This leads to
faster editing and makes the system more user-friendly, especlglfor novice users. In
the example shown in Fig.1-2, the user edits the input image by using a single slider
that controls the smoothness of the skin in the face. Previously, ugs would require
more technical skills and the use of general purpose tools on other profgenal editing
software like Photoshop® to be able to achieve good quality editing. In contrast,
Anthropics' software focuses on semantic editing with sliders to ontrol the magnitude

YImages courtesy of Bertalmio et al., 2000] and [Barron et al., 2015].
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Figure 1-2: Semantic image editing with PortraitPro ©, where the user adjusts a single
slider corresponding to the \skin smoothing" attribute to manipulat e the image?

of the e ect. In addition to the semantic edits, the software is able to generate photo-
realistic results at interactive speeds without restrictions on the resolution of the input
image. Furthermore, the identity of the subject in the picture is preserved after the edit,
i.e. modifying the image to an extent where the subject can no longer beecognised
is undesirable. Thus, these properties will be the guiding factas for the techniques
explored in this thesis.

Anthropics Technology Ltd. ¢ also develops editing tools for images containing human
bodies, PortraitPro Body ¢, and for outdoor landscape images, LandscapePrfo. The
approach of editing via intuitive, high level semantic controls is stared by all of these.
For example, PortraitPro Body ¢ includes tools to easily modify the shape of di erent
parts of the body, while LandscapePrd® contains methods for manipulating the ap-
pearance of the sky, as well as other semantic parts of the image. The keyad for each
piece of software is to employ domain speci ¢ knowledge in order to bable to imple-
ment the tools. For example, in PortraitPro ¢ the skin must be detected automatically,
as it is needed for a fully automated skin smoothing tool.

An important limitation in most of these tools is that even though the computer vision
part of the process is automated,e.g. the skin detection for PortraitPro ¢ or sky seg-
mentation in LandscapePro®, most of the computer graphics parts are not. In other
words, most of the transformations that are applied to the image are hand-degned.

2Image courtesy of Anthropics Technology Ltd. °
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This requires a signi cant amount of work for the implementation of new edits, as
these transformations are not trivial. A particular aspect that makes the design of
these transformations cumbersome is that they must guarantee that the esulting im-
age remains realistic and achieves the target edit. Moreover, carefulonsideration of
the edge cases is required, such as extreme face poses, as these signed edits
might not work as well in those settings.

In this thesis we explore ways to automate the creation of new semantiedits. The
approach that we follow is learning how to perform these transformationdrom data, as
this allows us to rely less on designing complex algorithms and more on gy labelled
data. Unfortunately, there are number of issues that make this task non-tivial:

(i) There is the curse ofdimensionality , images are high-dimensional mathematical
objects, where each pixel is a three-dimensional vector containinthe colour at
that location in the image. Doubling the resolution of an image, leads to a
quadratic increase in the number of pixels. Yet, the editing toolsmust operate
at the original image resolution.

(i) For most interesting image transformations data labelling is a process that is
costly, noisy and ambiguous. For example, if we were to design a machinedrning
method to replicate the work of experts in Photoshop®, we would normally need
a dataset of edited images, which is costly, as each expert would take agsii cant
amount of time to edit each image. The data would be noisy, as some of them
might make mistakes. Moreover, the results would be ambiguous, as evemhen
aiming to achieve the same e ect, each expert would edit the same imagm a
di erent manner.

(iii)y The problem is non-linear in pixel space, as these transformations are of seman-
tic nature. Therefore, learning them is by de nition a non-trivial task.

(iv) In order to learn these image transformations, a common approach is to mploy
a generative model that captures the distribution of natural images. Hovever,
this requires unreasonable amounts of data, model complexity and compational
resources. Approximations  in the model may induce a lack of representation
power, for example leading to the generation of blurry results.

In recent years, a number of academic methods have shown promise li@arning these
type of transformations from image data Brock et al., 2017, Zhu et al., 2016 Yan
et al., 2019, as shown in Fig. 1-3. These methods usually learn a low-dimensional
representation of the data, where semantic editing corresponds to mapulating this
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Figure 1-3: Example edits with neural photo editing [Brock et al., 2017. The model
operates on low dimensional representations of images. The reconstrieh is produced
by evaluating the low dimensional representation of the input image, ad generating
an image from it. A modi cation of this representation leads to an edited image. The
di erence between the input and the reconstruction is used to addsome of the image
content that was lost in the reconstruction step, producing the nal result.®

representation. Henceforth, we will use latent space to refer to tb space where the
low-dimensional representations of the images live. Generally, seantic editing requires

complex non-linear image manipulations, while manipulating the low-dmensional rep-

resentation is frequently a simpler operation. Moreover, if thereis a one-to-one mapping
between a semantic concept a speci ¢ dimension in the represeation, each dimension
can correspond to a semantic slider in PortraitPro® .

The aforementioned methods are based on deep learning, a machine leargiapproach
that employs neural networks, which will be discussed in more detil in Chapter 2. The
deep learning approach has not only become the standard in face editing, balso in
many other areas such as inpainting Yang et al., 2017, super-resolution Ledig et al.,
2017, semantic segmentation Luc et al., 201§ and depth estimation [Godard et al.,
2017.

In particular, the image editing techniques mentioned above use d&p generative mod-
els. For natural image data, these models seek to learn the distributin of natural
images given a set of example images, and in principle these example imagare not
labelled. We only consider the subset of generative models that asswarthat the data
is explained by a latent space. This is a typical approach in machine &rning methods,
that will be discussed in more detail in Section2.1.

A key factor is that these models learn (or impose) some distribution onthis low-
dimensional representation. This has two important consequences:rstly, the models
can be used to generate novel images by drawing samples from this diktution. Sec-
ondly, having some structure on the low-dimensional representatin usually induces

%Images courtesy of Brock et al., 2017].
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some form of smoothness on the space, which is required to have smootariations in
the image space when traversing the low-dimensional space. Thewe€, image editing
can be performed in these models by nding out the location of the imagen the latent
space, moving to a new location according to the desired edit, and pijecting back to
the image space.

Two deep generative models are particularly popular: Generative Advesarial networks

(GAN) [ Goodfellow et al., 2014 and Variational Autoencoders (VAE) [ Rezende et al.,
2014 Kingma and Welling, 2014). In relation to the editing techniques described above,
neural photo editing [Brock et al., 2017 and the work by Zhu et al. [Zhu et al., 2014

employ GAN networks, while Attr2Img [ Yan et al., 201§ uses a VAE.

Both, VAE and GAN will be explained in detail in Chapter 2. For now, we note
that GAN models are capable of generating realistic images, yet they lack aimference
method, i.e. they lack an encoder network to project an input image to the latent ace.
On the contrary, VAE models are known for generating blurry images. Howser, they
have e cient inference and sampling mechanisms and hence may be one suitable for
image editing. Despite this, we will come back to discussing GAN moels later in the
chapter.

1.1 Variational Autoencoders (VAE)

VAEs [Rezende et al., 2014Kingma and Welling, 2014] consist of an encoder network
that transforms from the image space to the latent spacei.e. it nds a low-dimensional
representation of an input image, and a decoder network, which does #hreverse pro-
cess,i.e. it generates an image given its low-dimensional representation. Thisnodel
has been used for a variety of applications, including predicting fture frames from
video data [Walker et al., 2016, object pose estimation Prokudin et al., 2018} and
semantic attribute editing on face images Yan et al., 201§.

During training the model performs an autoencoding task,i.e. it nds the low dimen-

sional representation of an image using the encoder network, and it recatructs the
image given this information using the decoder network. A probabilisic reconstruction
loss is used to evaluate how well the model is reconstructing thenput images. The
residual image, = X , gives the empirical error per pixel, and it is de ned as the
image di erence between the input,x, and the mean output, , of the decoder network.
The distribution of these residual images is modelled by the VAE as vaance in the
predicted values, where this variance indicates how con dent themodel is about the
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VAE

-

Figure 1-4: Samples from a VAE Rezende et al., 2014Kingma and Welling, 2014 and
from the model presented in Chapter3. VAEs use a forward model for the data where
x = + , which correspond to a mean, , and a residual, . It can be seen how a
VAE generates noisy imagesx, with blurry means, . Our model generates images,
X, with structured residuals, , that contain plausible high-frequency content.

Ours

predicted pixel values. In other words, the images are modelled as a@an component
and a residual component,x = + , as shown in Fig.1-4. The estimated residual
component should be similar to the real residual. The images shown inhie gure are
samples from the model, not reconstructions, thus, the real residal is unknown.

It is common practice to model the residual distribution of each pixd value as being
i.i.d. (independently and identically distributed), which i s a simplifying approximation
of the type discussed in item(iv) . In practice, the model is often uncertain about its
predictions for most data types, including images. High uncertainty results in high
levels of noise when sampling from the i.i.d. distribution, whichin turn produces
unrealistic images, as shown in Fig.1-4. For this reason, researchers tend to only
show the mean component l[arsen et al., 2016 Yan et al., 2014, rather than a true
sample from the model, which would include . Unfortunately, this severely limits the
applicability of the model for editing, as the output images are either durry or noisy.

Hypothesis

We postulate that the real residuals in VAE models are highly structured, i.e. that
they are not independently and identically distributed, and re e ct limitations in model
capacity. Additionally, we posit that these structured residual distributions can be
tractably learned by the model.
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Proposed solution

We therefore propose to model the residual distribution using a Gassian model with
dense covariance matrices to capture the pixel-wise correlationsThis follows a similar
line of work as previous methods that employ more complex shapes for thdata dis-
tribution in VAEs [ Larsen et al., 2016 Gulrajani et al., 2017b, Hou et al., 2017. Our
method allows the VAE model to generate images that contain realistic hgh-frequency
details, as shown in Fig.1-4. In practice, this approach helps to reduce the errors due
to item (iv), as the approximation assumptions are relaxed. This is not an easy task, as
it implies that the model must estimate a full covariance matrix from a single sample.
Our tractable method to predict structured uncertainty is disc ussed in Chapter3.

1.2 Generative Adversarial Networks (GAN)

During the development of the aforementioned method, relevant extnsions to GAN [Good-
fellow et al., 2014 models were being concurrently proposed. These models have-be
come increasingly relevant in computer vision tasks, including supr-resolution [Ledig
etal., 2017, image inpainting [Yang et al., 2017, face editing [Portenier et al., 2018 Shu

et al., 2017 Geng et al., 201§ and semantic segmentation l[fuc et al., 2014.

GANs also contain a decoder network, which is known as a generator netwoykhat
transforms a low-dimensional vector into an image. However, instead ofraining by
performing reconstructions, GAN models employ an alternative approab. An auxiliary
discriminator network is concurrently trained to evaluate if an image comes from the
real data distribution, or if it was produced by the generator. Meanwhile, the generator
tries to fool the discriminator into classifying its images as belongng to the real data
distribution.

Contrary to VAEs, GAN models are able to produce images with realistic high-frequency
details. However, GANs doe not provide any inference method to rea@r the cor-
responding low-dimensional representation of an input image. A numbie of meth-
ods [Odena et al., 2017 Dumoulin et al., 2017, Donahue et al., 2017 Huang et al.,
2019 have been explored to address this issue, which will be discsisd in Section2.5.3
However, a reconstruction from one of these GAN-based methods, despittontaining
high frequency details and being realistic, will rarely correspondto the input image,
limiting their direct use as an image editing method.

Regardless of this limitation, state-of-the-art methods now commonlyuse adversarial
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StarGAN [ Choi et al., 2018] FaceShop [Portenier et al., 2018 ] Contour2im [ Dekel et al., 2018]

Blond Input Sketch Edited Input Edited Edited
. contours

Input

Figure 1-5: Example edits with several state of the art methods that useadversarial
losses. StarGAN (Choi et al.,, 201§ takes an input image and generates an edited
result based on a binary attribute; in this example the attribute in dicates the presence
of \blond hair". FaceShop [Portenier et al., 201§ edits the image by inpainting a region
and using a sketch as guidance; in this example changing the shape of tmmse and
unoccluding the eye. Contour2im Dekel et al., 201§ edits the image by manipulating
a set of contours; in this case the green contours have been moved andaka

losses to ensure that the generated images are realisti€loi et al., 2018 Portenier
et al., 2018 Dekel et al., 201§, as shown in Fig.1-5. For example, StarGAN [Choi
et al., 2019 edits an image by changing binary semantic attribute labels, such as bind
hair to brunette hair. FaceShop [Portenier et al., 201§ allows editing by drawing rough
sketches, and Contour2im Dekel et al., 2018 by scaling, translating or copying a set
of image contours. Hence, these models o er a wide variety of high levelontrols
to perform the editing operations. More importantly, they o er means t o learn the
image transformations from data, which ts with our objective of developing automated
transformations for the semantic sliders. Of relevance to our objectie of learning image
transformations from data are image-to-image translation methods [gola et al., 2017,
and in particular extensions of the base model such as Cycle-GANzZhu et al., 2017
and the aforementioned StarGAN model.

Cycle-GAN and StarGAN

Cycle-GAN [Zhu et al., 2017 demonstrated that image editing operations can be
learned from unpaired data. In the example shown in Fig.1-6, Cycle-GAN learns
a horses to zebras transformation without paired data,i.e. without a real example of
how the horse in \Input A" would look if it were a zebra, and vice versa with zebras
to horses. A Cycle-GAN method cannot be used to sample novel imagesewverthe-
less, it overcomes the aforementioned encoding issues typical ofABl-based methods.
Therefore, this is no longer a generative model, but a discriminatie one, where the
input data are the original images, and the labels are the ground truth edied images.

“lmages courtesy of [Choi et al., 2018], Portenier [Portenier et al., 2018] and [Dekel et al., 2018).
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Input A

Figure 1-6: Example edits with Cycle-GAN [Zhu et al., 2017. The model learns how
to translate between domains A and B. In this case, domain A correspondsctimages
of horses, and domain B to images of zebras. The model is trained without peed
data, i.e. a ground truth images for the A! B and the B! A transformations are
not required.®

However, as previously stated, ground truth edited images are not actuayl needed for
training this model. Moreover, being able to learn transformations wthout paired data
is useful, as collecting paired data is generally a costly process, discussed in item(ii) .

This approach ts better with our objective of learning automated transf ormations for
semantic sliders. However, Cycle-GAN models, and extensions du@as StarGAN [Choi
et al., 2019, have a number of limitations. Firstly, these methods can only opeate at
the same (or similar) resolution as the training data. Due to the data dimensionality
limitations discussed in item (i), the resolution of the training images is usually low,
which is problematic. An example is shown in Fig. 1-7, where the model learned
how to transform a face with a neutral expression to a face with a sad gxession, as
well as the opposite transformation, which is not shown. The model prduces good
guality edits for images at the same resolution as the training data, yet, 1 fails when the
resolution is increased. An obvious alternative is to downsample theniput image to the
training data resolution. However, this would entail a signi cant loss of high frequency
detail when upsampling back to the original resolution, as observed by @amparing the
StarGAN result at low resolution to the high resolution result of the method that
will be outlined below. This is a limitation that is also shared by most deep learning
methods. A second limitation is that due to the lack of paired data, thee models tend
to inadvertently edit parts of the image that should have remained xed. For example,
in Fig. 1-5, StarGAN not only makes the hair blonde but the skin lighter. Intuitiv ely,
this can be understood by noticing that blond haired people frequetly have lighter
skin tones, and the model is unable to decorrelate both characteristis during training.

SImages courtesy of Zhu et al., 2017].
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Input Sad Input Sad

StarGAN

Ours
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Figure 1-7: Image editing with a StarGAN [Choi et al., 201§ model and with the model
presented in Chapter4. Both models attempt to transform the neutral expression into
a sad expression, and they are trained with images with a resolution of 128 128.
StarGAN fails when the resolution of the input image di ers signi cantl y (540 540)
from the training data. Our model successfully transfers the editat all resolutions.
(Zoom in for details)

Hypothesis

We postulate that a restricted set of semantic image transformations can b tractably
learned from unpaired data in an image-to-image translation model, such ast&GAN,
and used for editing at arbitrary resolutions.

Proposed solution

Inspired by previous methods learning from paired data Yeh et al., 2016 Geng et al.,
2018 Ganin et al., 2014, we propose to learn warp elds (geometric deformations) for
semantic image editing in a StarGAN model, as show in Fig.1-7. By being able to
operate at arbitrary resolutions this model addresses iten(i) in the restricted case of
edits that only require geometric deformations. This approach also help in reducing
the amount of content that is edited in the image that should have remain& xed, as it
is restricted to only model geometric deformations of the input image.Moreover, as the
method is an extension of Cycle-GAN methods, it retains the abilityto be trained with
unpaired data. Our warping-based image-to-image translation method is preented in
Chapter 4.
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1.3 Evaluation

An important question is how to evaluate the performance of the di erent models
presented in this thesis. Traditionally, in image editing applications a simple metric to
measure the performance is whether the model produced the targetdéed image. For
most edits this is very hard to evaluate quantitatively without resorting to user studies
as there are ambiguities for many types of edits, such as smiling, evenitl paired data.

Instead, the performance of the models on image editing will be measead under these
three aims

1. Did the method achieve the target edit?
2. Is the edited image realistic?

3. Is the method computationally e cient?
4, How complex is the method?

Ideally a representative set of users would be used to evaluate therst two by employ-

ing user studies, where the edited images from the di erent metbbds are compared.
Unfortunately, this is too expensive to be continuously used whi¢ developing the mod-
els. Therefore, automatic approximations to these metrics must be sed in all other
cases. For the rst, if labelled data is available, a classi er can be tained and used
to estimate the presence of a target edit, where the classi er willbe a deep neural
network. Evaluating image realism is a more complex task, as realism is aubjective

metric, as it relies in its core on human perception. However, for huran faces, part of
what makes an edit realistic is whether the subject identity is preserved after the edit.
Such identity scores are commonly used in face re-identi cation task [Schro et al.,

2014, where a trained model outputs a score for any given pair of original and etkd

images. Finally, we would prefer methods that are simple and e cient, rather than

employing models that are ine cient or complicated.

In summary, the following metrics will be reported for image editing methods
1. Quantitative metrics:

(a) the presence of the target attribute is evaluated both automatically with a
classi cation network, and ground truth values are reported by carrying out
user studies,

(b) user studies are carried out to asses the perceptual realism of ¢hgenerated
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images,

i. an identity score is reported to asses if the subject identity § preserved
on the manipulated image, which is measured by a face re-identi cation
network,

(c) the number of oating point operations required to edit an image is reported
as a measure of model e ciency,

(d) the number of learnable parameters is reported as an indicator of mode
complexity,

2. Qualitative metrics:

(a) example edited produced by the models are shown for qualitativeevalua-
tions.

We are also interested in evaluating purely unsupervised deep gerative models, such
as VAEs, as they may be used for image editing. In a Bayesian framework, nael eval-
uation follows Occam's principle, the simplest model that explairs the data is prefer-
able MacKay, 1992. This implies modelling the distribution of the model parameters,
as the model evidence is measured by marginalising over the diskriitions of model
parameters and the data distribution. Unfortunately, for most deep leaming methods
evaluating the distribution over the model parameters given a dataseis not tractable.
Approximations which reduce the computational burden exist, such asthe Bayesian
information criteria [ Schwarz, 1978 and minimum description length approaches Ris-
sanen, 1978 Unfortunately, for implicit likelihood methods such as GAN [ Goodfellow
et al., 2014, even computing the likelihood on test data is intractable. Thus a combina-
tion of alternative tractable metrics is used to evaluate the generative models developed
in this thesis:

1. Quantitative metrics:

(a) when possible the likelihood on a test set is reported, where higher likeli-
hood is usually indicative of the model better capturing the unknown real
data distribution,

(b) the number of learnable parameters is reported as an indicator of mode
complexity,

2. Qualitative metrics:
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(a) samples are drawn for generative models, and these are shown for gitative
evaluations,

(b) latent space interpolations are shown for latent generative modelsin order
to evaluate the quality of the latent space.

Despite the fact that these metrics are standard evaluation tools in the computer vision
research community Rezende et al., 2014Kingma and Welling, 2014, Burda et al.,
2016 Kingma et al., 2016, Goodfellow et al., 2014 Radford et al., 2016 Oord et al.,
2014, it is known that they have several aws. For example, test likelihoods are a
popular metric for the evaluation of deep generative models. However,tihas been
shown [Theis et al., 2014 that test likelihoods and the quality of the samples from
the model are largely independent of each other for high dimensional datasuch as
images. Moreover, the test likelihood for most deep learning modeldoes not take into
account the complexity of the model. Measuring the quality of a latentspace is also an
open problem. For most deep generative models the quality of the images gerated
when traversing the latent space is de ned subjectively as a peareptual metric, as
ground truth data only exists for trivial cases and synthetic scenarios[Lucic et al.,
2018 Higgins et al., 2017. In conclusion, the evaluation of deep generative models is
still an open area of research.

1.4 Publications

The work in this thesis has been presented in the following confence papers:

Dorta, G., Vicente, S., Agapito, L., Campbell, N. D. F., and Simpson, |. (2018b).
Structured uncertainty prediction networks. In The IEEE Conference on Computer
Vision and Pattern Recognition (CVPR)

Dorta, G., Vicente, S., Campbell, N. D. F., and Simpson, J. A. |. (2020). The GAN
that warped: Semantic attribute editing with unpaired data. In The IEEE Conference
on Computer Vision and Pattern Recognition (CVPR)

patent (under review):

Dorta, G., Campbell, N. D. F., and Simpson, I. (2018a). Method of modifying digital
images. UK Patent, Application Number 1818759.1
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and technical report:

Dorta, G., Vicente, S., Agapito, L., Campbell, N. D. F., and Simpson, 1. (2018c) Train-
ing VAEs under structured residuals. arXiv preprint:1804.01050

1.5 Thesis outline

Chapter 2 describes deep generative models and relevant previous work on image
editing for faces. Both VAE [Rezende et al., 2014Kingma and Welling, 2014 and
GAN [Goodfellow et al., 2014 models are described in detail, including limitations and
several extensions to both models.

Chapter 3 explores a tractable method to predict structured uncertainty. Previous
work on uncertainty prediction is discussed. Applications of the pralicted uncertainty
distribution are shown, including editing by navigating the late nt space and denoising.

Chapter 4 describes an image-to-image translation editing technique based on geo-
metric deformations (warping) of the input image. Existing methods for using deep
learning techniques at high image resolutions are discussed. Semantimage editing
results at arbitrary resolutions are shown, including partial edits.

Chapter 5summarises the ideas presented in the thesis, draws conclusioasd presents
potential future work.
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Chapter 2

Background

In the previous chapter the advantages of learning image transformations &m data
were stated in the context of developing semantic tools for image editig. Two latent
variable deep generative models were introduced as particularly tevant for the task:
Variational Autoencoders (VAE) [ Rezende et al., 2014 Kingma and Welling, 2014
and Generative Adversarial Networks (GAN) [Goodfellow et al., 2014. Additionally,
Cycle-GAN [Zhu et al., 2014, a regression method that builds upon the GAN model
was also discussed.

In this chapter we discuss machine learning and the deep learning gpoach to machine
learning as prerequisites to understand the VAE, GAN and Cycle-GAN nodels. In
order to put in context VAEs and GANSs, the whole family of deep generative nodels
is discussed. This highlights the advantages and disadvantages of both mel$, and
why those are particularly interesting for our purposes. We proceedy discussing the
VAE model in detail, including several limitations, and a number of extensions that
attempt to address them. This is followed by a similar discussion othe GAN model,
and of image-to-image translation methods, which reviews the Cycle-GANnodel and
several extensions. Finally, a brief history of image editing modd is provided, with
a particular focus on methods that address face editing. Most of the moern image
editing approaches employ the aforementioned deep learning techmiles, where GAN-
based methods are particularly popular.

In summary, an introduction to machine learning is provided in Sedion 2.1, followed
by a general introduction to deep learning in Section2.2. Generative models, within
the context of deep learning, are discussed in Sectioh.3. Two relevant deep generative
methods, VAE and GAN, are described in section®2.4 and 2.5, respectively. Image-to-
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image translation methods are examined in Sectior?.6. Finally, a description of face
editing methods is provided in Section2.7.

2.1 Machine learning

Most state of the art methods for image editing, including the ones disussed in the
previous chapter, are based omachine learning techniques. Machine learning methods
de ne a model to explain the data of interest. Additionally, the model is used to make
predictions about new data, where this process is commonly known asference. A set
of parameters are used to de ne the model, where generally speaking models wittmore
parameters will be able to explain more complex processes, while rdels with fewer
will be more limited. However, models with too many parameters are omputationally
more expensive to evaluate and they might over t to the training data, i.e. they might
be highly predictive on the data they were trained with, yet fail to generalise on novel
data. The process of nding the best set of parameters for some given dats denoted
as learning.

An alternative to machine learning approaches are physics-based metks. These tech-
niques are useful if the equations governing the system are known drcan be simulated
e ciently. One of the reasons why machine learning approaches for image mderstand-
ing are prevalent, is that the underlying physics governing the mage formation process
are complex. A main cause of complexity is due to intrinsic ambiguities in this pro-
cess. Examples of this include occlusions, which might hide imptant information,
and colour ambiguities, e.g. the apparent color of an object might be due to white light
shone on a coloured object, or due to coloured light shone on a white objecMachine
learning approaches allow learning useful models that are assumed tonplicitly ap-
proximate this process from data, without the need to explicitly know and encode in
the model the physical equations.

Machine learning methods have been traditionally divided in two dstinct groups: su-
pervised methods andunsupervisedmethods. The former assumes that for each image
we have a correspondindabel that represents the information that we are interested
in learning. For example, we might be given a dataset of images of faces and ldbén-
dicating the head orientation. Unsupervisedmethods on the other hand are concerned
with learning the data generator process and/or uncover trends and otheinteresting
underlying characteristics given only a collection of images.

Formally these ideas can be expressed in terms of probabilities. Inhe supervised
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case, we have a set of observation$x; gjjzl, with their corresponding labels, f ¢; gjjzl,
where each item is assumed to be an independent sample from a digiution p(cj ;X),
where denotes the learnable model parameters. For the unsupervised cadbge label
information is not available, and the goal is to modelp(xj ). Learning usually consists
of nding the model parameters that maximise the probability of the observed data.

Additionally, models can be also be described as eithediscriminative or generative
The former are concerned with directly modelling the distribution of the labels given
the images, p(cj ;x). The latter aim to learn the distribution of images given the
labels, p(xj ;c), and it employs Bayes' rule to infer the labels distribution given the
observations,

_ pPXj ;c)p(c)
B IQp(Xj ;c)p(c)dc’ (2.1)

where p(c) is a prior distribution over the labels. In the supervised casethe task will

p(cj ;X)

be to learn the model parameters, , given the datax and c. Unsupervised models are
usually only applied to generative settings, where must be found given onlyx.

Models can be augmented byatent variables z, which are usually employed to account
for underlying characteristics in the data that are unobserved. Fornally, the data is
conditioned on z, and these latent variables must be marginalised out when evaluating
the data distribution Z

p(xj )= p(xj ;2)p(z)dz: (2.2)

A common instance in unsupervised generative settings is to assuméadt the data can
be indexed by a parameter from an unknown latent spacez. Formally, this would
correspond to

p(xjz; )= f(z; ) (2.3)

where f is a function with learnable parameters . The latent parameters, z, could
correspond to the physical parameters that actually produced the dataand the model
is expected to learn them in order to be able to model the data well. For example,
we might be given a dataset of images of faces from which we wish to learn a &it
variable that would correspond to head orientation.

Generative models are of interest for image editing. In particular, formodels with
latent variables, new data, x , can be sampled given an edited set of latentsz . The
latent variables, z, can be inferred, p(zj ;x), from a given input image, x, and then
a particular parameter in the latents can be altered to constructz . With the edited
latents, a new image can be sampled from the learned distributionp(x j ;z ), such
that it contains the desired changes. For example, ifx models face images, some
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parameters inz might control the head pose and orientation. We might change those
values, and sample a new image with the desired head pose and orientatiom practice,
the learned latents can rarely be used directly for editing. A common akrnative is to
use target labels,c , containing the parameters that we are interested in editing. The
values in the target labels would be dierent from the original image labek, ¢, and
edited images may be sampled fronp(x j ;z;c ).

Generative models with latent variables also come with a set of disacntages. In-
ference, i.e. evaluating the posterior distribution, p(zj ;x), can be computationally
challenging, as it requires employing Bayes' rule to evaluate it gien p(xj ;z), formally,

p(x;2j ) _ pP(Xj ;2)p(2) . (2.4)

Pl )= Tndy ik 2)p(2)dz

where p(z) is a prior distribution over the latent variables.

Image editing can also be approached with discriminative models as a geession prob-
lem. In this case,f x; cg re ects a pair of images, where in each pair we have the image
before the editing operation, x, and another after editing, c. We would be interested
in learning the distribution of edited images given the original images,p(cj ;x). The
main issue with this method commonly lies in collecting the pairs ofimages needed to
train the model. For example, if a model is required to approximatea complex editing
operation performed by experts on a particular software, the experts a& required to
edit a large number of images in order to build a training dataset. This pocess can
easily become too costly to be practical.

2.2 Deep learning

In the last few years, machine learning approaches, which make use of e neural
networks (DNN), have become the standard in most computer vision tasksjnclud-
ing inpainting [Yang et al., 2017, super-resolution Ledig et al., 2017 and face edit-
ing [Portenier et al., 2018. Deep networks are a set of non-linear models that are
exible and powerful and, which have been shown to be universalunction approxima-
tors [Hornik et al., 1989, Cybenko, 1989. Networks are composed of interconnected
layers, where each layer applies a non-linear transformation to itsriput. An in depth
discussion of deep learning methods can be found ispodfellow et al., 201§. As most
of the models of interest for our purposes are generative with latent vaables, we de ne
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deep networks as

fn( f2(fa(fo(2))) ) (2.5)
fi(yi) = g(Aiyi + bi); (2.6)

X

where z are the latent inputs, x are vectorised imagesy; is the input of the f; layer,
g is a prede ned non-linear transformation, such as a sigmoid or a ReLUNair and
Hinton, 2010], A; and b; are the layer learnable parameters, a weight matrix and bias
vector, respectively. Thus, = fAg;A1; iAnibo;byq; ;bng is used to denote the
entire set of learnable parameters in the DNN.

For image data, convolutional neural networks LeCun et al., 1999 are the de facto

standard. They employ 2D convolutions, which are equivalent to imposig a local

neighbourhood sparsity pattern on A;, for vectorised input images,y;. The convo-

lution operation is also location invariant, which signi cantly reduce s the number of

parameters that are learned inA; and bj. Non-linear downsampling techniques, such as
max-pooling [Ranzato et al., 2007, are also a popular tool to reduce the dimensionality
of Aj.

There are a number of approaches for learning the parameters,. The simplest one is
maximum likelihood, which nds for each parameter a point estimate under which the
data is most likely. For a generative model this is de ned as

2 3

Y
"=zargmax4  p(x;j )9; (2.7)
j2D

where D = fx; ng:1 is the dataset and” are the most likely parameters.

The use of large datasets and complex distributions leads to intractabléntegrals when
employing more complex methods fleal, 2013 for learning the parameters, . More-
over, for complex models it can be signi cantly challenging to add an iffiormative prior
on the model parameters, as the parameters do not have any intuitive iterpretation.
Therefore, in most commonly used state of the art deep learning methogla maximum
likelihood approach is used. For a random initialisation of the parametes, Stochastic
Gradient Descent (SGD) methods are used to nd a local maximum soltion. The
required gradients can be automatically obtained via automatic di erentiation pack-
ages Pbadi et al.,, 2015. Popular SGD methods for deep learning models include
Adam [Kingma and Ba, 2019 and RMSprop [Tieleman and Hinton, 2017.
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Explicit density Implicit density
Tractable density Approximate density Markov Chain Direct
- MADE / \ - GSN - GAN
- PixelCNN - GMMN
- RealNVP . .
Variational Markov Chain
- IAF
- VAE - Boltzmann machine

Figure 2-1: Overview of deep generative learning models, which emp} maximum

likelihood optimisation for estimating their parameters. Explicit methods directly op-

timise the likelihood by using likelihoods with tractable densities, or employing ap-
proximations. Implicit ones optimise the likelihood via sampling, where the samples
are obtained with Markov Chain methods, or directly by the model.*

As discussed in the previous chapter, deep generative methods areprticular interest
for learning image transformations from data. Therefore, we turn our attention in the
next section to generative models, and in particular to those suitabé for deep learning.

2.3 Deep generative models

In this section several deep generative models are discussed, lumting VAEs and GANSs,
as this serves to place these two models within the wider contexbf deep generative
models. In Section2.1 generative models were de ned as characterising the data distri-
bution p(xj ), potentially conditioned on a latent variable p(xjz; ). Deep generative
models seek to learn this distribution, where the model parametes, , correspond to
that of a deep neural network.

These models can be classi ed regarding the form of their likelihod distribution, p(xj )
or p(xjz; ), as shown in Fig. 2-1. These divisions arise due to the fact that for many
methods, directly optimising the likelihood is not tractable. On the one hand, there
are methods that de ne an explicit distribution for the likelihood, which can be in the
form of an intractable integral. On the other, there are methods which rave animplicit
likelihood distribution, which only allows to take samples from the distribution. For all

! Diagram adapted from [ Goodfellow, 2016
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the methods, a point estimate of the model parameters, , is evaluated, as discussed
above. However, for the methods that rely on latent variables,z, these parameters are
treated di erently from other model parameters, , as the latent variables are modelled
with approximate/tractable distributions.

Explicit density

Examples of explicit methods include providing bounds to the Ikelihood via variational
(VAE) [ Kingma and Welling, 2014, Rezende et al., 201for Markov chain approxima-
tions [Smolensky, 198 Another line of work includes methods that have a tractable
but complex density. Either by employing autoregressive distrbutions [Oord et al.,
2014, stacking change of variable transformations with triangular Jacobians (Germain
et al., 2015 Dinh et al., 2017] or both [Kingma et al., 201§.

Tractable density methods employing autoregressive distributons are computationally
costly [Oord et al., 2014, as they require evaluating the full model independently for
each pixel. Tractable methods that employ change of variable transformabns [Germain

et al., 2015 Dinh et al.,, 2017] present a better approach, as they do not have this
constraint. However, they usually require composing a large number afansformations

to be able to match the complex densities of real data distributions Kingma and

Dhariwal, 2018]. Moreover, as they are restricted by construction to be invertide

functions, they learn latent spaces that have the same dimensionaljt as the input

images. In the previous chapter, we established a preference for mels in which

manipulating a single dimension in the latent space corresponds to mapulating a

semantic concept in the image. Hence, these models are not suited fanage editing

applications, as in general, a dimension in their latent space will not dtectly correspond

to a semantic attribute.

The performance of approximate methods is heavily tied to the qually of the approx-
imation that is employed. Markov chain methods [Smolensky, 1988 struggle to scale
beyond modest resolutions GGoodfellow, 2016. To aggravate matters further, there is
no trivial way to evaluate when the chain has converged to a sample fromhe model.
Thus, samples from this model are either computationally costly, or based. Variational
methods Kingma and Welling, 2014 fare better, as they provide e cient mechanisms
for learning and inference. However, they are known to struggle to gesrate high-
frequency content for image data.
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Implicit density

On the other hand, implicit density methods provide means to optimise the distri-

bution via samples. Popular implicit likelihood methods include kernelised moment
matching [Li et al., 2015, Dziugaite et al., 2013 and approximating the ratio of the

data density versus the modelled density, with an auxiliary network (GAN) [ Goodfel-
low et al., 2014. Another approach relies on running a Markov chain to be able to
sample from the model Bengio et al., 2014.

A signi cant limitation of moment matching techniques is that they re quire choosing
an appropriate kernel, large batch sizes and empirically have shown farior perfor-
mance over density ratio methods Li et al.,, 2017g. Markov chain implicit density

methods share similar limitations as the aforementioned markov chain xplicit den-

sity approaches. Ratio estimation approaches are the best performing iplicit density

methods, and have been shown to generate photo-realistic images. Hoveg, they are
known to have unstable training behaviour, and to only model a (smal) subset of the
training data distribution [ Radford et al., 2016 Arjovsky and Bottou, 2017].

Given the aforementioned considerations, in the following sectionsve will discuss in
more detail Variational Autoencoders (VAE) [Kingma and Welling, 2014, as the rep-
resentative for the explicit likelihood methods, and Generative Adversarial Networks
(GAN) [ Goodfellow et al., 2014, as the most relevant of the implicit likelihood methods.
Both methods have in common the use of a latent space that has lower dinmsional-
ity than the input, thus the latent space is potentially more meaningful than in the

alternative methods. For a more gentle introduction to both models,we refer the read-
ers to Doersch Poersch, 201% and Goodfellow [Goodfellow, 201§, for VAE and GAN

respectively.

2.4 Variational Autoencoders (VAE)

In this section we provide a more detailed description of the Variatonal Autoencoder
(VAE) [ Rezende et al.,, 2014 Kingma and Welling, 2014 model and several of its
extensions.

A VAE is a latent variable model, which learns the probability distri bution, p(xjz; ), of
the input data, x, conditioned on a low-dimensional representationg, in a latent space.
The likelihood of the input data, p(xjz; ), is modelled by a decoder, which outputs
the parameters of this distribution. The posterior probability dist ribution, p(zjx; ),
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is intractable. Instead, an encoder is used for inference to prodie an approximation to
this distribution, by employing a tractable variational approach, g(zjx; ) p(zjx; ).
In practice, neural networks parametrised by and are used to model the distribu-
tions. To simplify notation, subscripts will be used to denote mocel parameters, where

p(xjz)= p(xjz; )and q (zjx)= a(zj