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ABSTRACT

Deep learning has been widely used in real-life applications during the last few

decades, such as face recognition, machine translation, object detection and clas-

sification. Representation learning is an important part of deep learning, which

can simply be understood as a method for dimension reduction. However, the

representation learned by the task-specific model is hard to be applied to other

tasks without parameter tuning, since it discards irrelevant information from the

input. While for generative models, the model can learn a joint distribution over

all variables and the latent space can almost maintain the whole information of the

dataset rather than task-specific information. But the vanilla generative models

can only learn an entangled representation which cannot be used efficiently. Thus,

a factorised representation is needed in most cases. Focus more on images, this

thesis proposes new methods to learn a factorised representation.

This thesis starts by figuring out the quality of the representation learned by

the backbone model Variational Autoencoder (VAE) visually. The proposed tool

alleviates the blurriness of the vanilla VAE by introducing a discriminator. Then

the potential of the VAE on transfer learning is explored. Collecting data is expen-

sive, especially with labels. Transfer learning is one way to solve this issue. The

results show a strong ability of the VAE on generalisation, which means the VAE

can produce reasonable results even without parameter tuning. For factorised rep-

resentation learning, this thesis follows a rule from a shallow level to a deep level.

We propose a VAE-based model that can learn a latent space that factorises the

foreground and the background of images, while the foreground in the experiments

is defined as the objects inside the given bounding box labels. This factorised la-

tent space allows the model to do conditional generation. The results can achieve

a state-of-the-art Fréchet inception distance (FID) score. Then we investigate the

unsupervised object-centric representation learning, which can be seen as a deeper

level of the foreground representation. By observing that the object area tends to

contain more information than the background in a multi-object scene, the model

is designed to discover objects according to this difference. A better result can be

obtained on the downstream task with the learned representation when compared

to other related models.
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Chapter 1

Introduction

Deep learning is a fast-moving sub-�eld of machine learning that has been applied

to many real problems such as classi�cation(Krizhevsky et al., 2012), image seg-

mentation(Girshick et al., 2014), image generation(Kingma and Welling, 2013),

visual question answering(Antol et al., 2015) and representation learning(Bengio

et al., 2013). Our work focus on image generation and representation learning.

Image generation can be used to create new plausible samples on demand, it asks

models to learn a joint probability distribution from the dataset and then gen-

erate entirely new images from random latent codes which are sampled from the

distribution. The generated images can be helpful for the downstream tasks such

as classi�cation. There are several di�erent types of methods for this task: the

latent variable model such as the Variational Autoencoder (VAE) (Kingma and

Welling, 2013; Rezende et al., 2014), the adversarial model such as the Genera-

tive Adversarial Network (GAN) (Goodfellow et al., 2014) and the autoregressive

model such as PixelRNN(Van Oord et al., 2016). Our work is mainly based on

VAEs and GANs, thus, we introduce the vanilla VAE and GAN in this chapter.

For most of the deep learning methods, the performance highly depends on the

data representation. Thus, we need to understand what kind of representation is

good. So We introduce common priors for representation learning in this chapter.

We mainly use VAEs as the backbone in the representation learning problem. At

the end of the chapter, we summarize our motivations and contributions.

1



2 Chapter 1 Introduction

1.1 Variational Autoencoders

The intractability of posterior distributions is a notorious problem. It is hard to

train a probabilistic model that can perform e�cient inference with an intractable

posterior distribution, especially in the deep learning �eld, the dataset is large

in both dimension and amount. However, the VAE is a variational inference

algorithm that can mitigate the intractability e�ciently with approximate latent

variables. Kingma and Welling (2013) proposed to use a neural network to model

the posterior probability and maximize the evidence lower bound (ELBO).

Let x be a set of input variables,x̂ a set of the reconstruction of thex and z

a set of latent variables ofx . In the generative model, we want to maximize the

marginal likelihood.

p� (x ) =
Z

p� (z) p�
�
x jz

�
dz:

where � are the parameters of the network. However, the posterior probability

p�
�
x jz

�
= p�

�
z jx

�
p� (z)=p� (x ) is intractable in this setting. It is hard to com-

pute the posterior probability with �nite computational power. Thus, the VAE

introduces an inference model to infer the distributionq�
�
z jx

�
with parameters�

rather than compute the p�
�
z jx

�
directly. To be simpli�ed, we useEz to denote

Ez� q� (z jx ) ,

logp� (x ) = Ez

�
log

p� (x ; z)
p� (z jx )

�

= Ez

"

log
p(z)p� (x jz)q� (z jx )

p� (z jx )q� (z jx )

#

= Ez
�
logp� (x jz)

�
� Ez

�
log

q� (z jx )
p(z)

�
+ Ez

�
log

q� (z jx )
p� (z jx )

�

= Ez
�
logp� (x jz)

�
� DKL

�
q� (z jx )jjp(z)

�
+ DKL (q� (z jx )jjp� (z jx )) :

(1.1)

The third term in the right hand side (RHS) is a Kullback-Leibler divergence which

is non-negative. Thus, maximizing the �rst two terms in the RHS which is called

the evidence lower bound (ELBO), is equivalent to maximizing the left hand side

(LHS). The ELBO is a lower bound on the log-likelihood of the dataset, then we

obtain the following inequality:

logp� (x ) � Ez
�
logp� (x jz)

�
� DKL

�
q� (z jx )jjp(z)

�
= L (�; � ; x ) (1.2)
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The ELBO L (�; � ; x ) is the objective function of the VAE. The �rst term in the

RHS of inequality 1.2 is what we called reconstruction error and the second term is

the KL term. However, we cannot backpropagate gradients through the variablesz

sincez is directly sampled fromq�
�
z jx

�
. It can be solved by applying a change of

variablesz, which is called the reparameterization trick. It proposes to add a noise

variable from standard Gaussian distribution (or other distribution) to obtain a

di�erentiable sample. To be detailed, we use a neural network to inference the

mean and variance of the input data, which is� and � 2 in the following sections.

The original z � q�
�
z jx

�
= N (� ; � 2) is di�cult to estimate the gradient through

Monte Carlo. Thus, we reparameterize thez asz = � + � � � , where� is a noise

variable � � N (0; I ), � is the element-wise product. This makesz di�erentiable

with respect to � . Once the model is trained by optimizing theL (�; � ; x ), a latent

space representationz of x can be obtained from the inference model.

Currently, the VAE is an important backbone model for image generation and

representation learning. And the VAE tends to be a basic module in sophisticated

model. The reparameterization trick that has been proposed in VAE is also widely

used even when the arichtecture of VAE is not been adapted.

Higgins et al. (2017a) illustrate the relation between the two terms in the ELBO

and modi�ed the objective function of the VAE as equation 1.3, which is called a

� -VAE, :

L = Ez
�
logp� (x jz)

�
� �D KL

�
q� (z jx )jjp(z)

�
: (1.3)

A higher � (� > 1) puts extra constraints to the capacity of latent variablesz

since the second term in equation 1.3 forces the posteriorq�
�
z jx

�
to match the

unit Gaussian priorp(z). Thus, the choice of� brings a trade-o� between the dis-

entanglement and high-�delity of reconstructions. This is due to the information

loss since the capacity of latent bottleneck is restricted.

During our research, we found in the most implementations of VAE papers

they use MSE error or chose a constant variance as the �rst term in the ELBO.

In the original paper this was achieved by the decoder outputting a probability

distribution akin to what happens in the latent space. More often it is assumed

that the pixel errors are normally distributed with some variance� 2. Thus the

log-probability of generating all the images is

X

x 2X

Ez [logp� (x jz)] =
NX

i =1

log (N (x jx̂ ; � 2)) = �
P N

i =1 (x i � x̂ i )2

2� 2
�

N
2

log(2�� 2)
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whereX is the dataset and the sum is over all predicted pixels|i.e. the number

of pixels in an image times the number of colour channels times the number of

examples (or, more usually, the mini-batch size). However,

� 2 =
1
N

NX

i =1

(x i � x̂ i )2

As a consequence

X

x 2X

Ez [log(p� (x jz))] = �
N
2

�
N
2

log(2�� 2)

so that we should minimiseN log(� 2)=2. In information theory terms this tells us

that it is cheaper to communicate the residues if they are more tightly concen-

trated. We note that

@
@̂x i

N
2

log(2�� 2) =
x̂ i � x i

� 2

which is precisely the gradient of

NX

i =1

(x i � x̂ i )2

2� 2

if we ignored the dependence of� 2 on x̂ i . In many publically available implemen-

tations of VAEs the algorithm minimises
P N

i =1 (x i � x̂ i )2 which arbitrarily assumes

� 2 = 1
2 rather than its true value. This setup is acceptable but it means that

these implementations are e�ectively running a� -VAE with some unknown � .

This makes comparing results from di�erent VAE implementations di�cult. In

the following sessions we use the empirical variance as a default experiment set if

we did not clarify that we use a constant variance.

1.2 Generative Adversarial Networks

Another popular generative model is the GAN, which was �rst proposed by Good-

fellow et al. (2014). Di�erent from VAEs, the GAN is an implicit generative model

and it cannot infer representation from the input. However, the advantage of GAN

is it can generate high-quality and sharp images. There are two networks of the

GAN which is the same as the VAE. We build two networks to play a zero-sum

game. One is called the discriminator and another one is called the generator. The
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discriminator is trained to classify an image whether it is real or unreal, while the

generator is trained to generate images from random noise to fool the discriminator

to make wrong predictions. The competition between the two models drive them

to improve themselves. We de�neD as the discriminator andG as the generator,

where they are represented by di�erentiable fucntions such as an MLP or a CNN.

Then we de�ne a prior on the random noisepz . G(z) is a mapping from the prior

to the data spacepdata (x ). And D(x ) is the probability that x is real data. Then

objective function of the GAN is the following equation:

min
G

max
D

V(D; G) = Ex � pdata (x ) [logD(x )] + Ez � pz (z ) [log(1 � D(G(z)))] (1.4)

The objective is to maximise V(D, G) with respect toD and minimise V(D, G)

with respect to G. For a �xed generator, the optimal D is

DG(x ) =
pdata (x )

(pdata (x ) + pg(x ))
(1.5)

when pdata = pg, where pg(x ) is the distribution of the generator over datax .

The advantage of GAN is that it can generate very sharp images and there is no

inference during the training which makes the cost of computation cheaper. How-

ever, the GAN is also notoriously hard to train. First, the discriminator can easily

distinguish the real and fake images at an early stage. Then the gradient decreases

to 0 in this situation. However, the generator can also fool the discriminator with

the same image or a subset of images for all inputs, which is called mode collapse.

1.3 Priors for Representation Learning

As mentioned before, the performance of deep learning methods depends on the

representation. With di�erent designs, we can obtain a di�erent kind of represen-

tation from the same input. Rather than designed representation for speci�c tasks,

we are more interested in the generic representation, which is more convenient to

express the world. There are several common priors that are widely acknowledged

(Bengio et al., 2013):

ˆ The �rst is the smoothness, similar inputs should return similar represen-

tations. However, this is hard to achieve since a small di�erence between

representations can grow exponentially when the representations reverse to

raw data, especially when the dimension is large.
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ˆ The second is explanatory factors. Data from the real world consist of dif-

ferent factors. Rather than represented by a whole latent code, we prefer

the data be represented by a set of codes while each code corresponds to

an explanatory factor. For example, for an image with a bird in the sky,

a representation with explanatory factors means we can �nd a certain part

in the representation that represents the bird and sky separately. Moreover,

the representation can be hierarchical. The representation of the bird in the

image can be decomposed into other properties of the bird, such as the class

and the colour of the bird. This prior is the main direction of our research

and it still has a long way to go in the community.

ˆ The third is natural clustering. The variations of representation on the man-

ifold should correspond to a categorical variable. More precisely, for images

of digital number 0 to 9, the representation of 1 tend to be well separated

from 3 but close to 7.

There are some other priors that are not mentioned here which are out of our

research. Our work in representation learning highly relies on VAE.

1.4 Motivations and Contributions

A Generative model can learn a joint distribution over all variables. The ultimate

goal of generative models is to improve the performance on downstream tasks.

There is still a long way to go. To achieve this, we need to get a deeper under-

standing of these models and �nd more possibilities based on di�erent frameworks.

Rather than being used on downstream tasks, our research can also be useful for

the application like photo editing or background editing during an online meeting.

For example, the factorised representation can be controlled by a tool bar in an

application to edit the existed photo. There are already many works in this �eld

which will be discussed in the next chapter.

It is unclear whether deep generative models can understand the image as a

human does or not. When we use a random sample as input to the decoder (or

generator), deep generative models tend to generate meaningless images without

supervision especially for natural images datasets like CIFAR10 or ImageNet. It is

easy for models to generate images that mix di�erent creatures and non-creatures

at random positions in an image frame, we do not want an image that shows a

cat with wings or a car with legs. A highly factorised latent space enables us
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to control the generation with random samples while the original VAE and GAN

cannot. The hope is generative models can understand images as a human does.

One of our expectations for generative models like VAEs and GANs is to generate

high quality and unseen meaningful images. Also, such a factorised representation

from the latent space can be generalised to other tasks. We start to investigate

this problem by visualizing the latent space of a VAE to �gure out whether it

captures information that corresponds to human knowledge.

A prominent issue of VAE is the blurriness of the generated images, which makes

the output of the decoder become useless when the input image is complicated

(such as CIFAR10 or ImageNet). We believe that the blurriness is not a weakness

that needs to be �xed, it is what the VAE is designed to get when we add the

KL-term. In contract, what we need to do for VAE is to utilise the advantage of

VAE which is the representation learnt by the model. So we proposed a tool to

visualize the latent space learnt by VAE, it helps us understand what VAE learns

from the dataset qualitatively and proves that we can gain useful representation

from this latent space. We call this toollatent space renderer-GAN (or LSR-GAN)

and will discuss more in Chapter 3.

When we realize the ability of VAE to learn a global representation, it is natural

to think about whether it can be applied to other datasets. This kind of problem

is called transfer learning. It is useful when the training data is not enough for the

target problem and can also reduce the computational cost. Also, the pre-training

model can help us get a better ELBO. In Chapter 4, we explore the possibility of

VAE to do transfer learning.

Talking about generating images, it is always attractive to manipulate the gen-

eration. Obtaining factorised representation is a direction to achieve manipulation

and also enables the generation of unseen meaningful images. A factorised rep-

resentation means we can change one attribute of the image without in
uencing

other attributes when we modify the latent space, each channel is sensitive to only

one attribute. We propose a model to learn a factorised representation between

the foreground and background of an image. More speci�cally, it learns a repre-

sentation that factorises the objects and background in an image. Moreover, we

demonstrate that our model is capable to factorise other kinds of attributes such

as font style and category. This model is discussed in Chapter 5.

T his work is published :

Compositing Foreground and Background Via Variational Autoencoders.
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Accepted in the 3rd International Conference on Pattern Recognition and Ar-

ti�cial Intelligence.

The aforementioned model is not perfect. Although it can factorise the repre-

sentation of the foreground and background, it treats all the foreground objects

as a whole rather than a combination of separate objects, which makes the model

restricted. However, the background and foreground information are still general

conceptions while it can still be subdivided into small parts. For example, an image

shows many people playing beach volleyball on the beach. Then the background

can be subdivided into the sea and the sand, even the net, and the foreground

can be subdivided into multiple people. Moreover, each person has his location,

own height and own style. So we developed an algorithm that is able to learn

object-oriented representation from multi-object images. Understanding realistic

scenes as objects is a core ability of human perception and form the foundation

of human's imagination. Objects form the basis of humans' high-level cognition

(Spelke, 1990). Thus, a model that can learn object-oriented representation is con-

sistent with how humans understand the world. Our model is based on a simple

observation that the high error area of an image after transmitting usually belongs

to objects. In the experiment, we can use the VAE or other compression methods

to simulate the transmitting procedure, this gives us an error map with high error

in the foreground area. By restricting the capacity of the bottleneck, Our model

can learn the representation that factorised location, scale and appearance of an

object among multiple objects. This model is discussed in Chapter 6

T his work is published :

Unsupervised Representation Learning Via Information Compression.

Accepted in the 3rd the International Conference on Pattern Recognition and

Arti�cial Intelligence.



Chapter 2

Literature Review

In this chapter, we review the development based on VAE and GAN models in

three parts: VAE extensions, GAN extensions and VAE&GAN hybrids. Some of

the extensions are not only focused on image generation tasks. For VAE extensions,

we review the improvements on the latent space of VAE models, the VAE models

on disentanglement, the works on object-centric representation learning and other

related applications of VAE models. For GAN extensions, we �rst review the work

on stabilizing the training of GAN and then review conditional GANs which can

generate meaningful images. We also review GAN extensions on disentanglement.

In the end, we review the hybrid work of VAE&GAN.

2.1 VAE Extensions

As a deep generative model, the VAE is widely used to represent high-dimensional

data by a low dimensional representation in an unsupervised manner. The VAE

can be viewed as two parts with independent parameters, the encoder and the

decoder. The encoder is used to learn meaningful representation from data while

the decoder is approximately the inverse process. Unlike the ordinary Variational

Inference (VI) that each data point has a separate variational distribution, the

encoder applies only one set of parameters to infer the distribution of the whole

dataset. So the encoder of the VAE can be used for large datasets easily. The

most important contribution of the VAE is the reparameterization trick. By in-

troducing a noise term sampled from the Normal distribution, it makes the whole

system di�erentiable. Kingma et al. (2014) also explored the VAE framework in

a semi-supervised manner which performs well in classi�cation tasks. Since the

9
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advantages of the VAE model, there is a series of papers showing up that extended

the original VAE framework.

Here we introduce those extensions in three di�erent directions, the �rst is the

extensions that aim at a better latent space of the VAE, the second is the extensions

that work on disentanglement and the third is the extensions that work on object-

centric representation learning. In the last part, we review other applications of

VAE models.

2.1.1 Better Latent Space

One type of VAE extension is in improving the latent space, this type of work aims

at a better performance on density estimation and more informative latent space.

One advantage of the latent space learnt by VAEs is it is easy to be transferred to

other datasets, as we explore in Chapter 4. Thus, a more informative latent space

would be bene�cial to transfer learning and other downstream tasks.

Learning useful representations in an unsupervised manner is always a challenge

in the deep learning �eld. However, when we adopt a powerful recurrent neural

network (RNN) decoder in the VAE or the latent space with a high capacity, the

latent code z is likely to be ignored and the model will learn a distribution that

does not depend onz (Bowman et al., 2015). This is categorised as an optimization

challenges of the VAE and also called "posterior collapse". At the early stage, it

is easy for the model to set the posterior to be the same as the prior when the

latent code carries little information. This avoids the KL cost.

The solution Bowman et al. (2015) proposed is to force the information into

the latent space by weakening the decoder via dropout. While Gulrajani et al.

(2016) combines VAE with PixelCNN (Van Oord et al., 2016) that is able to gen-

erate high-quality images and still capture non-trivial representations. Yang et al.

(2017b) make an assumption that it is crucial to impose the prior on all the hidden

states of the RNN-based VAE model. Thus, they propose holistic regularisation

which averages the KL term for each state to solve the KL vanish issue. Dieng

et al. (2018) proposed a new generative skip model, by adding a skip connection

between the latent space and the decoder to promote higher mutual information

between the latent code and the data. Alemi et al. (2018) start from analysing

the ELBO in an information-theoretic view and derive a rate-distortion curve that
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shows the trade-o� between compression and reconstruction accuracy. By choos-

ing reasonable parameters according to the curve, they claim it can prevent the

powerful decoder from ignoring the latent code.

Another type of extension is using the 
ow-based method on the latent code

(S�nderby et al., 2016; Nielsen et al., 2020; Vahdat and Kautz, 2020). One popular


ow-based method is Normalizing Flow (NF) (Rezende and Mohamed, 2015). The

idea behind NF is to start with an initial random samplez0 from a distribution

with a known function, and then updatez0 with a transformation function f t ,

wheret is the iteration index, then zt is

zt = f t (zt � 1; x ) (2.1)

wherex is the input data. The last iteration zt can have a more 
exible distribu-

tion. This 
ow cannot scale well to high-dimensional space since it needs a long

chain of invertible transformation to capture dependencies in high-dimensional

latent space, and it is also time-consuming. Nevertheless, Chen et al. (2016b)

observed that a simple autoregressive 
ow can obtain a more expressive model.

The latent codez is from a continuous noise� with transformation f :

z = f (� ) (2.2)

Also, this model is trained in a lossy fashion to solve the information loss in the

latent space. They construct a decoder with a small local receptive �eld to only

store the unimportant information like texture, this results in a case that the

decoder is not able to representp(x jz) over x without the dependency onz. The

idea behind this method is still to restrict the information that can be stored in

the decoder.

Autoregrssive 
ow is another type of 
ow-based method, Kingma et al. (2016)

proposed inverse autoregressive 
ow (IAF). Unlike the NF that takes thezt � 1 and

x as the input for computing the followingzt , the zt only depends on previous

z1:t � 1 in IAF. In IAF, the autoregressive transformation takes� 0 and � 0 as the

initial state, with a random sample� � N (0; I ), it has z0 = � 0 + � 0 � � , and the

following transformation is:

zt = � t + � t � zt � 1 (2.3)

where at each step t, there is an autoregressive neural network that takeszt � 1,

� t � 1, � t � 1 and a hidden stateh from the network as the input to output � t and
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� t . The autoregressive neural network is structured to output triangular matrix

which also ease the computation di�culty and can scale well to high-dimensional

latent space. The vanilla VAE can be regarded as a special version of IAF when

we take just one step iteration with a linear transformation.

Compared to latent-variable VAE models, the disadvantage of 
ow-based mod-

els is the sequential operation takes expensive computation power.

One method for improving the latent space of VAE models is introducing auxil-

iary latent variables. Generally, this method adds a continuous auxiliary variable

u to both the inference model and the generative model of a VAE. Then the

encoder can infer a distribution that can be factorized as:

q�
�
z; u jx

�
= q�

�
u jx

�
q�

�
z jx ; u

�
: (2.4)

Where x is the input and z is the latent code. The decoder is over the joint

distribution that can be factorized as :

p� (z; u ; x ) = p�
�
u jx ; z

�
p� (z; x ) : (2.5)

The auxiliary variable has been shown that it can improve the 
exibility of the

latent distributions and lead to a better performance (Salimans et al., 2015; Maal�e

et al., 2016; Ranganath et al., 2016).

In addition, some works aim at modifying the prior assumption (Dilokthanakul

et al., 2016; Jiang et al., 2017; Tomczak and Welling, 2018; Takahashi et al., 2019)

to improve density estimation results, since Ho�man and Johnson (2016) show that

priors are an important factor in density estimation. Although Normal distribution

is a common choice, it can also result in over-regularization, which returns in

poor performance on density estimation. These works extend the VAE framework

with other types of priors such as mixture distributions. One intuitive advantage

of mixture distributions is the learned representation is natural clustering well

since the multi-modal distribution can �t complex datasets better than one-modal

distribution. However, the number of mixture distributions is a hyperparameter

that needs to be tuned. Nevertheless, Dai and Wipf (2019) argued the standard

Gaussian prior is not the reason that the vanilla VAE gets poor performance.

Based on their proof, they propose a Two-Stage VAE which can achieve a Fr�echet

inception distance (FID) score (Heusel et al., 2017) that is comparable to GAN

type models.
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Unlike the aforementioned models that are all trying to learn a continuous repre-

sentation, Van den Oord et al. (2017) Vector Quantised-Variational AutoEncoder(VQ-

VAE) applied vector quantisation to the latent space to obtain a discrete latent

representation. The prior distribution over the latent space is a catrgorical distri-

bution rather than a Gaussian distribution. Each latent code in the latent space

of VQ-VAE is mapped to the nearest embedding in the embedding space, then

the input of the decoder is structured from the embedding space. Since there

is no gradient for the mapping operation, the author just copies gradients from

the decoder input to the encoder input. One alternative solution is to use the

subgradient through the vector quantisation operation. It also achieves a decent

performance on video and audio data. Although VQ-VAE is inspired by VAE,

it does not train the model on the ELBO. And the following work VQ-VAE2

(Razavi et al., 2019) applies a two-stage training strategy to obtain hierarchical

representations. Rather than using a single embedding space, the author adopts

two embedding spaces with di�erent sizes. The top embedding with a smaller size

models the global information and the bottom embedding with larger size models

the local details. It also works on high-�delity images such as 1024� 1024 human

face, while most of the models tend to get degenerated results.

2.1.2 Disentanglement with VAE

Multiple explanatory factors and a hierarchical organization of explanatory factors

are two of the general-purpose priors in the representation learning �eld Bengio

et al. (2013). Such a factorised representation can also be called disentangled rep-

resentation. Moreover, Higgins et al. (2018) de�ne a disentangled representation

as if it can be decomposed into a number of subspaces, each subspace is compatible

with and can be transformed independently by a unique symmetry transformation,

where symmetry transformation means to change one factor while keeping other

factors invariant. And those disentangled representations have been shown to be

bene�cial to downstream tasks Higgins et al. (2017b).

With the recent development in deep generative models like the VAE, there

has been a lot of extensions of VAE-based models for learning disentangled rep-

resentation. Since the essential objective of generative models is to capture the

underlying data distribution.

The VAE extensions that work on disentanglement can be divided into su-

pervised methods and unsupervised methods. Supervision such as class labels
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allows us to obtain a factorised representation easily. While there are also semi-

supervised models that can factorize the class information and other information

(Cheung et al., 2014; Louizos et al., 2015). Although Cheung et al. (2014) propose

a model based on a vanilla autoencoder rather than VAE. And the VFAE (Louizos

et al., 2015) can also be trained unsupervised, it introduces a sensitive variables

and the encoder and the decoder of the VFAE accepts and x , s and z as input

respectively, which is slightly di�erent from introducing auxiliary latent variables.

By forcing the mutual information betweens and z to be minimal to encourage

independence between factors.

One line of supervised models achieve a factorised latent space by utilising a

discriminator (Mathieu et al., 2016; Makhzani et al., 2016; Szab�o et al., 2017; Xiao

et al., 2017), where the discriminator is used to distinguish if di�erent observations

own the same property. The general idea of this type of work is to swap a cer-

tain part of latent codes between two inputs from di�erent or the same category

and force the category of the generated output to depend on the swapped latent

code via a discriminator. This kind of method is capable of generating unseen

combinations. ML-VAE (Bouchacourt et al., 2018) is another VAE-based model

that requires weak supervision. In their work, they propose group-level supervi-

sion that each group of observations share a common but unknown value for a

factor. The group supervision can help the model to anchor the semantics into the

latent representation. Esser et al. (2018) combine the U-Net (Ronneberger et al.,

2015) with a VAE for mapping the input shape such as edges to the target images

and using one extra encoder to learn a latent representation for appearance. This

approach enables both conditional generation and style transformation. While

Harsh Jha et al. (2018) use a pair of inputs, for each pair, they use a di�erent

image with the same label and they also swap the factors during training. Apart

from swapping the latent factors, they also feed the reconstructions back to the

encoder to obtain a cycle-consistent architecture. By forcing the encoder to output

the same factor with both the original images and the reconstructions, it enhances

the performance of the model.

After Higgins et al. (2017a) showed an objective function of the VAE models

with a � higher than 1 can achieve disentanglement in the latent space, there have

been a series of works on unsupervised disentanglement. With the derivation from
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Ho�man and Johnson (2016):

� Epdata (x ) [DKL
�
q(zjx )jjp(z)

�
] = � Epdata (x )Eq(z jx )

�
log

q(zjx )
p(z)

�

= � Epdata (x )Eq(z jx )

�
log

q(zjx )q(z)
q(z)p(z)

�

= � Epdata (x )Eq(z jx )

�
log

q(zjx )
q(z)

+ log
q(z)
p(z)

�

= �I q(x ; z) + �D KL
�
q(z)jjp(z)

�

(2.6)

It shows a better interpretation of the trade-o� between disentanglement and

better density estimation by tuning the value of� . Penalising theI q(x ; z) leads

to a less informative latent space that results in a poor reconstruction. While

penalisingDKL
�
q(z)jjp(z)

�
forcesq(z) to p(z), since the prior p(z) is commonly

de�ned as Normal distribution, it encourages independence among variables inz.

A higher � actually penalises the two terms results in the trade-o�.

Then a group of works aims at achieving the disentanglement while remains

a good density estimation (Zhao et al., 2017; Kim and Mnih, 2018; Chen et al.,

2018; Esmaeili et al., 2019). Although the two terms in Equation 2.6 cannot be

calculated separately due to intractability. They augment the ELBO with a third

term:

DKL

0

@q(z)jj
Y

j

q(z j )

1

A (2.7)

Which is also known as Total Correlation (TC) (Watanabe, 1960), measures the

information shared among the latent code. The di�erence between these works is

the method they sample theq(z j ). The disadvantage of these unsupervised models

is that the semantic meaning of each disentangled latent code is unknown without

testing manually. Also, it is unsure if each unit of latent codes control one factor

or more than one unit controls one factor when there are more latent codes than

properties of the data.

There are also methods that aims at solving speci�c task rather than general

purpose. For example, Yang and Yao (2019) propose dVAE that disentangled the

pose, viewpoint and image content of hand images. And they demonstrate the

dVAE is capable of generating high-quality synthesised hand images with speci�c

sampling.
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2.1.3 Object-centric Representation Learning

Recently, there is another line of work focus on unsupervised object-centric rep-

resentation learning and scene decomposition. Human brains can process the

realistic scene as a whole and decompose it into di�erent parts using visual clues

and prior knowledge. This cognitive ability also enables humans to imagine di�er-

ent scenes. Objects form the basis of humans' high-level cognition (Spelke, 1990).

Thus, learning good object representations could be an important step towards

making arti�cial intelligence closer to human intelligence. Learning structured

representation from a multi-object scene without supervision is a challenging task

in the deep learning community. While supervised methods can detect objects

easily, it is usually too costly to collect labels for all the real scenes. A VAE is an

unsupervised model that can learn a compact representation from data. However,

VAEs are designed to learn the data as a whole but not a combination of di�erent

parts. Those aforementioned works are all for single-object scenes, we take one

more step from these works, focusing on unsupervised multi-object representation

learning. The ability of decomposing multi-object scenes into object represen-

tations is important to high-level arti�cial intelligence. We explore this task in

Chapter 6, however, our motivation is to transmit an image e�ciently while our

model can also learn the object-centric representation at the same time.

Recently, there are a bunch of works in unsupervised multi-object representa-

tion learning. And there are two lines of the work: scene-mixture models and

spatial-attention models (Lin et al., 2020). For scene-mixture models, the multi-

object scene is represented as a mixture of multiple single-object or non-object

scenes (background) (Gre� et al., 2017; Burgess et al., 2019; Engelcke et al., 2020,

2021; Locatello et al., 2020). This type of model can produce a segmentation mask

of objects and generate a full-scale image of a single object while the disentangled

representation of positions and scales have been neglected in this manner. Also,

these scene-mixture models ask recurrent learning for each scene, which means the

following segmentation masks are always depending on the previous mask. Thus,

most scene-mixture models need RNN networks. And the negative log-likelihood

in the objective function of the vanilla VAE is turned into a form:

log

0

@
KX

k=1

m kp(x jzk)

1

A (2.8)
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Where m k is the mask learned by the model and
P K

k=1 m k = 1, the sum of m k

equals to 1 makes sure that the output reconstruct the whole image.zk is the

latent code of the correspondingkth object. Moreover, adopting spatial broadcast

decoder (Watters et al., 2019) is a common choice in these models. Compared to

the vanilla decoder, spatial broadcast decoder consists of multiple layers of CNN

with 1x1 stride, and it takes 2 more channels that represent Cartesian coordinates,

which is aimed at providing an architectural prior for disentangling the positional

feature from the non-positional feature in the latent space. The one-dimension

latent code produced by the encoder will be tiled into the same size as the input.

The spatial broadcast decoder has been demonstrated is bene�cial to disentan-

gling, reconstruction accuracy, and to out-of-distribution generalization.

The MONet (Burgess et al., 2019) applies a recurrent attention mechanism

that produces deterministic soft masks for each component in the scene with a

attention mechanism that follows a VAE to learn the desired representation. For

all images, the model iteratesK times whereK is the maximum number of objects

in the dataset. However, MONet adopts U-Net as the backbone of the attention

mechanism which increases the computation cost. Also, the iterative training

scheme for all images is time-consuming. Di�erent from MONet, IODINE (Gre�

et al., 2019) employs an iterative re�nement mechanism for the latent code, which

is computationally expensive. Rather than produce a representation for one object

each iteration, IODINE produces the representation code for all objects and re�nes

those representations forN iterations, where N is a hyperparameter. And the

performance of IODINE is highly related to the value ofN . Genesis (Engelcke

et al., 2020) is similar to MONet, replacing the attention mechanism with an

encoder and employing an RNN network after the encoder to infer masks of objects,

then following another VAE to infer the object representations. Unlike MONet

and IODINE, all the modules in Genesis can be processed in parallel, which can

save time compared to iterative training. Genesis-V2 (Engelcke et al., 2021) is

the upgraded version of Genesis which replaces the RNN network with a semi-

convolution embedding method. Similar to MONet, it uses a U-Net encoder as the

backbone which enhance the model's ability in extracting object representation.

Other models that combine with the self-attention mechanism (Vaswani et al.,

2017) can also perform image decomposition and object representation learning

(van Steenkiste et al., 2020; Locatello et al., 2020).

Unlike scene-mixture models that only learn an entangled representation for
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each object, spatial-attention models can learn an explicit disentangled represen-

tation about positions or scales through spatial transform network (Eslami et al.,

2016; Crawford and Pineau, 2019; Deng et al., 2021; Lin et al., 2020; Zhu et al.,

2021). However, this type of model adopts the spatial transform network (STN)

(Jaderberg et al., 2015) which can only produce rectangular bounding boxes rather

than segmentation masks. Also, the model is less accurate when the dataset con-

tains multiple objects with di�erent scales of size since the original STN is not

designed to solve the multi-object image tasks. Originally, Eslami et al. (2016)

and Crawford and Pineau (2019) are both trained sequentially, but according to

Lin et al. (2020), these models can all be trained in a parallel manner.

Attend-Infer-Repeat (AIR) (Eslami et al., 2016) is the �rst work that tries to

infer the object representation as \what", \where" and \pres" variables. The

\what" variable represents the shape and appearance of objects, the \where" vari-

able represents the position and scale of objects and the \pres" variable is a unary

code which formed by 1 or 0, where 0 means the termination of inference. The

following work of AIR is Spatially Invariant Attend, Infer, Repeat (SPAIR) (Craw-

ford and Pineau, 2019), it introduces another variable \depth" which specify the

relative depth of objects. Also, the authors of SPAIR replace the RNN network

in the AIR with the CNN network and switch the \pres" from a unary code to

a binary variable that can be sampled from a Bernoulli distribution, while the

Gumbel-Softmax (Jang et al., 2016) allows us to di�erentiable sample from such

a discrete distribution. Then this \pres" variable starts to represent the presence

of objects in cells. The image is encoded as a feature map, and each cell in the

feature map is processed with the nearby cells that have already been processed

to produce objects. Thus, the whole process is sequential. The two above models

both ignore the background part in the image. SPACE (Lin et al., 2020) applies

a similar approach to the SPAIR to learn the object-centric representation and

add another background network that is close to Genesis to infer the background

components. When the number of background components is one, the background

network can be a vanilla VAE. Also, SPACE processes all the cells fully parallel

which saves time with GPU.

The aforementioned works all succeed in learning object-centric representation.

GSGN (Deng et al., 2021) takes one step further in that it can decompose an

object into more parts to learn a hierarchical representation, but it asks a more

complicated architecture of the model while it applies SPACE as a backbone to

learn a decomposition of images.
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2.1.4 Other applications

As a deep generative model, the VAE is not only used for common images, there

are many applications that apply the VAE into other types of data. One example

is that the VAE trained on chemical molecule structures (G�omez-Bombarelli et al.,

2018), they build a VAE to learn a continuous representation of molecules that

enables search of new molecules with desired properties. Apart from chemistry, the

VAE has also been applied to biology in di�erent ways. Way et al. (2020) test VAE

on compress gene expression data and notice that it is better to combine more than

one compression method to learn the representation of gene data. And Seninge

et al. (2021) propose a new architecture of the VAE model which is inspired by

biology insights and their new model is aimed at an explanatory biological model

for drug treatment experiments.

Ravanbakhsh et al. (2017) applies the VAE to galaxy images. Since the cosmo-

logical surveys asks for an accurate shape measurement of distant galaxies, and

the measurement usually relies on a calibration that requires large sets of galaxy

images, which is limited in real world. They propose to use deep generative models

such as VAEs to generate synthesized galaxy images.

Videos can be regarded as a series of sequential images, however, videos can

express spatio-temporal pattern which images cannot. In videos, the motions of

each element needs to be coherent and plausible over time, which requires model

to learn a long dependency over each frame in videos. There are a bunch of VAE-

based models that can generate consistent video frame and can even be used in

prediction task (Finn et al., 2016; Babaeizadeh et al., 2017; He et al., 2018).

2.2 GAN Extensions

The GAN model is a generative model that is trained via an adversarial process,

where a generator and a discriminator are trained separately. The generator is

trained to capture the data distribution and the discriminator is trained to classify

whether a sample is from the real data rather than the generator. The task of the

generator is to fool the discriminator to make a wrong prediction. The original

GAN model is an implicit generative model which can only generate samples from a

prior distribution but cannot represent the distribution of data. But it is capable of

generating sharp images compared to VAEs. The GAN model is notoriously on the

training stability since the GAN model is similar to a minimax two-player game,
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the generator and the discriminator can easily �nd a solution at the beginning

where the generator produces random noises for all the input and the discriminator

predicts all the output from the generator as fake, rather than a discriminator

that predicts 1
2 everywhere. Here we �rst review the literature on stabilising and

enhancing the vanilla GAN model.

2.2.1 Stabilising the Training of GANs

The DCGAN (Radford et al., 2015) introduces a general CNN architecture of

GAN types network that is more stable and stronger than the original GAN and

becomes the common default setting of most following research. The original GAN

model and even the original VAE model are all tested on MLP architecture. CNNs

are more often used in supervised learning. The DCGAN bridges the gap between

the CNNs for supervised learning and unsupervised learning, the guideline of the

architecture can be summarised as follows:

ˆ Replace all pooling layers with stride CNNs or transposed CNNs.

ˆ Use batch normalization (Io�e and Szegedy, 2015).

ˆ Remove MLP layers for deeper architectures.

ˆ Use ReLU activation (Nair and Hinton, 2010) in the generator for all layers

except for the last layer, which uses Tanh.

ˆ Use LeakyReLU activation (Xu et al., 2015) in the discriminator for all layers.

The DCGAN also shows a meaningful interpretation with arithmetic operations

on semantic attributes.

The GANs are not only unstable with training, but also easily su�er from the

mode collapse, where the generator is stuck at a local minimum and fools the dis-

criminator with one type or a subset of real data distribution. There is a series of

literature about stabilizing the training of GAN and �xing the mode collapse issue.

To avoid the situation that the generator is not synchronized with the discrimi-

nator, one intuitive solution is to make the minimax two-player game imbalanced.

Unrolled GAN (Metz et al., 2016) �xes the stabilisation issue by training the

model in an unrolled manner, the GAN plays the two-player game forK times

and only update the discriminator at the �rst step. However, it applies the gra-

dient descent at each step to optimise a new discriminator. Then the generator
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is updated through the new discriminator. Thus, the generator depends on what

the new discriminator will return. This imbalanced game reduces the probability

that the generator collapse to a point. Then Heusel et al. (2017) introduced a

two-time scale update rule which uses di�erent learning rates for the generator

and discriminator which improves the convergence. The Wasserstein GAN (Ar-

jovsky et al., 2017) shows that setting a Lipschitz constraint on the weights of

networks can improve the training procedure while it assures the discriminator is

less sensitive to the small change of inputs. Unlike Kullback{Leibler divergence

and Jensen-Shannon divergence that the value cannot re
ect the real distance be-

tween two distributions when there is no overlap between two distributions, the

Wasserstein distance provides a continuous function that makes the gradient more

stable. Wasserstein GAN with gradient penalty (WGAN-GP) (Gulrajani et al.,

2017) improves the stability of Wasserstein GAN by introducing a new weight

clipping method. Rather than the Wasserstein distance, Mao et al. (2017) pro-

pose to use the least square loss function to replace the sigmoid cross-entropy

loss function for the discriminator, which can also stabilise the training. Miyato

et al. (2018) propose spectral normalization to enforce Lipschitz constraints in the

network which can both stabilize the training and solve the mode collapse prob-

lem. And SA-GAN (Zhang et al., 2019) applies a self-attention mechanism (Cheng

et al., 2016) to achieve a long-range dependency modelling. They succeed in gen-

erating details for high-resolution images. Recently, Jiang et al. (2021) propose a

new GAN model that is based on pure transformer modules (Vaswani et al., 2017)

rather than CNNs, which helps the model capture semantic contexts and low-level

textures.

In addition, introducing a VAE to the GAN model can also stabilise the training

of the GAN, which has been demonstrated in the literature of VAE&GAN Hybrids

(See details in section 2.3 and Chapter 3).

2.2.2 Conditional GANs

GANs are prone to generate sharp but meaningless images when the data is com-

plicated and diverse. An alternative method to solve this issue is to add extra

information during the training, such as text or class labels. Conditional GANs

are a type of GANs that use conditional information for the discriminator and

generator, and this type of GANs is capable of class conditional image generation.

Reed et al. (2016) concatenate a representation code from detailed text descrip-

tions with both the input of the generator and a lower dimension feature vector
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from the discriminator, the resulting model can generate plausible bird and 
ower

images based on the detailed text descriptions. Odena et al. (2017) add an extra

one-hot vector to noise vectors before feeding the vector into the generator and

add an auxiliary classi�er to a GAN model to make sure the class of the generated

image corresponds to the extra one-hot vector. This architecture guarantees the

class of generated images which can avoid generating meaningless images. Similar

to Reed et al. (2016), Miyato and Koyama (2018) add label information to feature

vectors instead of noise vectors, where the feature vectors are the inputs of the

last layer. However, rather than concatenating the vector of label information

with the feature vectors, the authors adopt inner product of the two vectors as

the additional term of the objective function, which shows an improvement of the

quality of the class conditional image generation experimentally. BigGAN (Brock

et al., 2018) is another model trained with label information, it is the �rst model

that adopts a large number of parameters and large batch size, which is expensive

to be trained. However, it demonstrates incredible qualitative and quantitative re-

sults on high-resolution images. And the following work BiBigGAN (Donahue and

Simonyan, 2019) shows improved representation learning performance by adding

an encoder to the model and also modifying the discriminator to take both the

images and the corresponding latent code as the input.

Another type of conditional GAN is aimed at image-to-image translation: Star-

GAN (Choi et al., 2018) is a uni�ed model that can perform image-to-image trans-

lations for multiple domains. The discriminator of StarGAN classi�es the image

as fake or real and also classi�es the corresponding domain, while the generator

takes the original image and the target domain as the input to generate the fake

image or takes the original image and the original domain as the input to re-

construct the original image. They demonstrate e�ective results on human face

translation. The following work StarGAN v2 tackles the issue that the previous

work cannot scale well to more domains and improve the performance by adding

more domain vectors and a cycle consistency loss. The StackGAN (Zhang et al.,

2017) is another work that can generate high-quality images based-on text de-

scription by stack the representation from text and image. Rather than modify

both the generator and the discriminator of GANs, StyleGAN (Karras et al., 2019)

only modi�es the generator, by adding adaptive instance normalization (Huang

and Belongie, 2017) after each CNN layer of the generator. Before feeding the

noise vector into the generator, they use a MLP to map the noise vector into an

intermediate latent space that controls the style. After this, the same authors
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revisit the generator normalization method and redesign the network to improve

the performance (Karras et al., 2020).

2.2.3 Disentanglment with GANs

Although the GAN is an implicit generative model, it can still learn a disentangled

latent space even in an unsupervised manner. InfoGAN (Chen et al., 2016a)

augments the latent codez with an additional code c (which can be categorical

code), in the original GAN framework, the generator tends to ignore the additional

codec. InfoGAN forces the mutual information betweenc and x to make sure

the latent code c is representative and it results in a disentangled latent space.

As demonstrated in the paper, InfoGAN learns interpretable representations that

are competitive with supervised methods. OOGAN (Liu et al., 2020) follows

the strategy of InfoGAN and the authors notice that in contrast to the VAEs

that the latent vector is inferred by the encoder, the latent vector in GAN is

sampled manually. Thus, they design the additional codec, to possess the property

of inter-dimensional independence, and train the network with those designed

latent vectors. Rather than utilising mutual information to achieve a disentangled

latent space, (Pan et al., 2021) propose contrastive disentanglement in GANs (CD-

GAN). Contrastive learning aims at maximizing the similarity of positive pairs and

minimizing it between negative pairs. Thus, this CD-GAN requires a small number

of supervisions and can disentangle the factors of inter-class variation of data.

Also, there is a line of work that focuses on the factorisation of the background

and the foreground. This is a task we explore in Chapter 5 although our architec-

ture is based on VAEs rather than GANs, which brings an advantage of our model

is to infer the representation from existing data. These models generate foreground

and background separately and recursively, the generated images are stitched at

the �nal stages to produce a complete natural image (Yang et al., 2017a; Singh

et al., 2019; Li et al., 2020). In LR-GAN (Yang et al., 2017a), there is a LSTM

layer that connects the background generator and the foreground generator. Intu-

itively, this LSTM provides information to the foreground generator about which

part has been generated in the past. Similar to LR-GAN, FineGAN (Singh et al.,

2019) generate the background �rst, rather than using a LSTM layer, the au-

thors share the same latent code between both the background generator and the

foreground generator. At each stage, the shared latent code will be concatenated

with the background code and the foreground code. Unlike the LR-GAN that is

fully unsupervised, the FineGAN asks for a bounding boxes and the number of
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categories for training. Both LR-GAN and FineGAN are unable to factorise the

background and the foreground of an existed image since the two models do not

have an encoder. MixNMatch (Li et al., 2020) is the following work of FineGAN

and the author improved the network by adding additional encoders, thus, the

MixNMatch can encode real data into discrete codes or feature maps by di�erent

settings.

2.3 VAE&GAN Hybrids

VAEs can infer an approximation probability distribution of data but generate

blurry images while GANs can provide sharp generation but cannot infer from

existing data. The intuitive thought to merge the advantages of the two models is

to design a VAE&GAN hybrid. We also introduce a new hybrid model in Chapter

3. Rather than merge the advantages of the two models, our motivation is to

visualise the latent space of the vanilla VAE. Also, our hybrid model is not end-

to-end and asks for a pre-trained and frozen VAE. Here we review some main

hybrids that are based on the vanilla VAE and GAN.

The adversarial types autoencoder is the most intuitive and simplest way to

combine a VAE or an autoencoder and GAN models. Most of these models intro-

duce a discriminator into the autoencoder training. VAE/GAN applies a discrimi-

nator trained with reconstructed images, generated images and real images (Larsen

et al., 2015). And they replace element-wise errors with feature-wise errors for a

better-learned distribution with translation invariance, where the feature comes

from the lth layer of the discriminator. And they show that the model can learn a

latent space that captures high-level visual features which can be modi�ed using

simple arithmetic. Makhzani et al. (2016) apply a discriminator to distinguish the

output of the encoder and the random sample from the prior distribution. It uses

the discriminator to replace the KL term in the loss function of the VAE. MDGAN

(Che et al., 2017) is another hybrid that is close to VAE/GAN. The authors argue

that the unstable training of GANs and the mode collapse issue are due to the

very particular functional shape of the discriminator in high dimensional spaces,

which can easily allow training to become stuck. Thus, they try to match the

manifold of the GAN to real data by treating the objective function of the vanilla

VAE as a regularization term to penalise the mode collapse issue.

IAN (Brock et al., 2017) is a uni�ed model which means the discriminator is not

separate and the discriminator is updated with the generator. The authors use the
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discriminator of the GAN as a feature extractor of the encoder, thus, the encoder

is built on the top of the last layer of the discriminator. Also, the model adopts

feature-wise loss rather than element-wise loss. The generator accepts both noise

vectors and the output of the encoder as inputs to generate di�erent images. And

they extend this model into an application called Neural Photo Editor. Srivastava

et al. (2017) introduces a networkF� to the GAN. The task of F� is to map both

the real images and synthetic images to a Gaussian distribution which is the same

as an encoder network. When the input ofF� is the output of the generator, the

loss function is the MSE error between the input of the generator and the output

of F� . If the input of F� is real data, the loss function is a cross-entropy between

Gaussian prior and the output ofF� . This design can resist mode collapse than

other GAN variants and can produce more realistic samples.

2.4 Summary

Currently, high-quality image generation can be achieved by di�erent models,

which indicates that those models can learn a representation for the whole im-

age of the dataset e�ciently. However, for VAE-based models, we argue that the

advantage is to learn representations rather than generate high-quality images,

also, an entangled representation is not e�cient for the downstream task and is

also not controllable for the generation task. Thus, a model that can learn a fac-

torised representation of the dataset is still needed. Many previous works focus

on the factorisation for di�erent attributes of the object. However, we claim that

the factorisation between the foreground and the background is needed before the

factorisation for attributes. Thus, we start from this point and manage to fac-

torise the foreground and the background in the latent space, then we focus on

a deep-level factorisation for the foreground which can also include the previous

works. This 
ow is more natural as it is from shallow to deep.





Chapter 3

Imagining the Latent Space of a

Variational Autoencoder

The VAE is a powerful method for representation learning and the decoder of a

VAE can visualize the latent space in a human-understand manner (as images).

But the output of the decoder is too blurry to be recognized for complex data.

Thus, we introduce a tool that can reconstruct sharp images from VAE's latent

space.

3.1 Introduction

VAEs have made a signi�cant impact since their introduction by Kingma and

Welling (2013). However, one of their perceived problems is their blurriness. This

has spawned a wave of research into trying to improve the reconstruction perfor-

mance (Larsen et al., 2015; Dai and Wipf, 2019; Vahdat and Kautz, 2020). We

argue that such attempts are misguided. The advantage of VAEs is to capture a

useful representation of the dataset but not sharp reconstructions or generations.

This is a consequence of the well-knownevidence lower boundor ELBO objective

function consisting of a negative log-probability of generating the original image

from the latent representation (this is often implemented as a mean squared error

between the image and the reconstruction, although as we argue in Chapter 1

this term originally should be proportional to the logarithm of the mean squared

error) and a KL-divergence between the probability distribution representing a

latent code and a `prior distribution' (usually taken as a multivariate normal with

27
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mean zero and unit variance). These two terms have a nice interpretation in terms

of the minimum description length(Rissanen, 1978)|this has been described else-

where, for example, Chen et al. (2016b). The KL-term can be viewed as a measure

of the amount of information in the latent code while the log-probability of the

image measures the amount of information required to change the image produced

by the decoder into the input image (see Section 3.3 for details).

The great strength of a VAE is that it builds a model of the dataset that does

not over-�t (i.e. code for detailed features found in speci�c images). However,

because of this it typically will not do a good job of reconstructing images as

the latent code does not contain enough information to do the reconstruction (for

very restrictive datasets such as MNIST and Celeb-A a lot of information can

be captured in the latent space, but for more complex datasets like ImageNet or

CIFAR the reconstructions are poor). Of course, if you want good reconstructions

on the dataset then the simplest solution is to remove the KL-divergence term and

just use an autoencoder. While the KL-term forcesq(zjx ) to the prior p(z), thus

the learned representation will not retain all the information of the data. If we wish

to generate realistic-looking images we need to imagine the information discarded

by the encoder. As a rather simpli�ed analogy, consider a verbal description of

an image \a �ve-year-old girl in a blue dress standing on a beach". If we asked

di�erent artists to depict such a scene there is clearly not enough information to

provide pixel-wise or feature-wise similarity between their interpretation although

each artist could render a convincing image that satis�es the description. Similarly,

if we want a VAE to generate realistic images we need to build a renderer that

will imagine an image consistent with the latent variable representation.

A simple way to achieve this is using a modi�ed Generative Adversarial Network

(GAN). We call such a model alatent space renderer-GAN (or LSR-GAN). To

generate an image we choose a latent vectorz from the prior distribution of the

VAE. This is passed to a generator network that generates an image,x̂ , with the

same dimensions as the latent space of a pre-trained VAE. The generated image

has both to convince a discriminator network that it is a real image|as is usual

for a GAN (Goodfellow et al., 2014)|at the same time the representation ofx̂

obtained from the VAE encoder should matchz. To accomplish this we simply

add an augment term to the normal GAN loss function for the generator (LG)

LG � � log(q� (z jx̂ )) (3.1)
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whereq� (�j x̂ ) is the probability distribution generated by the VAE encoder given

an image x̂ and z is the latent vector that was fed into the GAN generator.

Note that when training the LSR-GAN we freeze the weights of the pre-trained

VAE encoder. The constant� is an adjustable hyperparameter providing a trade-

o� between how realistic the image should look and how closely it captures the

information in the latent space. This modi�cation of the objective function can

clearly be applied to any GAN or used with any VAE. Although the idea is simple,

it provides a powerful method for visualising (imagining) the information stored

in a latent space. By matching the latent space of a GAN to a pre-trained VAE,

also avoids the GAN from mode collapse.

Combinations of VAEs and GANs are, of course, not new (Larsen et al., 2015;

Makhzani et al., 2016; Brock et al., 2017; Huang et al., 2018; Srivastava et al.,

2017). In all cases we are aware of GANs have been combined with VAEs to

\correct" for the poor reconstruction performance of the VAE or help GANs gain

approximate distributions of data. As we have argued (and expound on in more

details in Section 3.3), we believe that the decoder of a VAE does the job it is

designed to do. They cannot reconstruct sharp images, because the latent space

of a VAE loses information about the image, by design. All we can do is imagine

the type of image that a point in the latent space represents.

In the next section, we show examples of images generated by the LSR-GAN

for both normal VAEs and � -VAEs (we also spend time describing VAEs,� -

VAEs and the LSR-GAN in more detail). In addition, we also present systematic

experiments showing the performance of a VAE and LSR-GAN. In Section 3.3,

we revisit the minimum description length formalism to explain why we believe

a VAE is doomed to fail as a generative model. In Section 3.4 we draw out the

similarities and di�erences between our approach to hybridising VAEs with GANs

and other work in this area. We present some additional experimental results in

Section 3.5. We conclude in Section 3.6.

3.2 Imagining Latent Spaces

A natural question to ask about the VAE is what information about an image

gets represented in the latent space. However, this is hard to be measured quanti-

tatively since there are di�erent criteria for di�erent kinds of information. Thus,

we propose LSR-GAN which can help us answer this question qualitatively, in our

experiment, the VAE tends to reserve information like shape, texture and colour
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for big object. The procedure is similar to the reconstruction of the original VAE,

however, we replace the decoder with a generator. By feeding the generator with

a latent code obtained from the pre-trained VAE encoder, we can obtain sharp re-

constructions (although the reconstructions losts some details). We show examples

of this for both CIFAR-10 (Krizhevsky et al., 2009) and ImageNet (down-sampled

to 64 � 64) (Krizhevsky et al., 2012) dataset. We also show the e�ect of di�erent

choices on the� value (in Equation 1.3) when we pre-train the VAE. In all cases

showed in this chapter, the input images are taken from a test set that is indepen-

dent of the training set. Note that both CIFAR-10 and ImageNet are \complex"

for VAEs in the sense that they represent extremely diverse sets of images while

we ask the VAEs to learn a generic latent space. As a consequence, the VAE latent

space will struggle to store detailed information about the images and the VAE

reconstructions will be poor.

Input Generated images based on Latent representation

CIFAR-10

� =1

� =1

� =20

� =20

ImageNet

64x64

� =1

� =20

Figure 3.1: Images generated by our LSR-GAN from latent representations
of an input image (test images) based on di�erent� value on CIFAR-10
and ImageNet, the �rst column is the original image.

To get a sense of the variation in the information stored in latent spaces we show

in Figure 3.1, where the left image is the input and right images are the outputs

generated by the LSR-GAN generator seeded with a latent vector encoding of the
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input image. For the CIFAR-10 dataset, we choose a boat and a bird image, the

VAE can learn an informative latent space to a decent degree, and the performance

gets degenerated with a higher� . While for the ImageNet dataset, we still choose

a boat image. The number of categories is much higher than CIFAR-10, thus, the

VAE cannot really preserve many details for a single image. The reconstructions

capture the shape and background, but clearly loses a lot of details. In some cases

it appears that the type of object is being captured, although in the case of the

boat with the � -VAE (with � = 20) the wrong object is being rendered. We

note that there is very little variation between the di�erent samples drawn from

q� (z jx ), particularly for the standard VAE ( � = 1), showing that the latent space

of the VAE is relatively smooth (there is more variation when� = 20).

3.2.1 LSR-GAN

Before introducing the LSR-GAN, we represent the structure of a VAE schemati-

cally below. We sample an inputx from some dataset,D. To be concrete we will

consider the case where the inputs are images. Although clearly a VAE can be

used to represent many di�erent types of data, it is mainly used on images.

Figure 3.2: The diagram of a vanilla VAE.

For each input x the encoder outputs a mean vector,� , and standard devia-

tion vector, � , that describes an axis aligned normal distribution,q� (z jx ) =

N (z
�
�� � (x ); diag(� 2

� (x ))). A latent variable z is sampled from this distribution

and then fed to a decoder. For simple black and white datasets such as MNIST the

decoder outputs a scalar at each pixel location that can be interpreted as the prob-

ability that the pixel is black. For more complex datasets the decoder usually gen-

erates a \reconstruction" x̂ . The probability of generating a pixel valuex i is then

usually taken as a normal distribution with mean ^x i (i.e. p� (x i jz) = N (x i jx̂ i ; � 2))

and variance� 2 that measures the expected size of the errors between the input

images,x , and the reconstructions,x̂ .
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Figure 3.3: The diagram of LSR-GAN.

LSR-GAN is a novel hybridization of the VAE and GAN model. The most

distinct di�erence of LSR-GAN from previous work is that it is a two-stage model.

In the �rst stage we train the VAE model. Having done this we freeze the weights

of the VAE and train the GAN. We train the discriminator, D, of LSR-GAN in

the same way as a normal GAN. That is, we minimise a loss function

L D = Ex � pdata (x ) [logD(x )] + Ez � pz (z ) [log(1 � D(G(z)))] (3.2)

whereG is the generator of LSR-GAN. The job of the discriminator,D is, to decide

whether its input is a real image or not. Thus, to optimise the loss function we

need to maximize the log-probability of passing the real data,x , while minimising

the log-probability of accepting a random samplingG(z) generated by a generator

G seeded with a random latent vectorz. The architecture of the generator is the

same as that of a normal GAN but the loss function is slightly di�erent. We add

an additional term giving

L G = Ez � pz (z ) [logD(G(z))] + � log(q� (z jG(z))) : (3.3)

The parameters of the discriminator and generator are trained in the usual tick-

tock fashion using gradient descent. We built the VAE and the generator of GAN

using a ResNet (He et al., 2016) as it gave slightly better performance than using

a standard CNN. The architecture of the discriminator is the same as DCGAN

(Radford et al., 2015), and the diagram is shown in Figure 3.3. Figure 3.4 shows

the reconstruction results of two datasets. For each pair in the �gure, the left

one is the original image and the right one is the reconstruction image from LSR-

GAN. Although the reconstructions are sharp enough, those images do not retain

enough details. The details vary in di�erent images, some outputs can reconstruct
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very detailed information like the bird in ImageNet, and some reconstructions are

extremely poor like the grass and 
ower in ImageNet.

CIFAR-10

ImageNet

64x64

Figure 3.4: Examples of input-output pairs of images. The left image is
an image from the test dataset. The right image is the image generated
by the LSR-GAN seeded with a latent vector encoding of the input image
(� = 1)

To test the LSR-GAN we use the VAE to generate a latent representationz for

an image drawn from an independent test set. The latent vector is then used as

a seed value for the generator in the LSR-GAN. The LSR-GAN can get sharper

reconstruction images than the VAE (see Figure 3.5). Although not visually so
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CIFAR-10

Input

VAE

LSR-GAN

Figure 3.5: The comparison between reconstruction images of VAE and
LSR-GAN on test dataset.

obvious, we have used a quantitative measure of sharpness computed as luminance-

normalised Laplacian (San Pedro and Siersdorfer, 2009, Section 3.1.2). Sharpness

measures the level of detail of an image, San Pedro and Siersdorfer (2009) claim the

sharpness of an image can be determined as a function of its Laplacian, normalized

by the local average luminance around each pixel, as shown in Equation 3.4:

Sh =
X

x;y

L (x; y)
� xy

; with L (x; y) =
@2I
@x2

+
@2I
@y2

(3.4)

where� x;y denotes the average luminance around pixel (x,y). While the luminance

value is the images in the YUV colour space. Higher value means better sharpness.

For the reconstructed images from the VAE we obtained a measure of 0:17� 0:03

while for the LSR-GAN we obtain 0:28� 0:08 (i.e. an improvement of a factor of

two). We have also computed the Fr�echet inception distance (FID) scores (Heusel

et al., 2017) for CIFAR-10. Where FID is a metric that calculates the Fr�echet

distance between the fake images and the real images. as shown in Equation 3.5:

F ID = k� 1 � � 2k2
2 + tr

0

@� 1 + � 2 � 2
�

�
1
2
1 � 2�

1
2
1

� 1
2

1

A (3.5)

Where (� 1, � 1) and (� 2, � 2) are the mean and covariance of fake images and real

images respectively, which are obtained from the inception model (Szegedy et al.,

2015). The lower distance score means better similarity. For images seeded from a

testing example, the VAE achieved a score of 89.8 while LSR-GAN achieved a score

of 35.9, while for images seeded with random latent variable (i.e.z � N (0; I )) the

FID score for the VAE is 138.6 while for the LSR-GAN it is 36.4. This should not

be surprising. The decoder of the VAE is training only where there are training

images. Although the VAE does not do too badly generating testing examples,
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CIFAR-10

Input

� =0.1

� =20

Figure 3.6: Examples of input-output pairs of images for di�erent� values
for a � -VAE. The �rst row is from the test dataset. The second and third
rows are reconstructions generated by LSR-GAN for VAEs trained with
di�erent � values.

these tend to be substantially closer to the training examples than random samples

in the latent space. In contrast, the LSR-GAN is trained on random samples so

that the generator will have to produce \realistic" images over the whole latent

space. Of course, whether these generated images represent anything recognisable

is open to question. For diverse training sets such as CIFAR-10 and ImageNet this

may be very di�cult. What image should we expect from a latent vector halfway

between a truck and a bird?

3.2.2 LSR-GAN with Beta-VAE

As the reconstruction highly depends on the latent space we obtained from the pre-

trained VAE. A small change in the VAE can cause a di�erent results. According

to the � -VAE introduced by Higgins et al. (2017a), where the KL-divergence term

in a normal VAE is weighted by a parameter�

L = � Ez � q� (z jx ) [logp� (x jz)] + �D KL
�
q(zjx )jjN (0; I

�
): (3.6)

The argument is that by making� � 1 we encourage disentanglement. Contrari-

wise, by making� � 1 we make a VAE closer to an auto-encoder.

Thus, in Figure 3.6 we show more examples of input-output pairs from the LSR-

GAN that the pre-trained VAE with di�erent values of � . We observe that for large

� the output images are quite di�erent from the input images. In contrast, the

output images of small� are more close to the original images. Also, those images

in the third row lost more details compared to the second row, which is consistent

with the theory that the VAE with a higher � value retains less information in the

latent space.
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Although the LSR-GAN model generates slightly clearer, less blurry, images,

it has a higher reconstruction error than the VAE decoder. We show the mean

squared error measured on the testing set from CIFAR-10 as a function of� in

Figure 3.7(a). When the� is small enough the LSR-GAN just collapses. Because

when the VAE is trained with a small � , it close to an autoencoder, which can only

compress the input data rather than learn a proper distribution. Thus the LSR-

GAN cannot match the sample to a reasonable distribution. The poor performance

of the LSR-GAN on mean squared error (MSE) is unsurprising, it uses the same

information as the VAE (i.e. the information stored in the latent space). By

producing sharper images it will pay the price of getting the boundary wrong.

The blurry edges from the VAE is a way to hedge its bet and reduced the mean

squared error. Interestingly, the mean squared error remains fairly constant until

we reach� = 1 after which it rapidly increases. One interpretation of this fact

is that the VAE with � = 1 is successfully encoding all the useful information

(i.e. compressible information) so for reconstructing unseen images it will perform

as well as an auto-encoder. As we increase� above 1, the reconstruction error

increases rapidly.

Rather than only look at the MSE between the reconstructions and the original

images, we test the reconstructions by passing them to a simple classi�er which

consists of 2 layers of CNN and a layer of MLP. In Figure 3.7(b) we show the

absolute classi�cation performance of the LSR-GAN and the VAE, which means

we only count the result as true when the reconstruction image is classi�ed as the

correct label. The classi�er is trained on the original CIFAR-10 training set. The

classi�er performance achieved an 84% correct classi�cation on the raw images.

We �nd little variation as we decrease� smaller than 1. As we increase� above 1

the classi�cation accuracy falls o�. Again we can attribute this to the latent space

of the VAE (with � = 1) capturing less information. Due to the small value of

the error, the error bar is not obvious in the �gure. Interestingly the high-� VAE

fails to capture \objectness" well. This suggests that, at least for CIFAR-10, the

type of object does not contain very much information about its appearance and

is rapidly discarded.
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(a)

(b)

Figure 3.7: Performance of the VAE (blue points) and LSR-GAN (red
points) versus � . In (a) we show the mean squared error, while in (b)
we show the classi�cation performance using a classi�er taking the recon-
structed images. The images are taken from CIFAR-10. Error bars show
standard error.

3.3 Minimum Description Length

To understand what VAEs do it is useful to interpret them in the framework of

the minimum description length (MDL) formalism. In MDL we consider com-

municating a datasetD through a communication channel using as few bits as

possible. We can do this using lossy compression, where we encode each input

x by a codez, which we communicate down our channel. The receiver decodes

the message and produces an approximation of the inputx̂ . To communicate the
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original information we send the codez together with the error � = x � x̂ between

the input x and the reconstructionx̂ . The expected cost of transmitting an input

is

L = Ex �D [M (z) + E(� )]

whereM (z) is the number of bits needed to communicate the code,z, and E(� ) is

the number of bits required to communicate the error,� . In the MDL formalism we

attempt to �nd a code that minimises the description lengthL . To communicate

the model and errors we need to use an optimal coding strategy. Rather than

speci�er and actual code we can use the Shannon bound (i.e. the negative log-

probability of the tokens we transmit). For this to be meaningful, we need to

specify both the errors and code to a �nite precision. The precision of the errors

will determine the accuracy of the data we communicate. If thei th component

of the error is distributed according top(� i ) then the cost of communicating the

error to a precision of � is approximately � log(p(� i ) �) = � logp(� i ) � log(�).

The factor � log(�) is common to all coding schemes so is irrelevant to choosing

optimal codesz. In contrast the precision to which we transmit the model will

directly determine the costM (z). There is a balance to be struck: a more precise

model can potential lead to a better reconstruction̂x , reducing the reconstruction

cost, E(� ), but at the same time increasing the cost,M (z), of communicating the

codez.

The KL-divergence term, KL(q(z)jjp(z)) (also known as the relative entropy)

can be interrupted as the communication cost (in nats) of transmitting a random

variable z with uncertainty given by q(z) assuming an underlying probability dis-

tribution of all random variables ofp(z). Using this interpretation we see that the

loss function of a VAE is equivalent to the expected message length (in nats) of

communicating a sample from the datasetD by using a random variablez with

uncertainty q(z). By minimising the loss function we �nd a coding scheme with

the minimum description length (or, at least, an approximate local minimum).

By encoding a message as a random variablez drawn from a distribution q� (z jx )

the VAE is able to �nd an optimal balance between accuracy to which it trans-

mits the model (determined by the standard deviation vector,� , generated by the

VAE encoder) and the need to reduce the reconstruction error.From an MDL

perspective the ELBO is the correct objective function, and should not be regarded

as a approximate lower bound to what we really want to achieve.If there are too
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many dimensions in the latent space then some of the components ofz (chan-

nel in information theory terms) are such thatzi is approximated distributed by

N (zi j0; 1) for all inputs x . The channel is e�ectively \switched o�" (and it will be

ignored by the decoder as it is just a source of random noise). This is referred to

as posterior collapse and is sometimes viewed as problematic, however, from the

MDL viewpoint it acts as an elegant automatic dimensionality selection technique.

The job of the decoder in a variational autoencoder is to reconstruct the im-

age only using information that can be compressed. With an extremely powerful

encoder and decoder and a limited dataset it would be possible for the encoder

to communicate an identi�er of the input image and for the decoder to reproduce

the image just from the identi�er, thus avoiding communicating any information

about the visual content of the image|this requires that the decoder memorises

all the images. This would be an extreme case of posterior collapse. There is some

evidence that with very strong encoders and decoders that the amount of infor-

mation stored in the latent space (as measured by the KL-divergence) decreases

(Bowman et al., 2015). This might point to a weakness of the VAE set-up|the

MDL set-up really only makes sense when the dataset is arbitrarily large|, but

this problem could be ameliorated by data augmentation. However, using stan-

dard CNN encoders and decoders we found no evidence for memorisation of the

images (for example, the VAE would produce a similar level of reconstruction for

images from a separate test set). For language modelling there seems to be more

evidence that VAEs often fail to extract information in the latent space, but for

images it seems likely that a properly trained VAE will extract a good fraction

of the information. As a consequence we should not think of the decoder of a

VAE as a generative model: It will, by design, produce blurry and poor quality

reconstructions. We see the mapping from images to latent space as a many-to-one

mapping. Thus, the mapping from the latent space to images will be ambiguous

and the best we can do is imagine an image compatible with the latent variable:

exactly what we have designed the LSR-GAN to do.

3.4 Di�erences between LSR-GAN and Related

Work

The hybridisation of VAE and GAN models have been developed for several years.

But most of those works train the model in an end-to-end manner, like AAE

(Makhzani et al., 2016), VAE/GAN (Larsen et al., 2015) and MDGAN (Che et al.,
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2017). None of these methods feeds the output of the generator back into the en-

coder or trains their network in two-stages, which is the biggest di�erence between

these methods and ours. Also, some of these hybrid models adopt an autoencoder

instead of VAE while the VAE in our model cannot be replaced by an autoencoder.

There are a few models that use the output of the decoder to feed the encoder.

This type of method is so called "introspective". The Introspective Adversarial

Network (IAN) (Brock et al., 2017) is a uni�ed model which the discriminator is

not separate. IAN encodes features from both raw images and synthetic images

during the training. While our encoder only accept synthetic images. Another

model that adopts the introspective method is IntroVAE (Huang et al., 2018), it

constructs the inference modelE and generator modelG in a circulation loop.

IntroVAE has the ability to generate high-resolution images. But it does not

contain any discriminator network.

The most close work to our LSR-GAN is VEEGAN (Srivastava et al., 2017).

It introduces a network F� to the GAN. The task of F� is the same as an encoder.

The loss function is di�erent when the input ofF� changes. It minimises the MSE

error between the input of the generator and the output ofF� when the input is the

output of the generator. If the input of F� is real data, The loss function is a cross-

entropy between Gaussian prior and the output ofF� . Another related model is the

Generative moment matching networks (GMMN) (Li et al., 2015). In this model

the autoencoder is frozen and they then minimize the maximum mean discrepancy

(MMD) between the generated representation and data representation, and they

use a uniform prior to generate the representations. In LSR-GAN, we match two

Gaussian distributions by maximizing the probability. None of these related works

are two-stages models except GMMN.

3.5 Experiments

In this section, we present some quantitative and qualitative results. Figure 3.8

describes the structure of the VAE's encoder and decoder, the GAN's generator.

The discriminator is the same as the one used in DCGAN (Radford et al., 2015)

The encoder and decoder/generator are based on ResNet. Both networks are

optimized using Adam (Kingma and Ba, 2015) with a learning rate of 2� 10� 4 and

� 1 = 0:5. The additional fully connected layer at the beginning of the generator

is necessary as the latent variable of the encoder is from fully connected layers.

It helps the initial random variable z be transformed into feature maps, which
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Figure 3.8: The architecture details.

can stabilize the training of GAN. We show the results on four di�erent datasets:

CIFAR-10, ImageNet, Celeb-A and MNIST. Most of the quantitative results are

based on the CIFAR-10 dataset, which is a dataset that contains 10 di�erent

categories and the image scale is 32� 32. While the ImageNet dataset contains

more images and categories, the original size of the image varies, and we rescale

all the images into 64� 64. The Celeb-A is a dataset consist of di�erent human

faces, we also rescale the images to 64� 64 and crop the centre part. The MNIST

is a simple dataset contains binary images of handwritten digits from 0 to 9, the

size is the smallest which is only 28� 28.

3.5.1 Dependence of LSR-GAN on �

As mentioned before, the images generated from the LSR-GAN highly relies on the

quality of the latent space obtained from the VAE. Thus, the choice of� value can

bring di�erent e�ects. In Table 3.1 we present measurements of the outputs from
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both VAEs and LSR-GAN that are trained on CIFAR-10 with di�erent values

of � . Some of this data is also presented graphically in Figure 3.7, but we have

included additional measurements.

Table 3.1: The measurement for di�erent� values. Absolute acc is the
rate that classi�er classi�es reconstruction images right. Relative acc is
the rate that classi�er classi�es reconstruction images the same as raw
images.

� =0.01 � =0.1 � =0.5 � =1 � =5 � =10 � =15 � =20

MSE (VAE) 54:56� 0:30 54:07� 0:29 53:80� 0:29 55:9 � 0:3 84:64� 0:42 111:49� 0:53 132:56� 0:61 150:40� 0:66

MSE (LSR-GAN) Model Collapse 153:09� 0:66 139:75� 0:63 163:06� 0:73 177:22� 0:86 229:53� 1:07 265:74� 1:19 302:17� 1:47

Absolute acc (VAE) 44:08� 0:22% 45:66� 0:21% 45:01� 0:17% 42:56� 0:13% 28:17� 0:13% 21:26� 0:20% 18:89� 0:18% 17:70� 0:23%

Absolute acc (LSR-GAN) Model Collapse 43:29� 0:18% 45:06� 0:23% 47:19� 0:13% 40:23� 0:18% 32:58� 0:21% 27:93� 0:21% 26:18� 0:17%

Relative acc (VAE) 45:69� 0:21% 44:11� 0:20% 43:38� 0:21% 43:75� 0:25%% 28:34� 0:15% 21:59� 0:21% 18:90� 0:18% 16:90� 0:21%

Relative acc (LSR-GAN) Model Collapse 45:02� 0:18% 44:71� 0:16% 48:41� 0:25%% 43:54� 0:18% 37:90� 0:17% 33:68� 0:20% 31:91� 0:19%

In addition to MSE, there are two di�erent classi�cation results in the table.

Both results are from the same classi�er which is trained on the original training

set. The absolute classi�cation accuracy shows the rate of how many reconstruc-

tions are classi�ed as the true category among all images. While the relative

classi�cation shows the rate of how many outputs of reconstruction images are the

same as outputs of original images among all images. The LSR-GAN collapses

with � = 0:01, which has been explained before. As shown in the table, the VAE

is better than the LSR-GAN in MSE comparison for all the� values. However,

LSR-GAN is better than VAE in both absolute and relative classi�cation results.

This also proves that MSE is not a proper measure either of the image-quality or

the information preservation. And the classi�cation accuracy roughly decreases

as the � value increases, this is acceptable because the latent space lost more in-

formation. Moreover, the classi�cation results from the LSR-GAN is more stable

than the VAE when the value of � increases. This shows with a higher� value,

the decoder of the VAE gets degenerated when the latent space loses more infor-

mation, while the generator of LSR-GAN can visualising the learned information

much better than the decoder of the VAE. One thing in Table 3.1 that needs to

be noticed is that the MSE of LSR-GAN when� = 0:1 is close to the MSE of

VAE at � = 20. But the image we get from LSR-GAN is still much sharper than

VAE and the classi�cation accuracy based on LSR-GAN generation is also better.

This also shows that the MSE can not help us get realistic images or informative

images.
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3.5.2 Dependence of LSR-GAN on �

Unlike the � value of the pre-traiend VAE that a�ects the latent space. The

hyper-parameter � balances the need to produce convincing images (from the

discriminator's point of view) with the requirement that the latent space of the

GAN should be close to that for the VAE. These two objectives are not necessarily

contradictory, although we will see that changing� has bene�ts and drawbacks.

The � value is the same for these experiments.

(a)

(b)

Figure 3.9: Graphs showing the classi�cation performance of images gen-
erated by our LSR-GAN with di�erent � values (on test dataset).
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(a)

(b)

Figure 3.10: Graphs showing the classi�cation performance of images gen-
erated by our LSR-GAN with di�erent � values (on test dataset).

In Figure 3.9 we show the e�ect of changing� over approximately three orders

of magnitude. Figure 3.9a shows the absolute classi�cation accuracy, Figure 3.9b

shows the classi�cation accuracy compared to the class labels predicted by the clas-

si�er on the raw images, Figure 3.10a shows the MSE value and Figure 3.10b shows

the variance in the predictions when choosing di�erent samples fromq� (z jx ). We

take the logarithm based on 10 of those� values since the gaps between those�

values are large. We see that increasing� improves the classi�cation performance

(both relative and absolute). Also, increasing� produces a signi�cant reduction in

the reconstruction error. These improvements all depends on the similarity of the

latent space between the LSR-GAN and the pre-trained encoder. More intuitively,
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it also causes a reduction in the variance between images sampled independently

from q� (z jx ). That is, using the encoder in the LSR-GAN acts as a regulariser

ensuring close by points in the latent space map to similar images.

Although the graph can deliver an intuitive view of the improvement, it still

lacks exact values. More details are given in Table 3.2. It can be observed that

when � is higher than 1, by forcing the matching between two distributions with

a higher � value, the results of classi�cation accuracy get better than the original

VAE. Even for the MSE, it shows a trend that the LSR-GAN can do better.

However, the generator collapses when the� is too high. Just like an very large

� value of the VAE, such as 1000, will return a messed up latent space without

any information for the dataset, a higher� like 100 would result in a degenerated

generator.

Table 3.2: The measurement for di�erent� values. Variance is the variance
among the images generated by same latent representations. Absolute acc
is the rate that classi�er classi�es reconstruction images right. Relative
acc is the rate that classi�er classi�es reconstruction images the same as
raw images.

� =0.01 � =0.1 � =0.5 � =1 � =5 � =10 � =15 � =20

MSE 285:99� 1:39 231:34� 1:14 193:72� 0:90 163:06� 0:73 104:15� 0:46 90:66� 0:43 86:81� 0:42 84:69� 0:40

Variance 68:54� 1:17 15:06� 0:25 3:96� 0:08 1:67� 0:02 0:70� 0:01 0:54� 0:00 0:50� 0:00 0:48� 0:00

Absolute acc 35:52� 0:23% 45:2 � 0:21% 46:96� 0:28% 47:19� 0:13% 47:21� 0:20% 47:45� 0:18% 47:89� 0:21% 48:72� 0:23%

Relative acc 36:37� 0:18% 46:40� 0:20% 48:08� 0:21% 48:41� 0:25% 48:65� 0:15% 48:72� 0:30% 48:79� 0:28% 50:22� 0:21%

3.5.3 Examples of Generated Images

In this part we show sample images generated by LSR-GAN and DCGAN with

a random seedz � N (0; I ). Those results can give use a sense about how good

the random generations are for di�erent datasets, where the results are from both

LSR-GAN and DCGAN. The LSR-GAN is trained with � =1 and � =1. The

samples are shown in Figure 3.11 for an LSR-GAN trained on CIFAR-10 and

ImageNet. We rescale the images for better alignment. Where the original size of

CIFAR-10 is 32� 32 and of ImageNet is 64� 64. Although the images super�cially

look reasonable on close inspection it is clear that most samples for the LSR-GAN

trained on CIFAR-10 and ImageNet are not real world objects. This re
ects the

fact that the images for these two dataset are very variable leaving most of the

latent space representing rather surreal objects.
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(a)

(b)

Figure 3.11: Random samples generated by LSR-GAN and DCGAN. Left
column is from LSR-GAN and righ column is from DCGAN. (a) is CIFAR-
10 and (b) is ImageNet.

We have also trained LSR-GAN on MNIST and Celeb-A with samples shown in

Figure 3.12. These two datasets are less complex than CIFAR-10 and ImageNet.

Perhaps unsurprisingly, most samples are identi�able.
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(a)

(b)

Figure 3.12: Random samples generated by LSR-GAN and DCGAN. Left
column is from LSR-GAN and righ column is from DCGAN. (a) is MNIST
and (b) is Celeb-A.

3.6 Conclusion

VAEs are often taken to be a method for generating samples that is easier to train

than a GAN, but gives slightly worse results. If this is the only objective then it is

clearly legitimate to modify the VAE in anyway that will improve its performance.

However, we believe that this risks losing one of their most desirable properties,

namely their ability to learn features of the whole dataset. We have argued that

because of this property, a VAE is not an ideal generative model. It will not be
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able to reconstruct data accurately and consequently will struggle even more when

generating new samples.

As we have argued, a consistent way of using the latent space of a VAE is to

use a GAN as a data renderer, using the VAE encoder to ensure that the GAN

is generating images that represent the information encoded in the VAE's latent

space. This involves \imagining" the information that the VAE disregards. LSR-

GAN can be particularly useful in generating random samples, although, as shown

in the section 3.5, for very diverse datasets the samples are often not recognisable

as real-world objects. Although there are already many VAE-GAN hybrids, to the

best of our knowledge, they are all designed to \�x" the VAE or `enhance" the

GAN.



Chapter 4

Transfer Learning in Variational

Autoencoder

Transfer learning is the process of using knowledge learned on one dataset to solve

a problem involving a second dataset. In this chapter, we investigated the ability

of VAE to transfer the knowledge learnt from one dataset to another dataset.

VAEs are powerful at learning representations, however, it is time-consuming and

money-consuming to train di�erent VAEs from the beginning for di�erent datasets.

Also, VAEs ask for a huge amount of data which is di�cult and expensive to be

collected in real world. Transfer learning can help us solve this issue by using a

VAE that is pre-trained on a related dataset, which allows us to get a well-trained

VAE with less time and data. Also, transfer learning enables the VAE to hold a

semantic latent space with few data. Although transfer learning is rarely used in

VAEs we will see in this chapter that it is surprisingly e�ective.

4.1 Introduction

There is a common assumption for most of the deep learning methods that the

training set and test set are from the same distribution. It is hard for a model to

perform well on other out of distribution datasets. But this does not imply that

the knowledge learnt by the neural network cannot be transferred to the out of

distribution dataset. In many tasks, people believe that a ResNet (He et al., 2016)

pre-trained with ImageNet can enhance the results especially when the training

data are not enough. This idea can be helpful in deep generative models. In the

49
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real world, it is expensive to collect data and re-train a huge model. It would be

e�cient if we can apply the knowledge learnt from a source domain to the target

domain. Since the distribution learnt by a generative model can be applied to

other downstream tasks such as classi�cation. It is expected that this property can

be transferred to the new dataset when we apply transfer learning on generative

models.

There are attempts for transfer learning that are based on deep generative

models developed already. Wang et al. (2018); Noguchi and Harada (2019) and

Zhao et al. (2020) both achieve generating images with limited training data when

the pre-trained GAN model is powerful enough, these models can generate samples

with diversity even when the style in training data is limited. Wang et al. (2018)

show that these techniques can help the model converge faster and performs better

than re-train a new model. While Li et al. (2019) solve the mode collapse problem

by modifying the class embeddings of a pre-trained class-conditional GAN and

can generate samples of new classes. All of these previous works are based on

GAN models but not VAE models. And these GAN-based pre-trained models

can only work for image generation but no other tasks. Belhaj et al. (2018)

propose a semi-supervised classi�cation network based on VAEs that can share

the knowledge across the domain among supervised data and unsupervised data

when the labelled data are not enough. Unlike this work, we explore the ability

of VAEs to act as a pre-trained model and we �nd it can help VAEs to converge

faster and get a better ELBO, which leads to a better representation.

4.2 Overview of Visualisation Technique

In the deep learning �eld, the data is usually non-linear and high-dimensional, it

is common that the model projects the data on a manifold with the geometric

shape like curve, sphere, etc. Using Principal Components Analysis (PCA) can

lead to poor performance especially when dealing with non-linear data. Thus,

we apply t-Distributed Stochastic Neighbor Embedding (t-SNE) (Van der Maaten

and Hinton, 2008) which is a widely used method for visualizing high-dimensional

data.

PCA is a deterministic method, which aims at �nding the principal components

to remain the most important information. Unlike PCA, t-SNE preserves the
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pairwise similarities between data points. The cost function is

C = KL (P jjQ) =
X

i

X

j

pij log(
pij

qij
)

Where P is the joint distribution in the high-dimensional space andQ is the joint

distribution in the low-dimensional space. We de�nex and y as the data point

in the high-dimensional and low-dimensional space separately. Thenqij is the

pairwise similarities in the low-dimensional space given as:

qij =
exp(�




 yi � yj




 2

)
P

k6= l exp(�k yk � ylk
2)

However, this form cannot be used directly topij , the pairwise similarities in the

high-dimensional space. Since if there is an outlier in the dataset, it will make the

other data points have little e�ects on the cost function. Thus,pij is de�ned as:

pij =
pi j j + pj j i

2n

Where n is the number of data points andpi j j is given as:

pi j j =
exp(�




 x i � x j




 2

=2� 2
i )

P
i 6= k exp(�k x i � xkk2 =2� 2

i )

� i is the variance of the Gaussian that is centred onx i . By optimising the cost

function, we can obtain distribution in the low dimension that preserves the same

similarity in the high dimension. Usually, we need to set the value of perplexity

which is the number of nearest neighbours that is used in the algorithm. We set

perplexity as 30 which is a common setting in all experiments.

4.3 Transfer Learning

Transfer learning is used to improve the model from one domain by transferring

information from another related domain. It is useful when there is a limited

amount of target data. With big data becoming a common setting for deep learn-

ing models, using existing datasets that are related to the target dataset is an

attractive approach. For a real-world example, a person who has learned Chinese

before can learn Japanese more e�cient than other people that have not learned

Chinese since there are a lot of Chinese characters in Japanese words.
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There are many research works that have successfully investigated transfer

learning such as image classi�cation (Zhu et al., 2011; Kulis et al., 2011) and

multi-language text classi�cation (Zhou et al., 2014). In many transfer learning

solutions, the researchers focus on correcting the di�erence between the source

domain and the target domain. However, this is not necessary for the training

of VAEs since we assume the prior distribution in VAEs is Normal distribution

for all di�erent datasets. In other words, for VAEs trained on di�erent datasets

we map the posterior distributions to the same prior distribution. Presumably, a

well-trained VAE should perform reasonable reconstruction and representation ex-

traction on a related dataset and the results can be improved through �ne-tuning.

Thus, we investigate this assumption in the next section.

4.4 Experiments

In this section, we investigate the performance of a vanilla VAE pre-trained model

with the COCO dataset (Lin et al., 2014) on other datasets. The architecture

of the encoder is 3 layers CNN network with Batch Normalization and 2 layers

fully connected network, and the decoder consists of 4 layers CNN network. The

optimizer is Adam with a learning rate of 2� 10� 4 and � 1 = 0:5 (Kingma and

Ba, 2015). We resize all the images to 64� 64 to �t the size of the encoder. The

diagram of the model architecture is shown in Figure 4.1.

First, we test the pre-trained VAE without �ne-tuning which means all the

parameters of the VAE have been frozen and there is no training procedure when

we test the pre-trained VAE on other target datasets. Then we demonstrate

the performance of a pre-trained VAE with �ne-tuning which means we train

another 50 epochs on target datasets. The pre-trained VAE can be regarded as

an initialisation of the VAE training, however, we restrict the size of the target

dataset and the training time, we also compare the results with a vanilla VAE

trained on the target dataset without transfer learning. In the last, we investigate

the performance of VAEs on the semantic latent space.

4.4.1 Transferring VAE without Fine-tuning

When the training dataset is large and complex enough such as ImageNet or

COCO, the VAE can reconstruct other simple datasets like CIFAR-10, Celeb-A
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Figure 4.1: The diagram of the model architecture

and MNIST, although it cannot generate random samples like MNIST or Celeba-A

dataset without �ne-tuning.

As shown in Figure 4.2, there are reconstruction images of 4 di�erent datasets.

For each dataset, the �rst row is the original image and the second row is the re-

construction image. We upsample CIFAR-10 and MNIST to 64� 64 and convert

MNIST to RGB images while it remains black and white. All the reconstruction

images are reasonable although they are still blurry and lost details. It is ac-

ceptable since the VAE pre-trained on COCO has never seen the details of other

datasets. The results show that once a VAE is trained with enough data, it is

able to reconstruct samples with the same type of data. But a VAE trained with

COCO can never generate images like MNIST. Then we investigate the di�erence
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ImageNet

CIFAR10

Celeb-A

MNIST

Figure 4.2: Reconstructions of 4 di�erent datasets from a VAE trained
with COCO dataset. For each dataset, the �rst row is the original image
and the second row is the reconstruction image. All the datasets have been
rescaled to 64x64.

between the distribution of these datasets in the latent space. We randomly select

500 samples from the 5 di�erent datasets and collect the� from the encoder.

Figure 4.3 is the result after we apply t-SNE. Most data points are in close

proximity. It is not surprising that MNIST is out of the distributions of other

datasets in the latent space since other images are all real images but MNIST

is a dataset containing binary images of handwritten digits. But the decoder is

still able to reconstruct it. We cannot see too many di�erences between COCO,

ImageNet and CIFAR-10 in this two dimensions visualisation since these three

distributions highly overlap. And Celeb-A is not like the other 3 datasets that

cover all the area and it only lies in the corner area, which corresponds to the

speciality of Celeb-A that it only contains human-face, can be regarded as a subset

of the other 3 datasets at a representation view. Then we investigate another

quantitative measurement.
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Figure 4.3: t-SNE result of 5 di�erent datasets in the latent space, each
dataset contains 500 samples.

First, we use a simple multiclass perceptron to test if these samples from dif-

ferent datasets are linearly separable in the latent space. As shown in Table 4.1,

MNIST and Celeb-A are able to be classi�ed in most cases by the linear classi�er,

which is not surprising according to the t-SNE result. COCO, ImageNet and CI-

FAR10 are still hard to be classi�ed linearly even in the original high-dimensional

space, this tells us that VAEs can encode these natural images into a close distri-

bution, and this makes the transfer learning based on VAE more interpretable. We

also compute the KL value between the posterior distributions of these di�erent

datasets and the prior (normal distribution in a vanilla VAE set). Lower is more

close to the prior. Again, COCO, ImageNet and CIFAR10 are at the same level

while Celeb-A and MNIST are quite far away from the former three datasets. The

VAE pre-trained with COCO get the lowest KL value on CIFAR10 dataset. The

reason of this result is because we upscaled CIFAR10 from 32� 32 while other

datasets are downscaled. The upscaling operation makes CIFAR10 images more

blurry which is more close to the output of decoder. VAE is able to distinguish

the datasets when they are visually far from each other but can still reconstruct

them. And we can improve the result on the speci�c dataset by �ne-tuning.
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COCO ImageNet CIFAR10 Celeb-A MNIST

� train acc. 44.6% 46.8% 42.8% 97.4% 99.8%

� test acc. 35.4% 40.2% 33.0% 89.8% 100 %

KL 163.47 169.54 154.29 181.44 216.92

Table 4.1: Quantitative results in the latent space, classi�cation accuracy
based on a linear classi�er, there is no good or bad accuracy for this result.
The last row is KL values between the posterior distribution and the prior
(normal distribution in a vanilla VAE set).

4.4.2 Transferring VAE with Fine-tuning

As other pre-trained models, a pre-trained VAE can help training converge faster

and perform better especially when the amount of data is limited. We use Celeb-

A as a training dataset to �ne-tune the pre-trained VAE. And we choose only

100 images randomly from the original dataset. We �ne-tune the model for 50

epochs. For comparison, we train a new VAE with the same 100 images for 50

epochs. And Figure 4.4 shows the reconstructions for test images. VAE-New is a

retrained model and VAE-Tune starts from a pre-trained VAE. When the training

data is limited, a VAE without pre-training cannot reconstruct the images well.

A pre-trained VAE converge faster and better.

Input

VAE-New

VAE-Tune

Figure 4.4: The reconstructions of Celeb-A. VAE-New is a retrained model
and VAE-Tune starts from a pre-trained VAE.
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Figure 4.5: The ELBO of two models. VAE-New is a retrained model and
VAE-Tune starts from a pre-trained VAE. The X-axis represents epoch
and Y-axis represnets ELBO.

As shown in Figure 4.5, the ELBO of VAE-New is much higher than VAE-Tune

which makes the line of VAE-Tune looks like a straight line. We can get the same

results even if VAE-New has been trained for the same number of iterations as

the pre-trained VAE. It will not change this result if we use the whole Celeb-A

dataset as a training set.

Figure 4.6: The reconstruction of face with light color glasses

4.4.3 The Semantic Latent Space

By applying transfer learning, the VAE is also able to learn a semantic latent space

as a vanilla VAE does. If we increase the size of training data, the VAE-Tune

can capture a meaningful representation with arithmetic operations on semantic

attributes from limited data. It is crucial to increase the size of data because

the VAE-Tune is prone to discard redundant information during �ne-tuning. For

example, if we use a smaller Celeb-A dataset that does not include face images with

glasses, then the VAE-tune cannot reconstruct face images with glasses (especially

for light colour glasses), as Figure 4.6 shows. For arithmetic operation, we �rst do
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a simple test

Female NoGlasses+ Male Glasses{ Male NoGlasses= Female Glasses

(4.1)

We do the experiment based on the above equation in the latent space and get

Figure 4.7. Although the quality of images is not perfect, it corresponds to the

semantic equation. To do this, we simply choose 3 images that correspond to

the desired label in Equation 4.1 and use the� obtained from the encoder to do

the calculation. The result shows a human face that owns the attributes we are

looking for according to Equation 4.1. Even the face orientation is plausible. In

Figure 4.7, the negative image is a human face located at the left of the image and

looks to the right, which can be approximately eliminated by the second image,

the human face with glasses one. The second one is close to the left and the human

face slightly looks to the right. Thus, the result holds the same orientation as the

�rst female image. This result shows that the VAE-Tune can learn a reasonable

semantic latent space even with limited data.

+ - =

Figure 4.7: The arithmetic operaion about generating female with glasses.

Also, we do interpolations between an image with one attribute and the image

without the attribute. We randomly pick 500 smiling face images and compute the

mean of� of these images and do the same thing on 500 non-smiling face images.

Then we do interpretations following the semantic Equation 4.2. In this equation,

� 2 [0; 0:5].

NoSmile Sample+ � (Smile{ NoSmile) = Smile Sample (4.2)

The transition from a non-smiling face to a smiling face shown in Figure 4.8 proves

there is a reasonable interpolation between semantic attributes in the latent space.

We also have done an interpolation between two di�erent attributes. Following

Equation 4.3 we get Figure 4.9, it still performs well and it does not a�ect other
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attributes even when we have modi�ed two attributes.

Sample+ � (Smile{ NoSmile) + � (Glass{ NoGlass) = Smile Glass Sample

(4.3)

Figure 4.8: The face images from NoSmile to Smile

Figure 4.9: The face images from NoSmileNoGlass to SmileGlass

4.5 Conclusion

Transfer learning is a useful �eld especially when we only have a small amount

of training data. Previous works that apply deep generative models in transfer

learning usually focus on GANs due to its strong ability to generate high-quality

images. We investigate whether VAE is capable to do transfer learning. Although

what we have done a vanilla VAE without pre-training can also do, the advantage

of applying a pre-trained VAE is that it can converge faster and perform better.
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As we discussed in the previous chapter, VAEs are designed to encode information.

The latent space a pre-trained VAE have learnt is also meaningful even when the

training sets are totally di�erent. This property can be useful when we have limited

data for training set, which also indicates that the learned factorised representation

is able to transferred from one dataset to another dataset, it is also a part of

generalisation, as we will show in Chapter 6.



Chapter 5

Compositing Foreground and

Background Via Variational

Autoencoders

In this chapter we introduce a new model that can learn a representation that

factorises the foreground and background information.

5.1 Introduction

Learning factorized representations of visual scenes is a challenging problem in

computer vision. Human brains can process the realistic scene as a whole and

decompose it into di�erent parts using visual clues and prior knowledge. This

cognitive ability also enables humans to imagine di�erent scenes. Objects form the

basis of humans' high-level cognition (Spelke, 1990). Thus, learning good object

representations could be an important step towards making arti�cial intelligence

closer to human intelligence. In visually inspecting a scene, one object is often

attended to as the foreground and the rest of the scene is the background. There

exists a considerable body of work learning representation for each object in a scene

and achieve objects segmentation (Nash et al., 2017; Gre� et al., 2019; Burgess

et al., 2019; Lin et al., 2020). We argue that a good object representation should

not only bene�t the downstream tasks such as classi�cation, or segmentation,

but also enable generative models to create images conditioned on the object

representations.

61
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Our aim is to build a generative model for classes of images that allows us

to alter the foreground objects independently of the background. This requires

building a model that factorizes and composites these two parts representations of

the image. However, the same part of an image can be either the background or

the foreground according to di�erent task. Thus, we simply de�ne the object inside

the given bounding box as the foreground in our experiment setting for di�erent

datasets. Existing works that can factorize the foreground and background of

images are all based on hierarchical Generative Adversarial Networks (Yang et al.,

2017a; Singh et al., 2019; Li et al., 2020). Here we introduce a new VAE-based

model that can be used to factorize the background and foreground objects in a

continuous latent space and composite factors of those training images to generate

new images in one shot. Compared to GAN-based models, our VAE-based models

can infer the latent representation of existing images in addition to performing

generation.

= +

Figure 5.1: The decomposition of an image

We consider the decomposition of an imagex into a set of foreground pixelsf

and background pixelsb such that

x = f � m + b � (1 � m );

wherem is the binary mask of the foreground and� denotes element-wise multi-

plication. As shown in Figure 5.1, every image can be decomposed into two parts

mathematically, foreground (i.e. object) and background.

We propose a new modelBackground and Foreground VAE(BFVAE), which

consists of two VAEs that can learn a disentangled representation between fore-

ground information and background information. This can be useful when you

want to generate images with the same object in di�erent new backgrounds or

vice versa. And the de�nition of background and foreground in an image should

be based on human knowledge, for example, imaging a boy stands in a forest,

it is hard to tell if the trees belong to foreground or background without human

labelling. We use the whole image and the foreground image as inputs to the two

VAEs. First, we use VAE-F to represent the VAE having foreground images as
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A:

B:

C:

Figure 5.2: Row A is the original images. Row B is the decomposition of
Row A. Row C is the generations of combining di�erent factors. Between
row B and row C, the solid arrow means reconstruction and dashed arrow
means generation.

inputs, and VAE-F is a vanilla VAE. Then we use VAE-B to represent VAE that

use whole images as inputs, we concatenate the latent space of the two encoders

before we put it back into the decoder. The two VAEs are trained simultaneously.

Due to the VAE-F only being able to learn a representation of foregrounds, it can

force the latent space learnt by the encoder VAE-B to only preserves information

about the background. This model can generate unseen images by exchanging

the latent space. The reason that we choose the whole image as an input but

not the background image is because the background image will limit the utility

of this model. It is hard to obtain images with the foreground cropped out, by

using whole images we can use the model to extract the background information

from images without mask label. Also, using the whole image as input enables

the model to generate a background image by setting the foreground image into

all black but not generate an image with a blank area.

The drawback of the VAE-based model is the generated images tend to be

blurry, thus we combine BFVAE with LSR-GAN (introduced in Chapter 3). In

addition, we note that a di�erent pre-processing operation of the images makes a

signi�cant di�erence to the FID scores. Thus, we claim that the details of how to

compute FID scores in each paper are necessary to be clari�ed.

As shown in Figure 5.2, these images are the results from the combination of

the BFVAE and the LSR-GAN. Row C is the generated images of our model by

combining di�erent factors in row B. The background and foreground of images

in row C are not totally the same as images in row A and row B, this is due to a
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trade-o� between the similarity and reality in our model which will be addressed

in the following section.

5.2 Di�erences between BFVAE and Related Work

Not many works focus on compositing images in a background-foreground man-

ner. The existing models are all GAN-based models that generate foreground and

background separately and recursively, the generated images are stitched at the

�nal stages (Yang et al., 2017a; Singh et al., 2019; Li et al., 2020), which means

they cannot learn a factorised latent space of the training data, except MixNMatch

(Li et al., 2020). Unlike these models, our model generates the whole image in one

shot while it can still learn a continuous factorized latent space of the dataset.

5.3 Model

In this section we describe the components of our model. Recall that a Variational

Autoencoder (VAE) (Kingma and Welling, 2013) is a deep generative model that

learns a distribution over observed data,x , in terms of latent variables,z. The

original VAE approximates the intractable posterior by using a variational ap-

proximation to provide a tractable bound on the marginal log-likelihood called

the evidence lower bound (ELBO)

logp� (x ) � Ez � q� (z jx ) [logp� (x jz)] � DKL
�
q� (z jx )jjp(z)

�
: (5.1)

Commonly,q� (z jx ) is the output of an inference network with parameters� and

p� (x jz) is generated by a decoder network with parameters� . The architecture of

the VAE is in Figure 5.3a.

Starting from a maskm of the foreground object we can extract the foreground

f from the image x using f = x � m . We usef and x as inputs to our two

VAEs. The architecture of our model is shown in Figure 5.3. For simplicity, we

omit symbols of the parameters. The top network is VAE-F and it acts like a

vanilla VAE. The encoder E f generates a probability distribution, q(zf jf ) that

acts as a latent space representation off . A sample from this distribution, zf , is

used by the decoderD f to generate a reconstruction,^f , of the input f . The top

VAE ensures thezf contains representations of foreground objects. The bottom
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E Dq(zjx )x x̂

(a) The architecture of a vanilla VAE.

E f

Eb

D f

Dbx

f

q(zbjx )

q(zf jf ) ^f

x̂

(b) The architecture of our model, the
top one is VAE-F and the bottom one
is VAE-B.

Figure 5.3: The architectures of two models

network is VAE-B. The original image,x , is given to the encoder,Eb that generates

a probability distribution, q(zbjx ). A latent variables zb, is sampled from this

distribution and concatenated withzf . This concatenated vector is sent to decoder

Db that must reconstruct the original image. Thus, we modify the ELBO for VAE-

B to be

L b = Ez � q(z jx )

�
logp(x j(zb; zf ))

�
� DKL

�
q(zbjx )jjp(zb)

�
: (5.2)

Since the inputf does not contain any information about the background, it is as-

sured that the latent variableszf only contain information about the foreground.

For VAE-B, the encoder can extract information about both foreground and back-

ground from x . When we train the decoder with bothzf and zb, it can forcezb to

discard the information about the foreground and only leave background informa-

tion. This also enables us to extract the pure background from images by using

zf obtained from a pure black image. In the initial stages of training,zb contain

all the information about the image. This makes the decoder of VAE-B prone to

ignore zf especially when the dataset is complicated. There are two methods to

alleviate this issue. The �rst method is to set the size ofzb to be reasonably small,

it forces the zb to discard information, but this design makes it hard to �nd an

accurate size forzb. Thus, we recommend the second method which is turning the

model into � -VAE,

L b = Ez � q(z jx )

�
logp(x j(zb; zf ))

�
� �D KL

�
q(zbjx )jjp(zb)

�
(5.3)

It is well known (see, for example, Ho�man et al. Ho�man and Johnson (2016)
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and Kim et al. Kim and Mnih (2018)) that the expected KL term in Equation (5.3)

can be rewritten as

Epdata ( x )
[DKL

�
q(zbjx )jjp(zb)

�
] = DKL

�
q(zb)jjp(zb)

�
+ I (x ; zb) (5.4)

By setting � > 1, we penalize both terms on the right side of equation (5.4).

PenalizingDKL
�
q(zb)jjp(zb)

�
encourages factorization of the latent space, while at

the same time it pushesq(zbjx ) towards a standard Gaussian distribution. But

the most important part in BFVAE is that we penalize the mutual information

term I (x ; zb) which helpszb to discard information about the foreground.

There is a situation where the VAE-F is unable to capture the foreground

information. When the object is black and the dataset is simple enough, as shown

in �gure 5.1, the foreground image becomes a pure black image, this makes all the

image with black foreground the same. To handle this, we add the fourth channel

to the encoder of VAE-F, which is the binary mask label of images, it provides

shape information about foregrounds and can solve this issue perfectly.

5.3.1 BFVAE with LSR-GAN

A prominent problem of vanilla VAEs is the blurriness of the output. Thus we

use LSR-GAN, �rst introduced in Chapter 3. That can learn a latent space from

BFVAE and generate high-quality images. Recall the idea is that we pass the

output G(z) of the generatorG into the two encoders of BFVAE, and ask the two

encoders to mapG(z) to the latent vectors z that we used to generateG(z). By

doing this, the generator will generate an image with a latent space encoding,z,

of the pre-trained BFVAE. It can be seen as a simple regularization term of the

normal GAN loss function for the generator

L G = Ez � pz (z ) [log(D(G(z)))] + � log(q(zj(Eb(G(z)); E0
f (G(z)))) (5.5)

whereEb means the encoder of VAE-B, and the (Eb(G(z)); E0
f (G(z)) in the second

term represents the concatenation ofEb(G(z)) and E 0
f (G(z)). We train a new

encoderE 0
f that can extract the zf from G(z), we freeze all the other parts of

BFVAE and replace E f with E 0
f , then train the encoder in the original manner.

Note that when training the LSR-GAN we freeze the weights of theEb and E 0
f .

The constant � is an adjustable hyper-parameter providing a trade-o� between

how realistic the image looks and the similarity between reconstructions and real
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images. Although the idea is simple, it provides a powerful method to improve the

image quality of BFVAE. The generatorG can either be a new network or a pre-

trained decoder of BFVAE. The pre-trained decoder can be a strong initialization

for the generator when the generator meets with model collapse.

5.4 Experiments

In this section, we show the results on factorised latent space in two steps, the BF-

VAE without LSR-GAN and the BFVAE with LSR-GAN. Then we demonstrate

the BFVAE can also work on other desired factors.

5.4.1 BFVAE without LSR-GAN

We evaluate our model on a toy dataset, COCO and CLEVR. The toy dataset

consists of 4 shapes with 4 colours of objects and backgrounds. Each shape con-

tains 2000 images in the training set. While COCO and CLEVR are datasets

with multi-objects in one single image. We show the results quantitatively and

qualitatively. The architecture of the encoder is 4 layers CNN network with Batch

Normalization and 2 layers fully connected network, and decoder consists of 5

layers CNN network. The optimizer is Adam with a learning rate of 2� 10� 4 and

� 1 = 0:5 (Kingma and Ba, 2015).

Toy dataset. The toy dataset originally contains 4 shapes: square, star, circle,

and triangle. We re-render the colour of the object and the background to red,

green, blue and dark green. Three-quarters of colours of each object are used

as training set. The colour of the object and background in one single image is

di�erent. And we down-sample the image to size 64x64. We also show the results

when we change one of the four colours of objects in the training set to black. The

dimensions of the latent space of two VAEs are both 32. We choose� = 1 in this

experiment.

Figure 5.4 shows the generations by concatenating di�erentzf and zb. The

model can generate the image with the same colour of objects and backgrounds

successfully, which has never been seen in the dataset. And by adding a mask

channel, it can handle black objects. But VAE-F fails to pass the colour of objects

in the test set correctly for some generations in (b) when the input is unseen but

the elements can be found in the training set. And it can still pass the shape
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