A Comparative Analysis of Two Image
Synthesis Networks Repurposed for
Video Synthesis

School of Computer Science & Applied Mathematics
University of the Witwatersrand

Kyle Weiher
1116087

Supervised by Dr Richard Klein

September 19, 2021

A dissertation submitted to the Faculty of Science, University of the Witwatersrand, Johannesburg, in
fulfilment of the requirements for the degree of Master of Science



Abstract

Modern, state-of-the-art video synthesis networks are large, complex, and difficult to train
due to steep hardware requirements. Image synthesis networks are, however, far easier to
train, and thus present an opportunity. We present a comparative analysis of two image
synthesis networks when repurposed for video synthesis, namely the Cascaded Refinement
Network (CRN), and pix2pixHD. We are primarily interested in the temporal consistency
between output frames, however we analyse aspects such as image quality as well. The
networks are not equal in neither features nor performance, with pix2pixHD superior in
both regards, and thus we compare both base network configurations, and configurations
where we port components from pix2pixHD to the CRN. Furthermore, we test video specific
features, namely the use of prior frame information in the synthesis and training processes,
and the use of optical flow estimation to warp prior frame content directly to the next
frame. We find that while the CRN performed far worse than pix2pixHD in their base
configurations, the CRN with pix2pixHD features closed the gap. Next, the addition of
prior frame information provides the largest improvement to temporal consistency, leading
to acceptably smooth synthetic video. Finally, optical flow estimation further improves the
performance of pix2pixHD, while hindering the CRN.
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Chapter 1

Introduction

Synthetic video has been used for many years, be it in animated movies or video games.
The process of creating it is usually long and cumbersome, including creating the rendering
engine, 3D assets, and scenes. It requires many hours, days, or possibly months before an
initial version of the scene can be seen. While the outputs of these processes are often fan-
tastic, there is a need for the ability to create photorealistic video using quicker means.

Image synthesis offers a possible solution to this problem, whereby a basic layout of the scene
can be given to a network that, using this information, creates a photorealistic scene that
matches the description of the input. The content in the output image would be based on
the data that the network was trained on, and if one has a specific domain that they would
like to create content for, such as particular architecture styles or certain room interior styles,
the network can be trained to match these styles.

Video synthesis is the logical extension to image synthesis, where instead of synthesising
single frames the network synthesises videos. Obvious uses of an extremely competent
network would be as a replacement to the renderers used in video games, where the creator
of the game would not have to worry about the difficulties of simulating realistic lighting, or
creating high-quality assets since the network would handle these aspects naturally.

While current video synthesis networks are not capable enough to replace modern 3D graph-
ics engines yet, great progress is being made. One of the main challenges of video synthesis
is that of temporal consistency. While each frame could be a perfectly acceptable image,
there is a need for the frames to follow on from each other so that when played together as
a video there are smooth transitions between frames, with objects in the videos moving in a
realistic manner depending on the motion of the camera.

To handle the problem of ensuring temporal consistency, video synthesis networks contain
components that help ensure that the outputs are more consistent; however, this comes at the
cost that the networks are becoming increasingly demanding to train, requiring more time
to train and more VRAM. Video networks are often trained on GPU workstations costing
millions of rands, making this inaccessible to most people not working for organisations with
large deep learning budgets.



Our work aimed to investigate the possibilities of using image synthesis networks to synthe-
sise temporally consistent video, and more specifically, a comparison of two networks when
set to the task, namely the Cascaded Refinement Network (CRN) [Chen and Koltun 2017],
and pix2pixHD [Wang et al. 2018b]. While both networks aim to achieve the same goal, syn-
thesise photorealistic images at 1024x2048 resolution, they differ greatly in architecture, with
pix2pixHD being proposed as a direct competitor to the CRN, having extra components and
features for which the CRN does not have an equivalence.

These networks were recreated and tested in their base configurations; however, there was
an opportunity to extract more insight from the workings of these networks by creating
variants of these networks in an attempt to improve their ability to synthesise temporally
consistent video. There are two classes of possible variations, one being the porting of the
extra features from pix2pixHD to the CRN, and the other being the inclusion of video-
specific features such as using prior frame information and optical flow estimation in the
synthesis process. We used the vid2vid network [Wang et al. 2018a] as a guide on how to
adapt the image synthesis networks to produce video, closely following the concepts and
implementation used to guide our own implementations.

We implemented both networks in a generic manner so that they can share implementa-
tions for components to avoid unnecessary work, and to ensure similar configurations that
allow comparison. While the base networks can be trained on more modest hardware, the
more extensive modifications to the networks required more powerful hardware and longer
training times. Thus, concessions for the sake of comparability, training time, and hardware
availability were made, with the greatest attempt being made to ensure the resultant net-
works are on equal standing. This takes the form of lowering the network output resolution
by half, as well as not using every feature from vid2vid in our network adaptions.

These networks and their variants were tested using both a temporal consistency metric for
quantitative analysis, as well as our own inspection for qualitative analysis, focusing on the
influences of the different component variations to the final results, the relationship between
image quality and temporal consistency, and the differences in how the individual networks
adapt to their new tasks. We took a specific interest in the CRN, since it lacked many features
of pix2pixHD, and thus we also directed our focus to how the network adapts to the use of
these new features. We provide the videos used for the testing of each network variation via
links to YouTube videos, as well as the reference video they are tested against.

In our testing we found that pix2pixHD greatly outperforms the CRN in their base configu-
rations; however, when the extra pix2pixHD features are ported to the CRN, this gap closes
considerably. As can be expected, the addition of prior frame information to any network
configuration led to the greatest temporal consistency improvement of all the component
additions, and synthesised videos that sufficiently blend frames together to be considered
smooth. Finally, the addition of optical flow estimation and its supporting network and train-
ing method modifications led to mixed results, with both the CRN and pix2pixHD directly
reusing previous pixel data; however, the CRN could not correctly shift them to their new
locations leading to severe degradation as the video progresses. pix2pixHD on the other
hand better handled the required pixel movement and saw improvement, becoming the best
performing network configuration.



Following this introductory chapter, chapter 2 contains the underlying concepts that are
necessary for understanding our work, followed by chapter 3 which describes some prior
work in the image synthesis domain, and details about the CRN, pix2pixHD, and vid2vid
networks. Chapter 4 contains descriptions of the network configurations we tested, our
research questions and hypotheses, and our methodology used to conduct our testing. In
chapter 5, we present our results, including both quantitative and qualitative results as
described above, and finally, chapter 6 concludes this work.



Chapter 2

Background

2.1 Introduction

Temporally consistent video synthesis requires complicated neural networks, touching on
many different concepts. This chapter describes the topics that are used to construct and
use these networks. Not all sections directly build on each other; however, they are all
important for the networks that are presented and developed in this work.

We give a brief overview of convolutional neural networks, a vitally important network ar-
chitecture underpinning modern computer vision networks, and then describe latent spaces,
a crucial factor in how synthesis networks produce their outputs. Encoder-decoder networks
are discussed, a network architecture that has seen much success for its power, simplicity and
effectiveness in many tasks. We then describe semantic segmentation, a popular and well-
studied problem, important for understanding concepts used by further topics. Generative
networks are looked at in-depth as they are the basis for our work, with generative ad-
versarial networks following, a generative network training framework that allows for more
intricate training. We then give an overview of residual networks, a method of allowing
networks to use all information from earlier in the network at later stages. Feature match-
ing losses are then explained, where the activations of classification networks are used for
training generative networks, accessing outputs in ways not possible with hand-crafted loss
functions, followed by normalisation, a critical component in building synthesis networks,
which has a significant impact on the ability of networks to train correctly and on the quality
of the outputs. Finally, an overview of optical flow is given, a significant but complicated
component in the attempt to achieve temporal consistency.

2.2 Convolutional neural networks

Convolutional Neural Networks (CNNs) are a type of network architecture that makes use of
the convolution operation. Inspired by the visual processing method of data from an animal’s
eye as detailed in Hubel and Wiesel [1968], they have proven extremely successful for their
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computational efficiency due to the use of smaller amounts of data for each output, and
their ability to take into account spatial locality. While the concept dates back many years,
with LeCun et al. [1995] detailing its usage within a machine learning context, they have
dramatically increased in popularity with the rise of GPU computing allowing previously
impossible-to-train networks to train in a reasonable time.

While they are often known for the processing of images, there are 1D (signal processing), 2D
(image processing), and 3D (video processing) variants that allow them to be used in many
settings. In the context of images, there are a variety of options when using CNNs as the
standard operation can maintain image sizes or be used to downsample the input, as well as
operations such as a the transpose convolution that can be used to increase the image size.
Any convolution operation can also modify the number of channels in the output compared
to the input. This allows convolution operations to be used throughout a network architec-
ture, and as such have become a staple in computer vision network architectures.

2.3 Latent spaces

A latent space is a domain that contains some compressed representation data that is used
by the network when synthesising the output. A flexible concept, the essence of which
revolves around lossy compression. While not related to deep learning, principle component
analysis (PCA) [Pearson 1901] contains a good example of a latent space. Once the principal
components have been chosen, the domain of vectors that describe how to recreate the
original data using the principle components is a latent space. These vectors, if the principal
components are known, are inputs in a process where the output is the original data to some
degree of accuracy.

In deep learning networks a latent space can be a bottleneck in an encoder-decoder network
(section 2.4) where the essence of the input is compressed and used by the remaining section
of the network to create the final output. In the context of a non-conditional generative
network (section 2.6.1) the input to the network is often sampled randomly from a chosen
domain, for example, a two-dimensional real number vector space, and during training, the
network associates outputs to these inputs by creating a learned representation of the output
data in the input space. This input domain is a latent space in the network as it is the seed
that the network uses to synthesise the output.

In general, latent spaces are compressed representations of data at some point in a network,
be it the input to a generative network, or the bottleneck section in the centre of an encoder-
decoder network. An often applicable test is that of data in the region being able to be
hand-modified, for example, modifying the input of the network, or changing values in the
bottleneck section in an encoder-decoder network to try and achieve a desired feature in the
output [Bojanowski ez al. 2017].

2.4 Encoder-decoder networks

The encoder-decoder network architecture has proven to be an effective tool in creating
networks that are flexible and perform well. The premise is a network that takes as input
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some data that is in a similar domain to that of the output, processes and encodes that data
into a central bottleneck section. It then decodes that bottleneck into the output. Figure 2.1
gives an example of a network following the encoder-decoder architecture.

Depending on the architecture, the bottleneck can be seen as a latent space. For example, in
an auto-encoder network, where the network is trained to recreate its input, the bottleneck
is usually constrained and one single layer. This layer can then be modified by hand to
produce different results based on the data. On the other hand, pix2pixHD [Wang et al.
2018b] has a multi-layer bottleneck that is used as the primary processing section of the
network and is used as such due to the low resolution of the data in this section allowing
for an increase in both convolutional layers, as well as filters in these layers. This bottleneck
does not support hand-modification of values, nor is it intended to be a latent space.

As expressed above, the output of the network is usually a similar domain to that of the input.
By this, it is meant that if an image is the input of the network, something based on the image
could be the output, for example in semantic segmentation (section 2.5) a colour image as
the input to produce a segmentation annotation, or a segmentation annotation as the input
to produce a colour image as in a conditional generative network (section 2.6.2).

Figure 2.1: Encoder-decoder Architecture - The layers in red denote the input and output of the
network, with each block being the output of the respective operation it is labeled with. Each block
is also labeled with the number of channels below it.

2.5 Semantic segmentation

Semantic segmentation is the process of classifying every pixel in an image into a class.
This classification is useful as a step in a larger computer vision pipeline, for example, a
self-driving car might use segmented images as well as depth information from a separate
camera to make decisions about how to proceed. The segmentation is useful as there is often
a large amount of unnecessary detail in an image that is not required to make decisions, and
would only serve as noise to the rest of the system.
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Long et al. [2015] were the first to create a network that was trained end-to-end for the
purpose of semantic segmentation. Previously, the computational power required to perform
semantic segmentation in this manner was insurmountable; however, with the use of modern
Graphics Processing Units (GPUs) to train machine learning networks, this has become fea-
sible. Since then, the problem has been explored further with networks getting progressively
better at labelling difficult scenes, and as such, it is considered reliable to use a segmentation
network to synthesise training data as, among others, Wang et al. [2018a] have done for the
training of their video synthesis network vid2vid.

The output of a semantic segmentation network is known as a segmentation annotation, an
example of which can be seen in figure 2.2.

Figure 2.2: An image and its corresponding segmentation annotation - CityScapes dataset by Cordts

et al. [2016]

2.6 Generative networks

Generative networks, or generators, are used to create data that can pass as if it were drawn
from the data distribution that the network is trained on. This can be seen somewhat like
the inverse of a classification network since the network takes a smaller amount of data as
input than the amount that it produces as output.

The input to the network is often a sample drawn from a latent space, with synthesised
images being created based on the input in an effect that can be likened to decompression.
The distribution of possible inputs also affects the distribution of possible outputs, whereby
constraining the possible values of the latent space causes the network to tend closer to the
mode or commonly occurring characteristics that can be found within the dataset. If the
input is a latent space, it can be hand-modified, or interpolated, to create novel results that
are not in the dataset; however, these novelties are still only a combination of characteristics
found in the dataset.

There are two types of generators: non-conditional and conditional. These networks can
be trained in a variety of ways, with many modern high-resolution networks being trained
adversarially, the process of which is explained further in section 2.7.

2.6.1 Non-conditional generators

Non-conditional generators take as input a vector of fixed size that is usually drawn from
a predefined domain. This vector has no meaning outside the context of the generative
network, and as the network learns meaning is associated with the values of this input latent



space. Drawing from the PCA example used above in section 2.3, the principal components
would be the non-conditional generator, and the vector containing the proportion of the
principal components to combine is analogous to the input to that network. Karras et al.
[2020] propose a non-conditional generative network famous for synthesising realistic faces
of people that do not exist on their website, where there is no user input, only a synthesised
result from a random sample of the latent space of the network.

This learned mapping can be exploited however, for example, a network that synthesises
pictures of faces might be able to do the following: find the mean of inputs that lead to
the synthesis of people with sunglasses, and subtract from that the mean of the inputs
that synthesise people without sunglasses. Adding the resulting vector to an input that
synthesises a person that is not wearing sunglasses should, though is not always guaranteed
to, add sunglasses to that image. Due to the complexity of generators as well as their
specific network architectures and the domain of the input, the manner in which the input
to the network relates to the output of the network is different for every network; however,
relationships like the one explained above often present themselves. Thus, if hand-modifying
inputs is something that one wants their network to support, it must be kept in mind when
designing the network.

2.6.2 Conditional generators

Input to conditional generators contains information about the characteristics of the syn-
thesised data. For example, the network created by Chen and Koltun [2017] takes a seg-
mentation annotation as input and synthesises the corresponding scene that the annotation
describes.

During training conditional generators can have a significant advantage over non-conditional
generators in that there is often an opportunity to directly test the synthesised output against
data relating to the input of the network, or the input itself, allowing for a more specific eval-
uation of how well the network is performing. For example, pix2pixHD [Wang et al. 2018b]
takes as input a semantic segmentation annotation, which is nearly always accompanied
by the ground truth image. This allows the synthesised image to be directly compared to
the ground truth image, whereas a non-conditional generator would not have this opportu-
nity.

This explicit relationship between the input and synthesised output means the input latent
space has a better chance of learning more diverse and structured representations, as well
as one’s ability to direct the content that is mapped to the latent space. The inputs are also
far easier to hand-modify since they can contain more explicit real-world meaning outside
the context of that specific network.

Conditional generators are also useful as components in larger synthesis pipelines. For
example, the network by Johnson et al. [2018] converts scene graphs into segmentation an-
notations, then using that segmentation annotation synthesises the resulting image to match
the scene graph. A non-conditional generator does not accept input in such a structured
manner, and thus will not allow preceding components in a pipeline.
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2.7 Generative Adversarial Networks (GANs)

Introduced by Goodfellow et al. [2014], GANs are comprised of a generator that synthesises
data and a discriminator that attempts to classify data as real or fake. In the context of
images, the generator attempts to construct realistic images that can fool the discriminator.
This forms a competition between the generator learning how to outsmart the discriminator,
and the discriminator learning how to detect increasingly better-synthesised images. The
standard definition of this minimax competition as presented by Goodfellow et al. [2014] is
thus:

minmax V(D, G) = Eorpy, ) [[0g D(2)] + Ecrp. (o) [log(1 — D(G(2)))] (2)

where G is the generator network, D is the discriminator network, z the training data, and
%z is an input from the latent distribution p.. As described in section 2.6, z can be as simple
as a random vector for a non-conditional generator, or a set of structured instructions for a
conditional generator. The output for the discriminator in the case of equation (2.1) should
be 1.0 for a real image, and 0.0 for a synthesised image. This equation is in effect binary
cross-entropy, and a high loss is given when the discriminator correctly identifies both real
and fake images, and a low loss is given when misidentifying them. The discriminator tries
to maximise this value, prefering correct predictions, whereas the generator attempts to
minimise this value, leading to incorrect predictions.

The discriminator acts as a powerful and continually adapting loss function that can learn to
holistically examine many different aspects of the input image, including complicated details
that might be impossible to program by hand. This can allow GAN generators to learn to
synthesise results that fit into the training dataset without directly reusing elements in the
dataset. Image synthesis is a difficult process due to there being a large number of factors
that go into creating acceptable images. As GANs have been shown to succeed where prior
architectures have battled there has been great interest in applying the architecture to many
different image synthesis problems, although GANs have been used in other fields such as
music synthesis, for example, the network proposed by Engel ez al. [2019].

In practice, GANs are a variation of the training method for a generative network since the
generator in a GAN is no different from any other generative network, and the discriminator
is only used during training. This is further exemplified by the fact that one is not limited to
using discriminators as the only loss function, as other conventional losses can be added as
well. The discriminator can also be given extra data that it might use to make its decision,
such as the input to the generator in the case of a conditional generative network, which for
example can be seen in pix2pixHD [Wang et al. 2018b], where the semantic segmentation
annotations used by the generator are also given to the discriminator to check the image for
conformity.

The discriminator trains by being given samples of real and fake data and is then scored on
how well it can tell them apart. The generator on the other hand is updated via the results of
the discriminator scoring the data that is synthesised, and as such, does not have its output
directly compared to the training data. In this regard, the training of the discriminator can
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be classified as supervised learning; however, the training of the generator is unsupervised
with respect to the dataset.

An important topic expressed by Goodfellow ez al. [2014] is that of the GAN minimising
the Jensen-Shannon (JS) divergence instead of the usual Kullback-Leibler (KL) divergence
between the learned distribution and the distribution of the dataset. The KL divergence
has a number of drawbacks, namely that it is not symmetric, and has the possibility to be
infinite. The JS divergence is a weighted sum of two KL divergences, configured in such a
way as to be symmetric and have no possibility of being infinite. The default weighting is an
equal share of both KL components.

The KL divergence is likely to try to include all the data at the expense of poorly modelling
intricacies of the data and can be likened to finding the mean of the data, which can be a
poor representation if the distribution is not normal. On the other hand, finding the mode
of the data may not be a good representation either, as it may be too constrained. The
JS divergence strikes a good balance between covering the dataset distribution and learning
specific representations [Huszar 2015]. Figure 2.3 gives an example of the differences between
minimising the two different divergences.

B: arg ming JSo.1[P||Q] C: argming JSo5[P|Q] D: arg ming .JSo.90[P| Q]

40\ ﬁg\ (@
N 2 4 W

Figure 2.3: A Gaussian distribution Q is fitted to samples drawn from a distribution P by minimising
varying configurations of the JS divergence. Box A shows the ground truth distribution P. Box
B shows the configuration where the JS divergence is set to mimic that of the KL divergence. Q
attempts to encompass the outlier samples as well as the central mass, and as such includes a large
amount of area that is not in P. In box C, Q covers a large amount of the samples provided, without
including the erroneous area that was included in B. Box D demonstrates the configuration where
the mode is prioritised, and as such a large amount of the samples are not covered by Q. This figure
was taken from Huszar [2015].

In training, Goodfellow et al. [2014] offered proofs that the competition in equation (2.1)
has an equilibrium where the generator is synthesising samples that fit perfectly into the
training dataset, and thus the discriminator cannot discern between a real and fake sample.
In practice, however, there are a number of difficulties that can occur when training GANs,
and their behaviour is often different to what was specified by Goodfellow et al. [2014].
GANSs are prone to the vanishing gradients problem, whereby the discriminator is able to
discern between a real and fake sample with absolute surety, leading to no gradient flow
from the discriminator to the generator during training, as well as mode collapse, where the
generator will repeatedly synthesise the same sample regardless of the input. A number of
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modifications to the training algorithm are proposed, such as changing cross-entropy loss in
equation (2.1) to a different loss function, such as mean-squared error [Mao et al. 2017], or
Wasserstein loss [Arjovsky ez al. 2017], as well as including additional loss functions [Wang
et al. 2018b; Dong et al. 2019; Wang et al. 2018a).

2.8 Residual networks

Proposed as a means of building longer networks without facing the vanishing gradients
problem, residual networks make use of regular skip connections to carry earlier data in
a network to later parts of the network, allowing multiple paths through the network for
data to travel through. While skip connections predate residual networks, the way that these
skip connections are used is key to the success of the architecture. Residual networks make
use of residual blocks that could be the typical Conv-Norm-ReLU format; however, the key
difference is the inclusion of a skip connection from before the data enters the Conv layer,
to just before the final ReLU layer. The network is typically made up of a succession of these
blocks, and with the skip connections existing throughout the entire network, a path can
exist from the beginning of the network to the very end. Residual networks have had great
success in both classification networks, such as the original network architecture by He et al.
[2016a], to generative networks such as pix2pixHD [Wang et al. 2018b].

2.8.1 Initial architecture

He et al. [2016a] developed the original residual network architecture as a means of creating
deeper classification networks and avoiding the vanishing gradients problem that comes with
it. As a network grows in length, it may initially see a performance increase; however, after
a point, the performance will begin to decrease due to vanishing gradients during training.
This is an issue as deeper networks allow more complex concepts to be learned by the
network.

The network proposed is made of a series of residual blocks of the form described in fig-
ure 2.4. As a classification network, the strategy is to reduce image size gradually, while
increasing the number of channels. Every few residual blocks the image size is halved and
the number of channels doubled. Since skip connections add prior activations to later ac-
tivations element-wise, the dimensions of these activations need to match. After the image
size is halved, an additional operation to regain compatibility for the element-wise addition
is required. Thus, two different strategies are also tested to allow ill-fitting prior activations
to be used in the skip connection. The proposed network is said to be easier to train for the
same task than VGG-19 [Simonyan and Zisserman 2014], while having nearly twice as many
convolutional layers.

During training, the network can learn to incorporate data from earlier parts of the network,
creating training paths that may skip blocks depending on whether or not the information
from that block is useful. This also leads to a levelling of contribution in the network,
where the removal of a single residual block does not necessarily prevent the network from
functioning.
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Figure 2.4: A single residual block as proposed by He et al. [2016a]. The skip connection adds
the input to the output of the normalisation layer. Following the addition, this is fed into a ReLU
layer and the output is ready for use as the input to another network layer or residual block. The
dimensions of the layers are kept consistent throughout the process.

2.8.2 Architecture developments

While the premise of the residual network has remained the same, further investigation has
been done to refine the concept. He et al. [2016b] proposed using preactivated residual
blocks, where the normalisation and ReLU layers are placed before the convolution layer
instead of after it. This simple change provided a substantial reduction in test error on their
1001-layer ResNet.

Xie et al. [2017] propose a further modification to the ResNet architecture by making use of
grouped convolutions to increase what they call the cardinality of the residual block. This
is said to reduce complexity while maintaining the accuracy of the network. The proposed
network, ResNext, with 101 layers is said to perform better than ResNet with 200 layers while
having only 50% of the parameters.

The standard process for ResNets is to have a series of residual blocks, with skip connections
only crossing one block. Huang et al. [2017] propose a network architecture comprised of a
smaller number of large dense blocks, where the output of each layer inside the dense block
is used as an input for all further layers inside that dense block. This input is not summed
together in the manner of prior ResNets and is instead simply concatenated together. This
means that, within a single dense block, the number of input channels in each subsequent
layer increases, with a reduction happening between dense blocks to reduce these channels
and prevent the number from exploding as the data progresses through the overall network.
A convolutional and pooling layer is placed between each dense block, which performs this
reduction. The network achieves state-of-the-art results while remaining computationally
efficient.

2.9 Feature matching loss

The premise of feature matching loss is comparing the activations inside a network for
two competing inputs, usually a reference image and a synthesised image. Based on work
by Gatys et al. [2016], and formally introduced by Johnson ez al. [2016] under the name
perceptual loss, the premise of a feature matching loss is that a network that has been
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trained to classify images contains many learned features about what defines the content in
the images, and by comparing the activations of the classification network layers you get a
more holistic evaluation of the synthesised image. In practice, perceptual losses are a subset
of feature matching losses and use a pre-trained classification network as a basis.

Chen and Koltun [2017] presents a suitable equation for a feature matching loss, with ®;(-)
representing a selected layer activation from classification network @,

Lrr(0) = Z/\ZHCDZ(I) — Oi(g(L:0))]]1- (2.2)
1

Here, I is the reference image, L the input to the synthesis network, 6 the set of synthesis
network parameters, and g(L; #) the output image from the synthesis network. Comparisons
between the layer activations using the reference image I versus the synthetic image g(L;0)
are made and summed, resulting an a single loss value for the synthetic image compared to
the reference image. This comparison is highly customizable, and in this case the comparison
is the first norm of the difference between the two activations. ); is a predefined scaling
factor for that particular layer, intended to weight the importance of that layer’s activations
as desired.

Chen and Koltun [2017] makes use of a perceptual loss, whereby a pre-trained VGG-19 [Si-
monyan and Zisserman 2014] network is used as the feature matching network. Wang ez al.
[2018b] makes use of a feature matching loss by using the discriminators for their proposed
network, which begin untrained and train alongside the generator. This was developed as
a means of increasing training stability due to GANs having issues with vanishing gradients
when discriminators approach perfect confidence. This exploits that confidence and con-
tinues to feed the generator the information that the discriminators are using to correctly
classify the synthesised images. This creates an ever-improving, tailored feature matching
loss, leading to better and more stable training of the generator.

2.10 Normalisation

Normalisation has become a staple in training networks, allowing faster and more stable
training. While there is no concrete explanation for why normalisation has the profound
effect that it has, the current explanation is that it makes the loss function surface smoother
and easier to optimise against [Santurkar ez al. 2018].

2.10.1 Batch normalisation

Batch normalisation [loffe and Szegedy 2015] is perhaps the most well known and used
normalisation method in computer vision. It normalises each neuron of the input in a
minibatch with regards to the mean and standard deviation over that neuron in all samples
in the minibatch.

There are some restrictions to the use of batch normalisation. Calculating the mean and
variance does not work if the minibatch size is one, since the variance will be zero, as well
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as the statistics being heavily dependent on the size of the minibatch, with an increasing
noisiness as the minibatch size decreases. Batch normalisation cannot be used for inference,
as the batch size is not guaranteed or may even be one, and as such a running record of
the mean and variance are updated during training and used instead. Batch normalisation
also includes a learnable gain and bias for each channel in the input that helps adapt the
normalisation to the specific workload, as sometimes a mean of zero and a variance of one
is not desired.

2.10.2 Layer normalisation

Layer normalisation [Lei Ba et al. 2016] was proposed as a means of attaining the benefits of
batch normalisation in situations that demanded a minibatch size of one.

Layer normalisation is described as a transpose operation of batch normalisation, normal-
ising each image by the statistics of that image, instead of by the statistics of the entire
minibatch. This decouples it from the size of the minibatch, resulting in an identical oper-
ation regardless of minibatch size. This also means that the operation during inference is
identical to the operation during training. Like batch normalisation, the normalisation pro-
cess includes learnable parameters for adapting the normalisation to the specific task.

2.10.3 Instance normalisation

Instance normalisation [Ulyanov et al. 2016] is yet another modification of batch normali-
sation, with a specific focus on stylisation networks. Also known as contrast normalisation,
it aimed to allow networks that use images as inputs to not be affected by varying contrast
between different samples in the dataset.

The difference between instance normalisation and batch normalisation is that, like layer
normalisation, it has no dependence on minibatch size and thus can be used on any mini-
batch size, as well as having identical training and inference operations. The difference
between layer normalisation and instance normalisation however is that while layer normal-
isation uses the entire image, instance normalisation calculates statistics for each channel
in each image in a minibatch separately. Included are learned parameters for scaling and
shifting the resulting normalised activations in the same manner as batch and layer normal-
isation.

2.10.4 Weight normalisation

Weight normalisation [Salimans and Kingma 2016] works on a different premise than batch
normalisation based methods, in that instead of normalising activations inside the network,
it normalises the weights of the network itself.

Weight normalisation reparameterises the weight vector w in the network into two com-
ponents, a direction vector v and a magnitude scalar g. During the forward pass of the
network, the weight vector is recreated with
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where ||v|| is the Euclidean norm of v. The parameters v and ¢ are updated during back-
propagation, and ||v|| is calculated on every forward pass ensuring that ||w|| = g.

Weight normalisation can be used instead of batch normalisation and does not have any
requirements on the size of the minibatch, as well as being identical during training and
inference. Other than the two parameters used instead of the weight vector, there are no
additional learnable parameters.

According to Salimans and Kingma [2016], weight normalisation can offer a performance
increase over using other types of normalisation when used on convolutional networks.
Weight normalisation is also said to be nearly as effective as batch normalisation, without
the additional noise introduced when minibatch sizes are small.

2.10.5 Other normalisation methods

Other forms of normalisation have been proposed, sometimes for specific use cases. Group
normalisation by Wu and He [2018] is a generalisation of layer normalisation and instance
normalisation. Group normalisation allows the grouping together of channels to be nor-
malised, instead of only one channel in the case of instance normalisation, or all channels in
the case of layer normalisation. Group normalisation, much like layer and instance normali-
sation, is presented as a way to reap the benefits of batch normalisation when minibatch size
approaches single digits, without the instability that batch normalisation encounters.

Spectral normalisation, proposed by Miyato et al. [2018], is designed specifically for use
inside the discriminators of GANs. Spectral normalisation is said to increase stability during
training, something that GANs are known to have difficulties with, as well as being light,
easy to incorporate into existing networks, and produce equal or better results than other
normalisation techniques.

Spatially adaptive normalisation [Park ez al. 2019], or SPADE normalisation, as a specialised
normalisation alternative for image synthesis from semantic annotations. Combining the
input and the normalisation process into one, a SPADE normalisation module is meant to
prevent the detail from the input semantic annotation from being "washed out” when passing
through normalisation layers. Instead of inputting the annotation at the beginning of the
network, the annotation enters into the network at multiple points in the network. This is
said to increase visual fidelity as well as the synthesised image’s conformance to the input
annotation.

2.11 Optical flow

Optical flow estimation is the process of determining how points in videos move between
frames. A common use of optical flow estimation is in video encoding, allowing reuse of
previous pixels to a predefined accuracy allowing large savings in storage space. There are
two types of optical flow estimation, sparse optical flow estimation, where certain points or
areas in a video are tracked, and dense optical flow estimation, where every single pixel in
a video is matched between frames. Figure 2.5 shows an example of both sparse and dense
optical flow estimation visualisations.
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(a) Sparse optical flow over the course of many (b) Dense optical flow for a single frame.[Wulff et
frames.[Bradski 2000] al. 2012)

Figure 2.5: A comparison of sparse and dense optical flow estimation, overlayed on a corresponding
reference image. Colours are often used in optical flow visualisation to convey additional information,
for example, in the sparse optical flow example, the different colours allow one to differentiate
between different flow trails, whereas in dense flow the direction of the movement is shown through
colour.

Traditionally optical flow estimation has been calculated through iterative algorithms; how-
ever, in recent years a number of deep learning-based methods have emerged, specifically
focusing on the problem of dense optical flow estimation. Dense optical flow estimation is
understandably a more difficult problem, benefiting greatly from increased computing power
in recent years. DeepFlow, [Weinzaepfel et al. 2013], began the process of integrating deep
learning-based components into traditional methods, while Dosovitskiy et al. [2015] intro-
duced FlowNet, the first end-to-end trained CNN based model, as well as a large synthetic
dataset for learning dense optical flow estimation.

Ranjan and Black [2017] introduced the Spatial Pyramid Network with 96% fewer parameters
than FlowNet while achieving near equivalent accuracy, and in the same year, FlowNet2 [Ilg
et al. 2017] is 50% more accurate than FlowNet at the same inference speed, 8 fps, or as
accurate as FlowNet at 140 fps, with multiple network configurations available depending on
the needs of the user. Since then the field has expanded greatly, with networks consistently
improving on the state of the art. In the survey performed by Hur and Roth [2020], the
Volumetric Correspondence Network [Yang and Ramanan 2019] is 36.6% more accurate on
MPI Sintel [Wulff ez al. 2012] than FlowNet2; however, it only has 3.8% of the number of
parameters.

212 Conclusion

This chapter focused on laying out the groundwork for understanding the image and video
synthesis networks that follow in chapter 3. Convolutional neural networks form the basis of
all networks used in this work, making use of convolution operations to incorporate spatial
locality into the processing inside a network. Latent spaces are important as they help define
how the input of the network maps to the output, offering ways to influence this process,
which is seen in section 5.3.2. An overview of the encoder-decoder network architecture
is given, involving compressing data into a central bottleneck and then decompressing it
into the output, is powerful and flexible and used by many networks, including pix2pixHD
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[Wang et al. 2018b], a network that we use in our experiments. An overview of semantic
segmentation is given, the process of classifying each pixel in an image for easier use;
however, these annotations also form the inputs to the networks that we are testing.

Generative networks are then described, networks that take less data as input than they
produce as output. Non-conditional generative networks create outputs based on random
input, whereas conditional generative networks synthesise outputs using, often by not always,
human-interpretable inputs. This is important as all the networks that we recreate and
use are conditional generative networks. The generative adversarial network architecture,
an architecture that offers significant increases in output quality by having two networks
compete to outsmart each other as they learn in tandem, plays an important role in our
work as it is a major difference between the two networks we test. As such is was given a
detailed overview.

Feature matching losses, a fundamental component in our work, use classification networks
to extract features from two inputs, which are then compared and a loss calculated. Following
this we give an overview of normalisation techniques, operations added inside networks that
can dramatically improve training times and influence the quality of the network outputs, as
can be seen in section 5.3.1. Finally, an overview of optical flow estimation is given, where
points in the network are tracked over the course of multiple frames in a video, a useful
concept in the exploration of temporal consistency and one subject of our experiments.
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Chapter 3

Related work

3.1 Introduction

Our work builds on the work of others, and thus it is important to have a good understanding
of this foundation and the surrounding work that attempts to achieve similar goals. Our
work is focused on repurposing two image synthesis networks for video synthesis, thus these
networks need to be understood to see how they differ and how they can be improved.

We begin in the image synthesis domain, describing some prior work as well as the base
networks that we will be using as a foundation. We then cover video synthesis, describing
the network upon which we will be drawing ideas in our attempt to improve the base image
synthesis networks, as well as some alternate or more advanced networks for the sake of
completeness.

3.2 Image synthesis

Image synthesis is the process of using generative networks to create images. With the rise of
GANsS, this has become an incredibly popular field due to the ability of the GAN architecture
to adapt to difficult problems.

A popular topic has been that of neural style transfer [Gatys et al. 2016]. This involves
combining a style image and a content image, such that the content image is transformed
to have the style of the style image. Interestingly, the style transfer algorithm does not train
a neural network to perform the operation. Instead, a pre-trained network, in this case the
original VGG network [Simonyan and Zisserman 2014] is used to extract features for both
images, then gradient descent is used to iteratively update a sampled noise vector into a
combination of both images, using specifically calculated losses for content and style based
on the extracted features. This differs from other generative networks in that it has all the
information it needs in order to synthesise the output image, whereas usually a network is
trained to add information based on the input to the network. The results of this process
can be seen in figure 3.1.
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Figure 3.1: Style transfer as proposed by Gatys et al. [2016].

A more conventional image synthesis problem is non-conditional image synthesis, synthesis-
ing images that can fit into the training dataset. Radford ez al. [2015] proposed DCGAN, is a
fully convolutional GAN that takes a noise sample as input and synthesises a 64x64 image.
StyleGAN |[Karras et al. 2019], is a non-conditional GAN that synthesises high-resolution
images with state-of-the-art quality. Karras et al. [2020] then improve upon the results of
StyleGAN with StyleGANZ2, focusing on the issues that were identified in images synthesised
by StyleGAN.

Some other examples of image synthesis include super-resolution, the process of synthesising
an upscaled version of an input image, for example Haris e al. [2018], synthesising images
from hand-drawn shapes, such as the network by Isola ez al. [2017], as well as old photo
restoration, the process of correcting damage and fadedness of old photos. Wan ez al. [2020]
makes use of both image inpainting to remove cracks in photos, as well as general colour
restoration.

With the most relevance to our work, Chen and Koltun [2017] and Wang ez al. [2018b] use
semantic segmentation annotations as inputs to their networks to synthesise images that
look realistic. This conditional image synthesis allows a diverse set of loss functions to be
used due to the requirement for the output to follow the instructions of the inputs, leading to
many methods of enhancing the training of the networks. These two networks are explained
in detail in section 3.2.1 and section 3.2.2 respectively as they are the basis of our work.

3.21 Cascaded Refinement Network (CRN)

The CRN [Chen and Koltun 2017] is the first attempt at synthesising smooth and relatively
detailed 2k (1024x2048) images from segmentation annotations. The network does not use
a GAN architecture as it added instability to the training of the network and instead uses a
perceptual loss. Example output from the CRN is shown in figure 3.2.

The network is a series of modules that operate at different scales of the synthesis process,
each taking a copy of the network’s input data. The first module downsizes the input to 4x8
pixels and outputs at the same size. Subsequent modules operate at twice the resolution as
that of the previous module, downsampling the input to the appropriate size, upsampling
the previous module’s output, and concatenating the two together to form the input for
that module. This continues until the output is at the desired size. The network does not
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Figure 3.2: An example input and output from the CRN. Taken from Chen and Koltun [2017]

use transpose convolutions for upsampling and instead opts for bilinear interpolation for
image/activation modification and nearest interpolation for segmentation annotations. The
reasons given for such are that transpose convolution operations, due to the fact that they
interpolate a smaller output into a larger one, can introduce repeating checkerboard patterns
in the image in some cases, and this was sought to be avoided.

The stacking of modules that operate on an increasing resolution is the basis for the name
of the network, in which a cascaded series of modules refine a coarse result from earlier
modules into a more fine result in the latter layers. This method of building the network
architecture allows one to choose the output resolution of the network, while each specific
module always operates at the same resolution. This is something that cannot be easily
accomplished with, for example, an encoder-decoder network where decreasing the input
image size would effectively increase the percentage of the input image the convolutional
layers in the network operate on, leading to inconsistent results. This effect can be seen
clearly if pix2pixHD [Wang et al. 2018b] is trained using half-resolution images, where the
quality of the synthesised images is dramatically decreased.

The refinement module

The modules that make up the CRN are known as refinement modules. Each module is
made from two 3x3 Convolution-LayerNorm-LeakyReLU [Maas et al. 2013] blocks. After the
final module, there is an additional 1x1 convolution that maps the high channel count output
after the final leaky ReLU into 3 channels, the correct amount for a colour image.

Module 1 Module 2

Conv  Norm LReLU Conv Norm LReLU

orm LReLU Con

Figure 3.3: A CRN with two refinement modules. Semantic segmentation annotations are shown in
colour for ease of viewing.

The filter count for the convolution layers inside the refinement modules for the 9 modules

needed to reach the 2k resolution output size are as follows: 7024 for modules 0..4, 512 for
modules 5 and 6, 128 for module 7, and 32 for module 8. The high channel count is required
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for the network to have the capacity to hold the required information to recreate acceptable
samples of the dataset; however, this comes at a cost of memory usage. While the filter weight
dimensions would remain constant throughout the network, the activations throughout the
network increase in width and height as the image size increases, resulting in massive chunks
of memory being required for each convolutional operation. This is why at certain points
the filter count for the convolutions in the refinement modules decreases.

As mentioned prior, the input to the network takes the form of the semantic segmentation
annotation that corresponds to the output image. This annotation is preprocessed by means
of one-hot encoding, in which an annotation with n classes will create a tensor with n
channels, with each channel containing ones only where the respective classes were in the
annotation, with everywhere else being zero. While some networks will include a sample
of noise in their input, the CRN does not include such and takes only the one-hot-encoded
annotation as input. Each refinement module has a correctly scaled copy of this annotation,
as well as the upsampled prior layers from the previous module if one exists.

The network begins training with enough modules to synthesise a 256x512 image. The ma-
jority of the training happens at this scale. After a certain number of epochs another refine-
ment module is added, increasing the output resolution to 512x1024, and training resumes
until a final refinement module is added, leading to an output resolution of 1024x2048,
where training resumes for only a few epochs to fine-tune this layer since this layer only has
32 filters per convolution and does little more than clean up the upsampled input.

Diversity Loss

The CRN makes use of a perceptual loss that uses VGG-19 [Simonyan and Zisserman 2014]
as the activation network. The activations from the VGG-19 network are compared in a
fashion termed a diversity loss, a means of introducing diversity into the image synthesis of
the network. The network synthesises images based only on the segmentation map, leading
to the network choosing one style for each item class of the dataset and using that for
all instances of that class. To combat this, the network can be set to synthesise multiple
images, nine by default, and combine the areas of the classes of the images that score
lowest, creating one meta-image. This is said to create competition between the different
image outputs, leading to a diverse set of images synthesised; however, this is only performed
during training.

The downside of this strategy is that there are now multiple candidate output images at
inference time. This results in a situation where if a single image is required, a choice needs
to be made on which of the nine output images to choose, with user preference being the
only possible strategy. In this case, one can simply opt to not use the diversity functionality,
output only one image, and the diversity loss cancels itself out and behaves like the standard
perceptual loss.

3.2.2 pix2pixHD - A conditional GAN

Wang et al. [2018b] proposed pix2pixHD to improve upon the results of the CRN, thus
the network follows the same general structure, such as using a one-hot encoded semantic
segmentation annotation as input and synthesising a realistic image that matches the anno-
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tation. The network architecture is vastly different in design to that of the CRN; however,
the findings from designing the CRN are put to good use in the development of pix2pixHD.
Figure 3.4 demonstrates the output from pix2pixHD.

(a) Synthesized result Our result

Figure 3.4: An example input and output from pix2pixHD, as well as a comparison to the output
from the CRN. Taken from Wang ez al. [2018b]

pix2pixHD uses a GAN architecture, and while it was said that GANs would be unstable
in this domain, a number of measures are put in place to mitigate these issues, allowing
the powerful advantages GANs have over conventional training methods to shine through.
Unlike in the case of the CRN, pix2pixHD synthesises only one image and handles diversity
in a different manner by means of what they call a feature encoder.

The network also takes additional information as input to further improve the output of
the network. An extension of semantic segmentation is instance segmentation, where each
instance of an object in the reference image is segmented separately, giving an annotation
that can be used to differentiate one object from another, even if they overlap. Since there
can be a varying amount of instances between one reference image and another, one-hot
encoding the instance annotation would yield an inconsistent number of channels for each
reference image.

Thus using the instance annotation in its raw form is not possible, and is thus used as an
input for the network in the form of an edge annotation, showing the edges of different
instances. This is trivial to compute, and takes the form of a sparse single-channel im-
age regardless of the number of instances, simply containing ones where there are edges
of instances. The instance annotation is also used to process the output of the feature
encoder.

Generator architecture

The generator is split into two components, a global generator, and a local enhancer. The
global generator is responsible for synthesising an image of size 512x1024 from the input of
the same size; however, this network cannot handle resolutions higher than this. The local
enhancer, using the full-size input, takes the final features of the global generator combined
with some initial processing of the full resolution input, and synthesises the output in the
desired 2k resolution. This allows a two-step training process that increases stability during
training, where the easier-to-train global generator is trained on its own, then the local
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enhancer is added to increase the resolution to the final image resolution and training is
completed.

The global generator is based on the architecture proposed by Johnson et al. [2016], an
encoder-decoder architecture where the input is downsampled using strided convolutions
into a residual core, and multiple residual blocks process the data to extract the high-level
features and convert the sparse semantic annotation input into a dense block of data, which
is then upsampled using transpose convolutions and processed with a single 3x3 convolu-
tion into the intermediate colour image output. The network is composed of Convolution-
InstanceNorm-ReLU sets, and is shown in figure 3.5. Differing from the CRN, pix2pixHD
uses instance normalisation instead of layer normalisation, following the architecture by

Johnson et al. [2016].

Residual blocks

C/onv TC/()nv 7x7 Final Conv
Synthesised image
Figure 3.5: pix2pixHD global generator network architecture. SConv - Strided convolution; Res -
Residual block; 7Conv - Transpose convolution. All convolution blocks, except Final Conv, are Conv-
InstanceNorm-ReLU. Some strided convolution and transpose convolution blocks are excluded for
the sake of simplicity.

The local enhancer follows a similar design, this time only downsampling the input once to
match the resolution of the global generator. Then, the output from the final transpose con-
volution of the global generator is added to the downsampled input. The data then proceeds
through a smaller set of residual blocks than that of the global generator, is upsampled once
by a transpose convolution, and processed with a single 3x3 convolution into the final out-
put. One can add multiple local enhancers to continually increase the resolution; however,
the effectiveness of this was never elaborated upon.

When training the network, the global generator is initially trained on its own, using the
intermediate colour image output. After a predefined set of epochs, the local enhancer is
added to the overall network, and the intermediate output is no longer created, as the output
of the final transpose convolution is fed into the local enhancer for further processing over
the course of another set of epochs.

Discriminator architecture and additional loss metrics

The discriminator used to train pix2pixHD is based on the Patch-GAN architecture by
Isola et al. [2017], where instead of the discriminator classifying the entire image as real or
fake, it outputs a grid of classifications based on patches of the input image. This allows
the discriminator to classify individual sections of the image as real or fake, instead of
simply the entire image. Instead of calculating the loss specified in equation (2.1) using the
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logarithmic terms, least-squares error is used instead [Mao et al. 2017]. This allows over-
confident classifications to be penalised as well, sometimes preventing the classifications
from locking to the extrema which would lead to entirely vanished gradients.

Two feature matching losses are used as a means of stabilising training and enhancing
the input. The first makes use of the activations of the discriminator. While typically a
really confident discriminator will lead to vanishing gradients, the feature matching loss
will still allow the discriminator’s classifying information to propagate back to the generator,
preventing training from stalling, as well as increasing synthesised image fidelity. The second
feature matching loss takes the form of the same perceptual loss used by the CRN, using
VGG-19 as the classification network.

Instead of using a single discriminator, it was decided that multiple discriminators with
identical architecture are used, only the input for each is at a different scale. This multi-
scale architecture allows the discriminators to individually focus on features at different
scales, leading to more consistency across the entire image as well as fine detail in individual
sections.

To improve discriminator performance, the segmentation and edge annotations are concate-
nated with the input image to give the discriminator more information as to what character-
istics the image should have.

Feature encoder

A key aspect of the image synthesis process for pix2pixHD is the feature encoder. This is a
separate network that is trained end-to-end with the generator, taking as input the reference
image for the training sample, learning to encode the characteristics of the reference image
into settings for the generator to use. This results in a per-pixel output that, while it might
have the intended effect, cannot be used in inference given the need for a reference image,
something only available during training. Instead, Wang et al. [2018b] chose to group the
output pixels together using the instance annotation. For each instance, the pixels covered
by that instance are averaged together to form a single setting for that instance. While not
as fine-grained as a per-pixel setting, this opens up a strategy for not requiring the reference
image during inference.

Once training has been completed, the trained feature encoder is run over all samples in
the training dataset, and the feature encodings for all samples are collected. Then, for each
semantic object class in the dataset, k-means clustering [MacQueen and others 1967] is used
to create a set of feature encodings that are saved and can be used at inference time. Using
an instance annotation, for each instance, a saved setting is drawn for the semantic class of
the instance and used to populate the area that the instance covers, leading to a compatible
feature encoding input that does not rely on the reference image. The feature encodings can
also be used to replace parts of the image with different styles.

3.3 Video synthesis

Video synthesis is an extension of image synthesis, where a network needs to be able to
synthesise a collection of images that can be grouped together into a video. There are a
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number of different styles of video synthesis. One such style, future-frame-synthesis, uses a
set of input frames to attempt to synthesis the frames that would continue from the input
[Zhou et al. 2020]. Another method is that of using an image synthesis network such as
pix2pixHD, which uses segmentation annotations as input, to synthesise one frame at a time,
with modifications to the network architecture to accommodate the new task. This type of
network is seen in vid2vid [Wang et al. 2018a], and is further explained in section 3.3.1.

With the extra time dimension present, a number of added difficulties present themselves.
The largest of which is temporal consistency, where frames not only need to have high
individual quality but be consistent between each other. A red car in a single frame may
have high accuracy when compared to the reference image; however, if that car is synthesised
to be blue in the following frame then the results are considered unsatisfactory. Another
issue is that high quality labelled video data is not as common as image data, due to the
requirement for a far higher number of images to be labelled to create sufficient data. This
necessitates creative solutions such as creating synthetic data using systems such as AirSim
[Shah et al. 2017], or using pre-trained segmentation networks to synthesise data labels for
previously unlabeled video.

3.31 vid2vid - A conditional GAN for video synthesis

vid2vid, proposed by Wang et al. [2018a], converts pix2pixHD into a video synthesis network.
It maintains most of the architecture and design decisions behind pix2pixHD, adding extra
elements to facilitate temporally consistent video synthesis.

vid2vid synthesises one frame at a time, using prior frames as an additional input to guide
the next frame. The largest addition to the network is using optical flow estimation to reuse
prior frame content where possible, while synthesising content where required, leading to
high levels of temporal consistency between frames.

The feature encoder still plays a primary role in guiding synthesis. A change is made to how
the feature encoder is used during inference, where, instead of using k-means clustering, it
was decided that fitting a Gaussian mixture model to the set of extracted encodings would
allow one to sample a far greater range of encodings for use, while still using aggregate
data.

Generator architecture

The network architecture is much the same as pix2pixHD; however, elements have been
added and modified to adapt the network to video synthesis. The global generator has in
effect been duplicated and run in parallel, with a join in the middle to share information.
The extra input and output are responsible for additional video related data.

Using figure 3.6 as a guide, the generator can be divided into four sections, with an addi-
tional combination phase at the end not shown in the diagram. The top two sections are
similar in purpose to the global generator for pix2pixHD, and the bottom two sections are
for additional video-specific processing.
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Residual blocks

Current and ~ Conv TConv 77 Final Conv
prior segmentation Canditate frame

annotations

Conv TConv  7x7 Final Conv
Prior frames Weight annotation
Flow estimation

Figure 3.6: vid2vid global generator network architecture. SConv - Strided convolution; Res - Resid-
ual block; 7Conv - Transpose convolution. All convolution blocks, except Final Conv, are Conv-
InstanceNorm-ReLU. Some strided convolution and transpose convolution blocks are excluded for
the sake of simplicity.

The top-left section is simply modified to additionally accept the prior frame segmentation
annotations, in addition to the already present feature encodings and edge annotation. The
top-right section does not change, and simply outputs a synthesised candidate frame.

The bottom two sections have the same architecture as the top two, only with different
input and output dimensions. The bottom-left section accepts and processes the prior
synthesised frames concatenated together, and the bottom-right section outputs two new
types of outputs: an optical flow estimation used to warp the last prior frame to conform
to the segmentation annotation of the current frame, as well as a single-channel weight
annotation with values between zero and one.

There are now three distinct outputs of this network: a newly synthesised candidate frame,
a warped prior candidate frame, and a weight annotation. The weight annotation is used to
linearly combine the candidate frames with the following equation:

I(S; P;w) = (1 —w)S +wP, (3.)

where S and P are the newly synthesised and warped prior candidate frames respectively,
w is the weight annotation, and I/ the combined synthesised image.

A key aspect in the function of the complete generator is the join in the middle. The
individual inputs are processed separately, then the activations of both sections are summed
together. These new summed-together activations are used as the inputs to both remaining
network sections, meaning that both sections have access to information from both inputs.
These output sections are then able to specialise on synthesising their specific outputs, while
using the combined information of both the semantic and prior frame inputs in the way that
suits them best.

The purpose of the duplicated network architecture is to reuse as much content as possible
from the prior synthesised images, allowing for higher temporal consistency. On the other
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hand, the problem of occlusion is mentioned, where objects move to reveal areas of the
image that have not previously been visible, meaning there is no prior content to reuse for
these regions. This is where newly synthesised content should be added from the synthesised
candidate image. The reuse of content is further directed using an additional foreground-
background prior, created using the segmentation annotation, to designate certain semantic
objects as background or foreground. The prior is used to more easily select content to be
reused from prior frames since background areas are less likely to dramatically change. This
is said to greatly improve temporal consistency.

The concept of a global generator and a local enhancer have been kept. The network will
now have two local enhancers per resolution scale, one for the synthesised candidate image,
and one for the optical flow estimation and weight annotation. The two local enhancers do
not combine activations in the way that the global generators do, with each local enhancer
having inputs and outputs that match the global generator half they are enhancing. While the
global generator for pix2pixHD operated at 512x1024, the vid2vid global generator operates
at 256x512, as well as having fewer stages of downsampling and upsampling compared to
the pix2pixHD global generator. Thus two sets of local enhancers are needed to synthesise
1024x2048 images.

Discriminator architecture and additional loss functions

The discriminators used by vid2vid are much the same as the ones used by pix2pixHD. Two
sets of discriminators are used, one set for image quality, and another for temporal consis-
tency. The image quality discriminators operate in the same manner as the discriminators
in pix2pixHD, taking in the segmentation annotations, edge annotations, and the image to
test, and performing the same role.

The temporal consistency discriminators however take as input the image to be tested, a
number of prior images, as well as the reference optical flow between those frames. This
allows the temporal discriminator to match whether or not the synthesised images are con-
sistent among frames, and encourages the reuse of information from prior frames, both from
the prior frames as input as well as the warped prior frame. These discriminators are both
multi-scale, using different image sizes, as well as multi-frame-rate, where in one examina-
tion the discriminator may skip frames to see further into the past or see all frames closer
to the present. This is said to improve long term consistency.

Like pix2pixHD, a number of additional loss functions are included to assist in training. The
discriminator feature matching loss that is used by pix2pixHD are retained, with the addition
of feature matching losses for both the image and temporal discriminators. The VGG feature
matching loss is also retained and shown to provide improved image quality.

A number of new loss functions are added as well, focusing on optical flow and its effects on
the network. Reference optical flow is synthesised using FlowNet2 [Ilg et al. 2017]. An end-
point-error loss function is added to guide the network to correctly estimate optical flow,
by comparing the synthesised optical flow against reference optical flow using Euclidean
distance. A warping error is also added, where the previous reference frame is warped using
the newly-synthesised optical flow and compared against the current reference frame.
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3.3.2 Other video networks

Since vid2vid was proposed, other networks that either improve on vid2vid or seek to solve
different problems have been proposed. These networks were not focused on for our work
since they diverged too far from their image synthesis counterparts; however, they are still
worth mentioning.

“Few-shot vid2vid” was proposed by Wang et al. [2019] as a direct enhancement to vid2vid,
where the content of the output video would be given by the usual semantic annotations;
however, the style would be determined by a sample image given as an input during infer-
ence. The network is demonstrated to be able to take any source style image that matches
the theme of the input data, and synthesise video content that the input style image could
be said to be taken from.

“World-Consistent Video-to-Video Synthesis” by Mallya et al. [2020] is another enhancement
of vid2vid, where the ultimate goal is to ensure permanent long term consistency. An
example of this would be if the synthesised video is the view from a car driving once around
a city block, that when the car arrives at a point it has previously travelled to, the content
in the two frames is identical. This is achieved in the network by using additional depth
data as input, as well as storing synthesised pixels as points in a growing point cloud that
can be sampled from when data should be reused. This results in something very close to
a 3D graphics renderer in quality due to the extreme content reuse leading to near-perfect
temporal consistency as well as the network’s high image quality when synthesising new
data.

Finally, there is “Flow-navigated warping GAN” by Dong et al. [2019]. This network follows
a similar concept to “Few-shot vid2vid” in how the network is to be used. The network is
intended to be used for virtual garment try-on, where an image of a person, the garment they
wish to be seen trying on, and multiple frames of pose information are used as input. The
output video is of the person wearing the garment and performing the routine described
by the pose information. Optical flow is made use of in the same manner as that of the
vid2vid series of networks, as well as specific architecture elements to facilitate the natural
combination of the three different inputs into one consistent video.

3.4 Conclusion

In this chapter, we described the base network architectures that we will be building varia-
tions of, as well as the video networks that we are using to guide the process of adapting the
image synthesis networks to perform video synthesis.

The cascaded refinement network, built using a series of refinement modules that progres-
sively increase the output size of the network, lacks many of the enhancements that allow
pix2pixHD to create higher quality images. The enhancements include feature encodings,
which allow the user greater control over the composition of the network output, as well
as a GAN architecture that allows the network to learn in an ever-evolving manner adapted
specifically to the task at hand.
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However, these enhancements were not added to specifically facilitate video synthesis, and
so their usefulness when the network is tasked with temporally consistent video synthesis is
not guaranteed. Finally, we describe video synthesis networks, which have specific compo-
nents that are included solely for the task of video synthesis, leading them to differ quite
substantially in composition and complexity from image synthesis networks.
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Chapter 4

Research methodology

41 Introduction

This chapter describes our experimental methodology, research questions and hypothe-
ses.

We first explain how we modified base image synthesis networks, the CRN and pix2pixHD,
both in terms of porting features from one network to the other, as well as adding new
functionality to both networks to improve their temporal consistency. An overview of the
dataset used in this experiment is given, followed by the research questions and hypotheses,
outlining the focus of our work. Finally, a detailed experimental methodology that includes
dataset preparation, details about the networks we used, network training processes, and
evaluation metrics is given.

4.2 Network variations

Our experiments are comprised of comparisons between the CRN and pix2pixHD, two
image synthesis networks, when they are repurposed to synthesise video. The networks were
tested in their original state, as well as after modifications are made to the networks in an
attempt to enhance their ability to synthesise temporally consistent video.

pix2pixHD contains components that the CRN does not have an equivalent version of.
Components such as the feature encoder, discriminators (with all the systems that allow for
stable training), and using edge annotations for inputs are all components that are technically
separate from the generator itself, and as such can be easily ported to the CRN. The inclusion
of residual blocks in the network gives pix2pixHD an additional edge over the CRN. This
opened up a greater opportunity for comparison between the CRN and pix2pixHD, where
not only the base networks architectures and training methods can be compared, but also
modified and upgraded variants of the networks.
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Neither the CRN nor pix2pixHD support the use of prior frames as inputs, nor optical
flow estimation as part of its image synthesis process. Variants of both networks containing
support for these features are tested as well.

4.3 Research questions and hypotheses

The following research questions are the focus of this work, and appropriate hypotheses are

included.

1. Without any modifications, will the CRN or pix2pixHD synthesise more tem-
porally consistent video, and by what margin will the difference be?
Hypothesis:

pix2pixHD will synthesise video that is more temporally consistent than the CRN
due to having a feature encoder that can be used to influence the output. This
will give pix2pixHD a moderate advantage over the CRN.

2. Can porting components from pix2pixHD to the CRN improve its ability to
synthesise temporally consistent videos, and if so, to what extent?
Hypothesis:

The CRN will benefit from the inclusion of these features; however, none of
these components are specifically created to address temporal consistency, and
thus their greatest effect will be in image quality. Regardless, some increase in
temporal consistency is to be expected.

3. Chen and Koltun [2017] mentioned that GAN architectures add instability to the
training process, and thus chose not to use them in the training of the CRN. Is
there a way to include the use of discriminators to enhance the training process
without negatively affecting training stability?

Hypothesis:

The discriminators and their supporting supplementary loss functions that pix2pix HD
uses to train are specifically designed to address the stability issues that GAN ar-
chitectures can introduce. The use of these discriminators in the training of the
CRN should be possible, resulting in a dramatic increase in image quality.

4. Does the inclusion of prior frames as inputs to the networks improve temporal
consistency in video synthesis, and if so, by how much?
Hypothesis:

The inclusion of prior frames will improve temporal consistency by a significant
amount, due to the network having access to information of what was synthesised
for the previous frames.

5. Wang et al. [2018a] included the synthesis and use of optical flow in the vid2vid
network architecture to make use of prior frames more effectively. If the CRN
and pix2pixHD are modified to include features from vid2vid in order to make
use of optical flow, would the temporal consistency of video synthesis increase?
Hypothesis:
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The inclusion of optical flow in the CRN and pix2pixHD may not result in the
same improvements to temporal consistency they made in vid2vid, due to fine-
tuning and network-specific adjustments possibly being required to successfully
extract the possible benefit from optical flow. That said, some improvements may
be witnessed if the features work as they are supposed to without modification.

4.4 Dataset

The dataset that we used in this work is the CityScapes dataset [Cordts et al. 2016], and is
primarily used for training semantic segmentation networks. It contains 2975 training, 500
validation, and 1525 testing video sequences comprised of 30 frames each. The twentieth
frame of each sequence is selected to be part of the primary image dataset, which con-
tains hand-labelled segmentation and instance annotations for the training and validation
sets.

In order to use all thirty frames of each video sequence, the provided reference frames must
all have labels. This is achieved by using semantic segmentation and instance segmentation
networks to process the data and synthesise the information to an acceptable degree of
accuracy. The network implementations used for this in our work are DeepLabV3Plus
[Chen et al. 2018] for semantic segmentation and Detectron2 [Wu et al. 2019] for instance
segmentation.

4.5 Experiment Methodology

The methodology used to compare the CRN to pix2pixHD, and comparisons of variants of
the networks, is performed as follows.

4.5.1 Dataset preparation

As described in section 4.4, the CityScapes dataset includes both a labelled image dataset
and unlabelled sequence dataset. The labelled image dataset was used in the given form to
train network variations that do not have a reliance on prior frames. Networks that use prior
frames required the use of the sequence dataset. The sequence dataset has exactly 30 times
as many images and was found to present difficulties in label synthesis, storage, and transfer
between testing and training computers. Thus it was decided that a subset of the sequence
dataset should be used. The dataset is separated into folders containing the respective data
from the city that the data was captured in. A total of 808 out of 2975 sequences were kept
by selecting a subset of these cities.

4.5.2 Network recreation, architectures, and deviations

While source code for both the CRN and pix2pixHD are available, they are only used as
a reference to obtain aspects of the networks that are not referenced explicitly in their
respective papers. All aspects of both networks, as well as the entire supporting training
and evaluation data creation framework, were written from scratch in PyTorch [Paszke et
al. 2019]. This allows reliably running both the CRN and pix2pixHD with and without
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specific components dependent on the network configuration chosen, by sharing the exact
components between the two networks. For example, adding a discriminator or feature
encoder to the CRN involves simply using the exact pix2pixHD component with no changes
required. The source code for our networks can be found here. Table 5.1 contains a full list of
configurations used allowing easy comparison of network architecture configurations.

Image synthesis output size

Both networks are intended to be used to synthesise images at size 1024x2048. While in
the base configurations both networks can be trained to specification at this resolution,
the inclusion of additional components such as support for optical flow estimation led this
output size to be unreachable due to video memory requirements and, when viewed from
the perspective of optimising for temporal consistency, unnecessary.

The CRN uses two refinement module additions during training to increase the output
size of the synthesised image from 256x512 to 1024x2048. Section 3.2.1 specifies that the
final refinement module only uses 32 convolutional filters in its convolution operations.
This indicates that this module is responsible for upsampling the prior output rather than
contributing new features. If this refinement module is left out, only a small amount of image
content and quality is lost; however, the video memory savings are considerable.

pix2pixHD is comprised of a global generator and a local enhancer. The global generator
synthesises at size 512x1024 and the local enhancer at size 1024x2048. Unlike the CRN,
inputs of any size are able to be processed by the network; however, it was found that
lowering the input size for the network resulted in a complete loss of quality in the resultant
image due to the large kernel size (7x7) used within the processing bottleneck of the network,
where the resolution of the data is already quite small. Thus, the only way to output at the
desired 512x1024 image size is to simply remove the local enhancer portion of the network.
While there is the possibility for a decrease in overall image quality from removing the extra
processing that the local enhancer performs, the difficulty of synthesising high-quality images
only increases with image size, thus by focusing only on the output of the global generator
we have effectively reduced the difficulty of the problem, thus in our opinion offsetting the
lost processing power of the local enhancer. This removal reduces the memory requirements
of the network significantly.

Component sharing

Some minor simplifications were made in an effort to keep consistency. For example, both
the CRN and pix2pixHD use a VGG perceptual loss. While the CRN uses this as its primary
and only loss in the base configuration, pix2pixHD includes the VGG loss for additional
quality in a supporting role. Thus, while the weightings for the individual layers in the
feature matching process differ slightly between the two implementations, it was decided
that the configuration for the CRN would be used for both networks.

Component modification

Some elements of the networks were modified when clear benefit could be seen or to alleviate
certain noticeable issues. The first of which is that of using weight normalisation instead of
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layer normalisation in the refinement modules of the CRN, to alleviate water-drop artefacts
(this is further described in section 5.3.1).

Another modification was that of replacing VGG-19 with MobileNet-V2 [Sandler ez al. 2018],
since both are image classification networks; however, MobileNet-V2 is more accurate and
is designed to run on mobile devices. Thus, the possibility for better feature extraction
and lower memory usage was attractive, and as such MobileNet-V2 was incorporated as
an alternative to using VGG-19 for the perceptual loss. This resulted in improvements to
memory usage, training duration, and output image quality.

Prior frame usage

When a network is configured to use prior frame information (synthesised images and prior
segmentation annotations), the information for the current frame is added to a list that is
used as input for the synthesis of the next frame. A total of two prior frames were used,
following the decision by vid2vid to do the same.

Since the number of input channels in a network is inflexible once the network has been
instantiated, placeholder prior frames need to be used. In this case, the information is in
the form of zero-filled tensors that are updated with actual prior frames once they become
available. Without adjustment, using zeros for the prior image frames would be akin to
telling the network that the previous frames were pure black, which is an extremum, given
that image data is in the range of [0.0, 1.0]. The network will then need to learn to handle
this extremum, while still making good use of images with a range of data above zero. To
alleviate this large disparity, it was decided that the prior frames be shifted down to [-0.5,
0.5]. This results in the placeholder zeros being closer to the mean of the data, without any
detriment to the , thus the network needs to do less to adapt to the use of both real data
and zeros.

When a network configuration with a discriminator uses prior frames as input but does
not use optical flow, the inputs to the discriminator were altered to include the prior frame
information as well as the current frame information, allowing the discriminator to access
both image quality and temporal consistency. When using optical flow; however, an addi-
tional discriminator is added specifically for temporal consistency and as such the image
discriminator was not adjusted in this manner.

Adding residual blocks to the CRN

In an effort to enhance the ability of the CRN to accommodate using components such as
discriminators and the demands of optical flow, while at the same time maintaining the
memory requirements of the network, a configuration option for the CRN was added to
replace the Convolution-Normalisation-LReLU blocks within the refinement modules with
residual-based blocks taken from ResNext [Xie et al. 2017]. This had the effect of reducing
the parameters in the network from + 90 million to = 60 million, while increasing the
number of convolution operations from two to seven, with the addition of skip-connections
to propagate information unobstructed through the network. Further architectural details on
this change can be found in appendix A.L
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Optical flow usage

The inclusion of optical flow estimation requires dramatic adjustment to the network archi-
tecture. The concept of twin networks was brought over from vid2vid, where two separate
inputs and outputs are used, prior frames are the second input, and the optical flow estima-
tion and weight annotation the second outputs.

The twin networks architecture for pix2pixHD closely follows the architecture of the vid2vid
global generator, where the network is duplicated and joined in the middle, leading to the
second halves each having access to all the information from the first halves while specialising
on their respective outputs. This also leads to double the number of parameters in the
network, increasing both its memory and processing power at the expense of computation
time and video memory usage.

Adding a twin network architecture to the CRN is more involved. Since there are multiple
refinement modules, and each take in the inputs, it was decided that for each refinement
module there would be a corresponding fwin refinement module. Like with pix2pixHD, the
original modules of the network take as input the semantic information, while the new twin
modules take as input the prior images. Both however take in the summed outputs of the
two prior modules, creating a network that looks like a chain, as well as opening up multiple
paths for data. The final refinement modules serve the same purpose as the final halves of
vid2vid, where one synthesises the candidate image, and the other synthesised the optical
flow estimation and weight annotation.

The usage of optical flow estimation in these network configurations closely followed the
method used by vid2vid, where FlowNet2 is used to synthesise reference optical flow, the
optical flow estimation is used to warp the prior synthesised image, and the weight an-
notation is used to merge the synthesised candidate image with the warped prior image.
The networks rely on the same discriminators, where the image discriminator evaluates
the synthesised image against the segmentation annotation, and the temporal discriminator
evaluates the synthesised image against the current and prior optical flow data, as well as
the prior synthesised images. The optical flow portion of the network was trained using both
end-point-error and the warping loss. One aspect that is not included is the foreground-
background prior, as this would have changed too much of the network.

4.5.3 Training methodology

While there are some similarities in the training process of the CRN and pix2pixHD, there
are however differences in procedure and training length. One consistent aspect for both
networks however is that both the CRN and pix2pixHD are trained on a minibatch size of 1,
presumably due to memory limitations of increasing the minibatch size.

CRN

To get to synthesising images of size 512x1024, the CRN requires two sets of training. Using
the single image CityScapes dataset involves training for 200 epochs at 256x512, adding a
refinement module, then training for another 20 epochs according to the official source code
for the CRN. As this is meant to be followed by the addition of another refinement module
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and a further 6 epochs of training, we decided that as we are not performing the final set of
training we would increase the number of epochs in the second set of training from 20 to
50, both for additional fine-tuning and to allow more training time for the more complicated
network configurations. The learning rate for the CRN was set to 0.0001, according to the
official instructions.

In certain network configurations that include components from pix2pixHD, an additional
aspect that is ported is the learning rate-scheduling that pix2pixHD performs. In these runs,
the learning rate was fixed for the first half of each set, then decreased to zero over the
course of the second half.

pix2pixHD

pix2pixHD would normally be trained in two sets, first the global generator, and second the
local enhancer. Since we are not using the local enhancer in this experiment there is only one
set of training for 200 epochs. The learning rate was set to 0.0002 according to the official
instructions, which decays linearly to zero over the course of the last 100 epochs.

Considerations when training network variations

When training using prior frames a sequence length of 6 was used per sequence in the
dataset, randomly sampled from the total 30 frames per sequence. When considering 6
images synthesised per training sequence, with 808 sequences, in order to approximately
maintain the number of images processed when training a network using prior frames it
was decided to reduce the number of epochs to 60%. Thus the CRN with prior frames
was trained for 120 epochs, then 30 after adding the additional refinement module, and
pix2pixHD with prior frames was trained for 120 epochs.

Training hardware

These networks were trained using the CSIR CHPC Lengau cluster. The training sessions
are submitted with the following hardware configuration request:

* Nodes: 1

* CPU: Intel® Xeon® 2.6 GHz (4 cores requested)
* Memory: Maximum used 79.60GB

¢ GPU: NVIDIA® Tesla® V100 16GB

4.5.4 Evaluation metrics

The evaluation of image and video synthesis can be challenging. Since a network may pro-
duce many different outputs that are all acceptable given a specific input, direct comparisons
between synthesised and reference images are usually insufficient in measuring the abilities
of a network.

Chen and Koltun [2017] makes extensive use of human preference scores to test the CRN,
where humans are given pairs of images and are required to rate their preference of the
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two. This is often a series of time-limited tests ranging from people only getting brief
glimpses of images, to getting up to eight seconds. Amazon Mechanical Turk is used to scale
the experiments to include a larger amount of people than would be possible to organise
otherwise; however, this service is not free.

Wang et al. [2018b] conduct multiple tests using different metrics. One method is to use a
semantic segmentation network to segment the synthesised images, using the premise that a
segmentation network can accommodate for variations in colour and orientation of objects
in images. The resulting annotations are then compared to the hand-crafted annotations
provided with the dataset, using both pixel accuracy and mean intersection-over-union.

Human preference scoring is also performed in the same manner as that of the testing used
for the CRN.

Wang et al. [2018a], as well as making use of human preference scoring, make use of a
modified form of Fréchet Inception Distance (FID) [Heusel ez al. 2017]. FID uses a pre-
trained image recognition CNN, in this case, the Inception-v3 network [Szegedy et al. 2016],
to extract and compare features of image pairs in a manner that aligns more closely with how
a human would compare the images. FID was developed as a means of comparing images,
and thus modifications were made in order to support comparing videos. The Inception-v3
network was thus replaced with video recognition networks, allowing videos to be compared.
Synthesised videos are compared directly to the corresponding reference videos, thus giving
an indication as to how different the two sets of videos are from each other.

Fréchet Video Distance (FVD)

In an effort to create a formal and standardised method of evaluating video synthesis net-
works, Unterthiner et al. [2018] proposed the Fréchet Video Distance (FVD). This works in a
similar manner as the modified FID used by Wang ez al. [2018a], and through extensive test-
ing, it is shown to align closely with human preference testing, where a network that scores
worse in FVD will reliably be scored worse by humans. A video compared to itself will have
an FVD of zero, as FVD is a distance from perfect reproduction. Thus, FVD was used in this
work as the standard evaluation metric for comparing video samples as it analyses temporal
consistency against a reference video.

Unterthiner et al. [2018] included a reference implementation of FVD with their paper. This
reference implementation, while working, is written using an old version of the TensorFlow
[Abadi et al. 2015] deep learning library (TensorFlow 1) and is not as user friendly as we would
have liked it to be. Thus, this was ported to TensorFlow 2 to allow for easier integration with
our workflow, and at the same time benefiting from all the improvements in the new version
of the library.

FVD requires videos that are a square of size 244x244. The method automatically down-
samples given inputs to the correct size; however, the videos produced by networks are
rectangular, and thus the source videos should not be used directly. Instead, three square
videos are sampled from the given input images: a far-left square, a central square, and a
far-right square. These three squares are tested individually, and then the mean of the three
is calculated.
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FVD processes 16 frame videos, in batches of 16. To get a comprehensive result, it was
decided that 8 batches should used, representing a total of 128 videos. The mean of the
8 batches are then calculated and represent the final score of the network. Videos are all
sampled from the same point in the 30 frame sequences, and networks that use prior frames
synthesise two extra frames starting two frames early, to allow the network to fill their lists
of prior frame information with data instead of the zeros they are initialised with.

Qualitative analysis

While FVD provides a convenient single value as a score for the network, it does not surface
any of the intricacies of the individual networks, nor does it explain any of the details that
it used to influence its decision. Thus, the videos were also analysed by hand.

4.6 Conclusion

In this chapter, we described the processes and details that were needed in order to carry out
our experiments. The primary focus of our work is on temporal consistency, which does not
directly align with image quality, and so network alterations that improve image synthesis
quality may not improve results, or worse, offer more area for deviations between frames
and thus harm temporal consistency.

We thus planned our experiments to involve a large amount of network variations in order
to determine how and to what extent modifying the networks affect their abilities. These
variations include porting components from pix2pixHD to the CRN, modifications to already
existing components to increase their effectiveness, the inclusion of prior frames as inputs to
give the networks a context of how to synthesise the following frame, modifying the CRN to
use residual network concepts to improve its ability to adapt to the extra components that
are added to it, and including the use of optical flow estimation in the synthesis process by
using concepts from vid2vid to further adapt the networks.

The training methodology of the base networks was adapted to be consistent across network
variations as best as possible, since adapting training methodology to each network variation
was out of the scope of this work. In terms of evaluation metrics, Fréchet Video Distance
is used to measure the temporal consistency of the networks and their variations, while
qualitative analysis is performed by hand to expand on the difference between the network
variations.
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Chapter 5

Results

5.1 Introduction

In this chapter we discuss the results of our experiments, pivoting around a central table
with all network configurations, FVD scores, synthesised video links, and a unique index for
each configuration that is used to refer back to the table within the results discussions. It is
highly recommended to watch these videos while progressing through the results.

The chapter is divided into two main sections, quantitative analysis, focusing on using FVD
scores to answer our research questions (section 4.3), and qualitative analysis, focusing on
additional analysis of the results in ways that were not covered in quantitative analysis,
such as the effects of normalisation, the effects of the feature encoder, and issues with the
perceptual loss.

5.2 Quantitative analysis

Table 5.1 shows the FVD score for each network configuration, as well as an index that can
be used to refer to the individual configuration, and a link to the testing video hosted on
YouTube. This testing video has been processed by YouTube to 480p (480x854), a standard-
definition resolution used on the site, and as such minor changes may occur. Corresponding
reference video is available here. Sections addressing research questions as listed in sec-
tion 4.3 are labeled appropriately.

Training time

Figure 5.1 shows the training time, in days, for the various network configurations using the
hardware described in section 4.5.3. The total time to train all network configurations for the
CRN is 36.657 days, and the total time for pix2pixHD is 19.120 days, leading to a total time
of 55.777 days. This inhibits our ability to train each network configuration multiple times
due to this extreme training time requirement even with us being able to train two network
configurations at once effectively cutting the time required in half. Another aspect to factor
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Table 5.1: FVD scores for all network configurations.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
1 1885.094 CRN ot Layer VGG - - - - - - - Link
2 1609.033 CRN 1 Weight VGG - - - - - - - Link
3 1488.244 CRN 1 Weight MNet - - - - - - - Link
4 1386.111 CRN 1 Weight MNet Edge F.E. - - - - - Link
5 1344.705 CRN 1 Weight MNet Edge F.E. Res. - - - - Link
6 1317.829 CRN 1 Weight MNet Edge F.E. Res. Disc. - - - Link
7 1110.927 CRN 1 Weight MNet - - - - Adj. - - Link
8 946.836  CRN 1 Weight MNet Edge F.E. Res. Disc. Adj. - - Link
9 1007.056 CRN 1 Weight MNet Edge F.E. Res. Disc. Adj. Twin Flow Link
10 1388.469 pix2pixHD 1 Inst. - Edge F.E. Res.? Disc. - - - Link
11 1304.637 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. - - - Link
12 1032.801 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Ext. - - Link
13 956.091  pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Adj. - - Link
14 909.387 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Adj. Twin Flow Link

FVD-Fréchet video distance; Net.-Network; O.I.-Number of output images; Norm-Normalisation; Percept-Perceptual loss; Edge-Edge
annotations; F.E.-Feature encoder; Res.-Residual blocks; Disc.-Discriminators; Prior.-Prior frames as input; Twin-Twin networks mode;
Flow-Optical flow; Layer-Layer normalisation; Weight-Weight normalisation; Inst.-Instance normalisation; VGG-VGG-19 backend;
MNet-MobileNetV2 backend; Adj.-Centred placeholder prior frames; Ext.-Extrema placeholder prior frames

"Due to VRAM constraints, when training at 512x1024 (epochs 201-250) the number of output images was reduced to 3.

2 pix2pixHD uses residual blocks by default.

in that is not represented in figure 5.1 is the maximum running time of twelve hours per job
on the cluster, leading to a requirement to restart jobs continually, opening up opportunities
for lost hours between jobs depending on the hour the job finishes.

| I I
a
3 4 5 3 7 8 9 10 1 12 13 14

Index

Training time(days)

Figure 5.1: Training time in days for each network configuration.

While each configuration change affects the network training time, a key insight is the
difference between image network with prior frames, and video network. The addition of the
twin network configuration and optical flow, in network configurations 9 and 14, dramatically
increase the training time required. While the details of these configurations are covered in
section 5.2.4, table 5.1 shows that these configurations do not dramatically affect the FVD
scores, while increasing training time by a large amount.

Feature encoder network configurations

Network configurations that include a feature encoder introduce a level of uncertainty into
the scoring of the network. The process of sampling a set of saved feature encodings
(section 3.2.2) leads to a large degree of variance in image quality, where some configurations
are dramatically better than others. Given 10 possibilities for each object class and 20
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classes, choosing feature encodings randomly will select from 10 possible configurations.
If we assume that each class’ settings are mutually exclusive in effect from the settings for
other classes, the number of configurations to search decreases to 200; however, this cannot
easily be assumed. Regardless of the number of possible configurations, searching is still
prohibitive as searching has a time requirement of nearly one hour from feature encoding
selection to FVD score.

Thus a far quicker method was chosen to select the feature encodings for a network: ran-
domly sample 50 sets of feature encodings and use them to synthesise images. The set of
feature encodings that produce images that are closest to the reference image and have a
good image composition are chosen. This results in a dramatically shorter selection process
while giving each network a good chance to show its merits. This relies on the assump-
tion that the set of feature encodings that give acceptable results is large enough to have
an element appear in the 50 random samples; however, we found no issues using this
method.

5.21 Comparison of the CRN and pix2pixHD base configurations
[Research question 1]

Table 5.2: FVD scores for base network comparison configurations.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
1 1885.094 CRN 9! Layer VGG - - - - - - - Link
2 1609.033 CRN 1 Weight VGG - - - - - - - Link
3 1488.244 CRN 1 Weight MNet - - - - - - - Link
11 1304.637 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. - - - Link

Refer to table 5.1 for table notes.

Table 5.2 is available for easier comparisons of network configurations details and FVD
scores. For the CRN, we tested three different configurations that we consider base config-
urations, one following the original design (index 1), one using weight normalisation (index
2), and one using weight normalisation and MobileNet-V2 for the perceptual loss network
(index 3). By making these deviations from the original we hoped to improve on the results
with simple component substitutions. We found that layer normalisation introduced artefacts
into the synthesised images, thus we replaced it with weight normalisation, and we saw an
opportunity to improve the power of the perceptual loss for free by replacing the VGG-19
network with MobileNet-V2, a smaller, more efficient, and higher accuracy network.

Replacing layer normalisation had the result of improving the FVD score of the CRN by
246.061, most probably due to the large reduction in the flickering dark areas and increase
in clarity. Replacing both layer normalisation and VGG-19 improves the score by 366.850
compared to the unmodified configuration, likely due to an increase in colour and sharpness
as well as further reduction in flickering dark areas. These significant improvements show
that the CRN has room for easy improvement. Following the success of replacing VGG-19
with MobileNet-V2, we decided that all other network configurations will use MobileNet-
V2 for their perceptual loss backends. Figure 5.2 shows two output frames for each of
the three CRN base configurations, with noticeable artefacts and dark areas in the first
configuration.
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Figure 5.2: A two-frame comparison of each of the CRN base configurations, indices 1, 2, and 3.

The base configuration for pix2pixHD (index 11) has an FVD score of 1304.637, a score
183.607 lower than the updated CRN base configuration (index 3), and 580.457 lower than
the original CRN configuration (index 1). Figure 5.3 shows two output frames from the
network, with the most noticeable changes between the frames being the details on the

buildings.

While the difference between index 3 and index 11 implies a noticeable difference in temporal
consistency, it implies that even with all the extra components that pix2pixHD has that the
CRN does not, pix2pixHD does not vastly outrank the CRN in terms of temporal consistency
when minor adjustments are made to the CRN.

Figure 5.3: A two-frame comparison of the pix2pixHD base configuration, index 11.

5.2.2 Porting components from pix2pixHD to the CRN [Research ques-
tions 2 & 3]

Table 5.3 is available for easier comparisons of network configurations details and FVD
scores. Section 4.5.2 describes the reasoning behind porting components from pix2pixHD
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Table 5.3: FVD scores for porting components network comparison configurations.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
3 1488.244 CRN 1 Weight MNet - - - - - - - Link
4 1386.111 CRN 1 Weight MNet Edge F.E. - - - - - Link
5 1344.705 CRN 1 Weight MNet Edge F.E. Res. - - - - Link
6 1317.829 CRN 1 Weight MNet Edge F.E. Res. Disc. - - - Link
11 1304.637 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. - - - Link

Refer to table 5.1 for table notes.

to the CRN, as well as detailing the conversion of the CRN to use residual blocks. These
changes can be seen as index 4, the addition of the edge annotations and feature encodings
as inputs to the CRN, index 5, where the residual conversion took place, and index 6, where
discriminators were added along with their supporting features such as the discriminator
feature matching loss.

The addition of the edge annotations and feature encodings (index 4) sees the largest change
in FVD 0f 102.133 compared to index 3. This could be attributed to the ability to differentiate
between overlapping objects by using the edge annotations, as well as more consistency due
to the fact that when feature encodings are used, the same encodings are used for all frames
leading to repeated colours and styles across frames. It should be noted that the network,
without feature encodings, tends to learn modes for the different classes in the images leading
to little variation, and so the effect of the feature encodings is minor.

The conversion of the CRN to use residual blocks (index 5) improves the FVD score by a
further 41.406. This, according to Unterthiner ez al. [2018] is a small enough change that
is not usually human-perceptible. On inspection, you can see this is the case, with the
two sample videos being similar consistency wise, with a change in colour being the main
difference, which can be attributed to different feature encodings being used.

Finally, adding the discriminator and supporting discriminator feature matching loss (index
6) improved FVD by 26.871. This addition increased the complexity of the objects in the
frames, making more pleasant still images, however with increasing complexity comes more
opportunity for change between frames, which may be the reason for this smaller-than-
expected improvement. A comparison of the image quality of the different CRN network
configurations can be seen in figure 5.4, and a demonstration of the increased complexity
in index 6 causing more differences between frames can be seen in the top two frames of

figure 5.5.

5.2.3 Including prior frame information in synthesis and training pro-
cesses of the networks [Research question 4]

Table 5.4 is available for easier comparisons of network configurations details and FVD
scores. The addition of prior frame information to the synthesis and training processes
of the networks yielded the greatest improvements to the FVD scores for both networks.
Comparing the CRN base configuration index 3 with index 7, the difference between the
two being the addition of prior frame inputs, an FVD improvement of 377.317 can be seen.
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Figure 5.4: A single output image from the CRN at indices 3, 4, 5, and 6. Notice how adding the
components has a minor effect on image quality and content, until index 6 (bottom right), where the
addition of the discriminator dramatically increases image complexity.

Table 5.4: FVD scores for prior frame network comparison configurations.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
3 1488.244 CRN 1 Weight MNet - - - - - - - Link
7 1110.927 CRN 1 Weight MNet - - - - Adj. - - Link
6 1317.829 CRN 1 Weight MNet Edge F.E. Res. Disc. - - - Link
8 946.836  CRN 1 Weight MNet Edge F.E. Res. Disc. Adj. - - Link
11 1304.637 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. - - - Link
13 956.091 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Adj. - - Link

Refer to table 5.1 for table notes.

Similarly, comparing index 6, where all pix2pixHD components were ported to the CRN, to
index 8, an improvement of 370.993 FVD score can be seen.

While the temporal consistency of the CRN base configuration improved, it is interesting to
note that no temporal consistency training loss was included, implying that the increased
temporal consistency is a byproduct of normal learning. It may be the case that the network
learned that by using prior information, it could more reliably use the prior information
instead of synthesising completely new information every frame, only adjusting where nec-
essary. This outcome is similar to that of future-frame prediction [Zhou et al. 2020], where
content reuse is encouraged, however it is important to note here that the CRN is learning to
perform this reuse without suggestion. A byproduct of this content reuse is that the network
could use more resources to create better quality objects in the images. Cars and windows
are more defined and consistent, and in general, there is a slight increase in the fidelity of
most object classes.

Comparing index 6 to index 8 (see figure 5.5), content is once again reused and enhanced,
leading to better fidelity of objects in the scene. However a difference this time is that the
discriminators for index 8 are adjusted to consider prior frame information as well as the
current information when making a decision between real and synthesised frames. Thus,
there is a direct incentive to increase temporal consistency as it is now something that it is
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being measured on. Section 5.2.2 describes how the addition of the discriminators, and thus
additional detail in the synthesised images may lead to more differences between one frame
and another; however, with the ability to use prior frame information this additional detail
generally stays consistent between frames.

pix2pixHD saw similar improvements to FVD scores when adding prior frame information.
Comparing index 11 to index 13, an improvement of 348.546 FVD score is seen. pix2pixHD
reacted similarly to how the CRN outputs changed with prior frame information; however,
an additional effect can be observed, a general softening of features. This may both not have
an effect on the FVD score as it may simultaneously improve temporal consistency by having
less possible detail changes; however, it would compare worse with the reference video as it
is further from the true content the frame should possess.

Figure 5.5: A two-frame comparison of the outputs of the CRN, without (top, index 6) and with
(bottom, index 8) the use of prior frame information. Noticeable differences between the two pairs
include the road lines and the face of the bus, which can be clearly seen in the difference images on
the right. The images have been brightened to better show off the changes in temporal consistency

5.2.4 Modifications of both networks to incorporate optical flow [Re-
search question 5]

Table 5.5: FVD scores for optical flow network comparison configurations.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
8 946.836  CRN 1 Weight MNet Edge F.E. Res. Disc. Adj. - - Link
9 1007.056 CRN 1 Weight MNet Edge F.E. Res. Disc. Adj. Twin Flow Link
13 956.091 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Adj. - - Link
14 909.387 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Adj. Twin Flow Link

Refer to table 5.1 for table notes.

Table 5.5 is available for easier comparisons of network configurations details and FVD
scores. Indices 9 and 14 are configurations where both networks were converted to include
optical flow in the synthesis process. To recap, this process involves the network synthesising
an optical flow estimation between the prior frame and the next, a candidate synthetic
image, as well as a weight annotation. The estimation is used to warp the prior frame to
hopefully match the structure of the next, and the weight annotation is used to combine the
candidate and warped images together.
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CRN configuration index 9 achieves a 1007.056 FVD score, 60.22 higher than index 8,
which had a score of 946.836. This regression can be attributed directly to the network
being unable to learn to correctly estimate optical flow, as well as coming to rely on its
use. The reuse of pixels from previous frames introduces the possibility of a great increase
in both detail preservation between frames, as well as temporal consistency; however, this
requires that all pieces of the system work together. If the optical flow estimation made by
the network is incorrect, pixels from previous frames are misplaced, and over the course
of a few frames, they can drift far away from their correct positions. In the case of the
CRN, it learned to universally designate buildings as reusable with little correction from the
synthesised candidate image, and thus issues in the relocation of pixels were propagated
continuously. This led to dramatic degradation of detail preservation over the course of
the 16 frames that form a testing video. This can be seen clearly in figure 5.6. Regardless,
the network achieves a good FVD score compared to many other configurations, due to
the fact that even though the detail preservation suffers greatly over time, the change in
content is smooth, and some object classes and most object outlines have more reliance on
the candidate image, offering simultaneous reuse of prior content and corrections from the
synthesised candidate image.

Figure 5.6: The tenth frame of the synthesised video from the CRN optical flow configuration (index
9), as well as the corresponding weight annotation. Lighter areas denote candidate image use, whereas
dark areas denote warped image use. Note the distortion in the building sections and the repeated
edge of the car.

pix2pixHD configuration index 14 achieves 909.387 FVD score, the best score of any con-
figuration, and 46.704 lower than index 13. This configuration behaves differently from
how the CRN made use of optical flow, in that instead of explicitly reusing content via the
warped previous frame, it simply uses what it learned by having to synthesise optical flow
to internally reuse the prior frame content in the candidate image. The weight annotation
then specifies that the majority of the content in the final synthesised image should come
from the candidate image, which now reliably matches the previous frame. This shows that
the network has a deeper understanding of the task and a better capacity to perform the
prior frame warping inside the network, instead of explicitly using the synthesised optical
flow estimation to warp the prior frame. Despite this, there is still deterioration over time;
however, it is not as severe as the deterioration observed in the CRN. An example frame
and weight annotation can be seen in figure 5.7.

5.2.5 Networks with equal opportunity

Table 5.6 is available for easier comparisons of network configurations details and FVD
scores. After porting all components from pix2pixHD to the CRN, we have the comparison
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Figure 5.7: The tenth frame of the synthesised video from the pix2pixHD optical flow configuration
(index 14), as well as the corresponding weight annotation. Lighter areas denote candidate image use,
whereas dark areas denote warped image use. Compared to the CRN, far less of the warped image
is used as the warping is effectively done internally in the network.

Table 5.6: FVD scores for equal opportunity network comparison configurations.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
6 1317.829 CRN 1 Weight MNet Edge F.E. Res. Disc. - - - Link
11 1304.637 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. - - - Link

Refer to table 5.1 for table notes.

of index 6 and index 11, with pix2pixHD only 13.192 FVD score ahead of the CRN. This
falls within the 50 point range where Unterthiner et al. [2018] classified one network’s level
of temporal consistency as indistinguishable from another network’s to the human eye. The
outputs of both networks are similar, with details added by the discriminator training visible
and changing between frames. Both networks appear to have, when given the same oppor-
tunity, learned a similar set of rules about how to synthesise images, even with their vastly
different generator architectures.

Interestingly, when prior frame information is included in the image synthesis and training
processes, both networks score roughly the same as well. Comparing index 8 to index 13,
we can see the CRN even comes out on top, scoring 946.836, 9.255 FVD score ahead of
pix2pixHD’s score of 956.091. This is once again imperceptible; however, when observing
the videos, the CRN has taken the extra details provided by the discriminators and kept
them under control, allowing fluid motion between frames, whereas pix2pixHD has applied
a general smoothing and removal of sharp details instead. Both of these strategies work to
increase temporal consistency, just in different manners.

Figure 5.8: A comparison of the outputs of the CRN (left, index 6) with pix2pixHD (right, index
11), showing how the CRN can match pix2pixHD in detail when both networks share the same
components.

47


https://youtu.be/THnIX8TWXPk
https://youtu.be/5XkPWQ2UC6M

5.3 Qualitative and general analysis

This section contains analysis that does not focus on comparing FVD scores; however,
similar results tables are included for each concept as an easy way of referencing the network
configurations that are addressed.

5.3.1 Effects of normalisation on synthesis output

Table 5.7: FVD scores for network configurations relating to normalisation effects.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
1 1885.094 CRN 9! Layer VGG - - - - - - - Link
6 1317.829 CRN 1 Weight MNet Edge F.E. Res. Disc. - - - Link
12 1032.801 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Ext. - - Link
13 966.091  pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. Adj. - - Link

Refer to table 5.1 for table notes.

Table 5.7 is available for easier comparisons of network configurations details. Section 4.5.2
mentions the use of weight normalisation instead of layer normalisation, as a means of al-
leviating artefacts present when the CRN synthesises images. Figure 5.9a shows one such
manifestation of this artefact, which is present in an evolving form from the beginning of
training. Initially, the artefact starts out as a swirl of colours spanning the entire image,
and over the course of the first epoch of training gathers itself into a single spot. This spot
continues to become smaller as training continues, however with diminishing returns, even-
tually not changing in any perceptible manner by the end of training. Once normalisation
was found to be the issue, a number of other normalisation methods were tested. We found
that any normalisation methods related to batch normalisation, such as instance, layer, and
group normalisation were shown to present this issue. We tested not using normalisation at
all and found that the network would not train. Weight normalisation was found to remove
this problem; however, and we believe that it is due to not being a variant of batch normali-
sation. Weight normalisation was also found to improve image quality in general due to the
network not struggling to manage the issues introduced by layer normalisation.

Figure 5.9b shows another instance of normalisation-caused artefacts. While most pix2pixHD
configurations do not present these issues, these seem to appear only when prior layer in-
formation is used without optical flow (indices 12 & 13). This may be a result of a single
discriminator being used for both image quality and temporal consistency, as described in
section 4.5.2, and when paired with this discriminator pix2pixHD is unable to act on the
feedback given by the discriminator. Karras et al. [2020] came to this same conclusion when
analysing StyleGAN [Karras et al. 2019], and determined that the cause of their synthesis
artefacts were indeed caused by instance normalisation, where the network could not learn
correctly and these artefacts were manifested as a result of this.

Figure 5.9c shows an artefact that is present in index 6, where a discriminator is added to
the CRN without prior frame usage. This is the only instance of artefacts when using weight
normalisation, and it is suspected to be related to the reasons mentioned above. Karras
et al. [2020] proposed a method called weight demodulation and adjustments to their net-
work training method, which completely removed their artefacts; however, the testing of this
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method was deemed out of scope for this work as this issue only appeared in one configu-
ration when using weight normalisation, and the implementation of weight demodulation is
not trivial.

(a) CRN synthesis artefact present in every frame caused by layer normalisation, changes colour depending on
frame content, but does not move (index 1).

(b) pix2pixHD synthesis artefact present only in prior ~ (c) CRN synthesis artefact present in only one con-

frame configurations, moving across the top of the  figuration with weight normalisation and not visible

frame over subsequent frames (indices 12 & 13). on every frame, though always in the same location
with the same shape (index 6).

Figure 5.9: Different synthesis artefacts encountered in certain network on the same video frame.
configurations

5.3.2 The effect of the feature encoder

Table 5.8: FVD scores for network configurations relating to feature encoder effects.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
3 1488.244 CRN 1 Weight MNet - - - - - - - Link
4 1386.111 CRN 1 Weight MNet Edge F.E. - - - - - Link

Refer to table 5.1 for table notes.

Table 5.8 is available for easier comparisons of network configurations details. Wang ez al.
[2018b] added the feature encoder, a more direct means of specifying the characteristics
of the synthesised images, as a means of allowing the user to hand-modify the styled of
objects in the scene. While this certainly had the intended effect, we have observed that this
component is far more important than was originally thought.
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As discussed in section 3.2.1, the CRN is proposed to have nine output images in an attempt
to introduce diversity into the image synthesis process. Our results show that while there
are some minor differences between images produced, each class still only has one style.
Index 3, with only a single output image, has a single style for each class and applies
varying amounts of darkness to the objects in what appears to be an attempt to add shadow.
When the feature encoder is added in index 4, this increases the range of styles that can be
applied to the different classes of objects, as well as different instances of the class in the
same scene. An example of these differences can be seen in figure 5.10. This is due to an
expansion in the latent space of the network, where instead of the latent space being the
one-hot encoded segmentation annotation, which only offers information about class and
position, the addition of the feature encoder inputs allows the network to explicitly pair
different feature encodings to different styles, and perhaps even other characteristics such
as the orientation of the object. This allows a more directed learning process that shifts
the problem of image synthesis closer to a one-to-one problem, from its previous position
as a one-to-many problem, as more information in the input to the network allows for less
variance in the output.

Figure 5.10: Example of a difference the feature encoder can make to the synthesised output. An
easily noticed difference in nearly all configurations is the opportunity for different coloured cars.

5.3.3 Perceptual loss issues

Table 5.9: FVD scores for network configurations relating to perceptual loss issues.

Index FVD Net. 0.I. Norm Percept. Edge F.E. Res. Disc. Prior. Twin. Flow. Video Link
1 1885.094 CRN 9! Layer VGG - - - - - - - Link
2 1609.033 CRN 1 Weight VGG - - - - - - - Link
3 1488.244 CRN 1 Weight MNet - - - - - - - Link
6 1317.829 CRN 1 Weight MNet Edge F.E. Res. Disc. - - - Link
10 1388.469 pix2pixHD 1 Inst. - Edge F.E. Res.? Disc. - - - Link
11 1304.637 pix2pixHD 1 Inst. MNet Edge F.E. Res.? Disc. - - - Link

Refer to table 5.1 for table notes.
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Table 5.9 is available for easier comparisons of network configurations details. When com-
pared to the results shown by Chen and Koltun [2017], the results of our CRN in index 1 leave
much to be desired. While large amounts of time and effort were devoted to the exploration
of this problem, we can only speculate on the causes; however, we are fairly certain that
the problem lies in the implementation of the perceptual loss and differences in the layer
normalisation implementations used between implementations.

Replacing layer normalisation with weight normalisation prevented the formation of arte-
facts in synthesised images, however as described in section 5.3.1 these artefacts are a dual
problem, showing issues in both the network architecture and training methods. With this
replacement, there is a general improvement in image quality and the artefacts are removed.
While replacing VGG-19 with MobileNet-V2 does improve the image quality further as can
be seen in index 3, both of these improvements should at least allow us to reach the quality
of the original implementation; however, even after considerable testing, this was not the
case.

The CRN does manage to learn advanced features in a similar manner to that of pix2pixHD
when a discriminator is involved in the training process (index 6). Index 10 and 11 demon-
strate the difference that adding the perceptual loss to pix2pixHD made, where this difference
should be noticeable according to Wang ez al. [2018b], however upon inspection it makes lit-
tle to no difference to the training of pix2pixHD in our results. These two findings support
our idea that the perceptual loss implementation is to blame, and not the CRN itself. One
cause could be that PyTorch [Paszke et al. 2019] implements some operations with minor
differences to the framework that is used in the official source code.

Figure 5.11: The difference between the synthesised output of the CRN’s original implementation
and our implementation (index 1).

5.4 Conclusion

In this chapter, we discussed the results from our experiments, answered our research ques-
tions, and explored other important aspects in an attempt to further our understanding of
the results and their implications.

Our qualitative analysis, focusing on our research questions, made consistent use of the
FVD scores of the different network configurations to compare temporal consistency and
investigate the reasons behind the scores that were achieved. We found that the CRN,
with some minor modifications, can almost match pix2pixHD in temporal consistency, and
that better image quality does not imply an equal improvement in temporal consistency.
We found that porting components from pix2pixHD to the CRN did offer improvements
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to the FVD score, and that it is possible to train the CRN with a discriminator without
stability issues. Prior frame information was found to be the single most effective method
of increasing temporal consistency in any configuration while the inclusion of optical flow
estimation dramatically changed the outputs of both network architectures, with the CRN
suffering a slight increase in FVD score for not being able to correctly use optical flow,
whereas pix2pixHD used the extra capability to achieve the best FVD score. Finally, we
found that when the CRN has the extra components from pix2pixHD, the FVD scores they
achieve are close to each other.

In our qualitative analysis, we investigated how normalisation affects synthesis output, detail-
ing the reasons why synthesis artefacts might appear depending on the network architecture.
We analysed how the feature encoder has a greater effect than one might realise at first by
allowing the network to learn better, and finally, we addressed the issues that we had with
our implementation of the perceptual loss and its effects on the synthesis quality of then
networks that used it.

52



Chapter 6

Conclusion

6.1 Discussion

Temporally consistent video synthesis is a difficult problem, requiring careful attention to
each component and concept that is included in the network architecture. The current state
of the art video synthesis networks are large, complicated, and require inaccessible hardware
to train. Repurposing image synthesis networks for the task will not match the image quality
or level of fine detail that specifically designed video synthesis networks achieve; however,
these networks can, with the right modifications, make great strides in becoming temporally
consistent.

We set out to compare two such networks, the Cascaded Refinement Network (CRN) [Chen
and Koltun 2017], and pix2pixHD [Wang et al. 2018b], when tasked with synthesising tem-
porally consistent video. pix2pixHD was created as a direct competitor to the CRN, built
using components for which the CRN has no equivalent, as well as using a GAN architecture,
something that Chen and Koltun [2017] explicitly decided against citing stability issues dur-
ing training. We decided that to compare these networks, we would need to compare them
both in their original forms, and create variants of the networks to investigate how different
features influence the abilities of the different networks.

We took special interest in the CRN and investigated how it responded to improvements
ported directly from pix2pixHD. We found that in its original configuration the CRN fell
vastly short of matching pix2pixHD; however, when these improvements are included, the
network’s ability to synthesise temporally consistent video increased, approaching the base
pix2pixHD configuration.

We also revisited the idea of a GAN architecture for the CRN, using the methods that Wang
et al. [2018b] used to ensure training stability, and test the network’s capabilities. Adding
pix2pixHD’s discriminator to the training process of the CRN, including the adjustments to
the discriminator losses that Wang ez al. [2018b] use for stability, we found that the network
trained without issue, giving the CRN the ability to synthesises temporally consistent video
to much the same standard as pix2pixHD.
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Besides porting components from pix2pixHD to the CRN, we also created variants of both
networks which include video-specific features. The first feature was the addition of prior
frame information into the training and synthesis processes and thus found that regardless
of the network configuration, this is the most crucial change that should be made. Even
without an explicit temporal consistency component in the loss function for training the
networks, the networks will adapt to reusing content, leading to significant improvements
in temporal consistency. The second feature we added, optical flow, where the motion of
pixels between frames is calculated and used by the network, offered interesting results;
however, this addition breaks from the spirit of this work as it bloats the networks, pushing
these networks further away from the slimmer image synthesis networks and closer to the
large, complex video synthesis networks. We found that the CRN could not make proper use
of optical flow, and thus suffered a slight loss in temporal consistency, whereas pix2pixHD
made full use of the extra information and created the most temporally consistent video with
the greatest temporal consistency of all our network configurations.

We also investigated the link between image quality and temporal consistency and found that
an increase in individual frame detail and fidelity does not give the same increase in tem-
poral consistency, since adding more details requires them to be consistent between frames,
something not possible without prior frame information. We discussed how normalisation
is required for a network to train; however, the incorrect choice of normalisation used can
lead to synthesis artefacts, and that weight normalisation typically removes all of them. We
analysed the effects the feature encoder from pix2pixHD has on the network training and
determined that it is more important than Wang et al. [2018b] envisioned it to be. Finally,
we addressed how our implementation of the perceptual loss, the CRN’s primary means of
training, appears to function incorrectly and not perform as it should. Due to the perceptual
loss being a component of most network configurations, if it is corrected and functions as
well as the implementation by Chen and Koltun [2017], a reevaluation of each configuration
would be of interest.

These results also show that had the CRN been created later, there would likely have been
many alterations to the design, or simply, it would not have been created at all, given
how the more recent network architectures are closer to that of pix2pixHD than the CRN.
However, with these modifications, the CRN is capable enough to synthesise temporally
consistent video to a similar standard as to that of pix2pixHD. While they may have similar
scores when both networks are given prior frame information without optical flow, the CRN
synthesised more pleasant footage than pix2pixHD.

6.2 Future work

A number of aspects of this work can be extended further. Since the release of vid2vid [Wang
et al. 2018a], newer temporally consistent video synthesis networks have been proposed,
such as World consistent vid2vid [Mallya ez al. 2020]. These can possibly be a source of
new video specific network features that can be added to image synthesis networks. The
CRN and pix2pixHD networks have been able to adapt to newer features; however, since
the networks were proposed there are likely newer, more powerful image synthesis networks
that can be used instead.

54



With regards to our implementation of the networks, a primary point of further investigation
is that of the lacklustre performance of the perceptual loss compared to the results presented
by Chen and Koltun [2017]. While both networks suffered equally by its ill performance, the
effects this had on the FVD score for the networks and their various configurations are not
well known. While there is a chance that the primary effect of this is simply in image quality
and not temporal consistency, further investigation is required to know for sure.

Finally, there are two aspects of our experimental methodology that can be expanded upon.
First, the selection of feature encoding settings, as detailed in section 5.2, are done by hand,
with a certain degree of randomness. This does have an effect on the reproducibility of the
FVD scored for networks that make use of the feature encoder, and further investigation into
a method of selecting and evaluating these configurations. Secondly, the issue of hardware
availability used to train and test network configurations prevented us from running our
final experiments more than once due to the large amount of time required to run them,
as detailed in section 5.2. While our training hardware, listed in section 4.5.3, is already
very powerful and expensive, state of the art networks are run on hardware many times
as powerful, and many networks can be trained and tested at once. With access to this
hardware, our experiments can be conducted multiple times for better accuracy.
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Appendix A

Model components

A.l Residual refinement module

While the base configuration of the CRN concatenates all input data into a single tensor,
when using the residual configuration the activations from the prior residual block, the
semantic and edge annotations, and the prior synthesised images if prior frames are being
used, are all handled as separate inputs. These three inputs are each processed by 3x3
convolution operations to perform some initial processing as well as to adjust the number
of channels of each input to be equal to the designated channel count for that refinement
module. These three processed inputs are then summed together and are further processed
by two ResNext [Xie ez al. 2017] residual blocks, before continuing on to the next refinement
module.

In the final module, an additional 3x3 convolution precedes the existing final 1x1 convo-
lution operation. This is necessary as at this point the activations are the output of a
residual block, and thus contain unprocessed data from the beginning of the module. With-
out this additional 3x3 convolution operation, there is a noticeable degradation of quality
and smoothness. Additional 3x3 convolution operations can be added, however, this dra-
matically increases memory requirements and compute time, while not adding substantial
benefit.
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