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Abstract

Audio-driven visual dubbing (ADVD) is the process of accepting a talking-face video, along
with a dubbing audio segment, as inputs and producing a dubbed video such that the speaker
appears to be uttering the dubbing audio. ADVD aims to address the language barrier inherent
in the consumption of video-based content caused by the various languages in which videos
may be presented. Specifically, a video may only be consumed by the audience that is familiar
with the spoken language. Traditional solutions, such as subtitles and audio-dubbing, hinder
the viewer’s experience by either obstructing the on-screen content or introducing an un-
pleasant discrepancy between the speaker’s mouth movements and the input dubbing audio,
respectively. In contrast, ADVD strives to achieve a natural viewing experience by synchro-
nizing the speaker’s mouth movements with the dubbing audio. A comprehensive survey
of several ADVD solutions revealed that most existing solutions achieve satisfactory visual
quality and lip-sync accuracy but are limited to low-resolution videos with frontal or near-
frontal faces. Since this is in sharp contrast to real-world videos, which are high-resolution
and contain arbitrary head poses, we present one of the first ADVD solutions trained with
high-resolution data and also introduce the first pose-invariant ADVD solution. Our results
show that the presented solution achieves superior visual quality while also achieving high
measures of lip-sync accuracy, consequently enabling the solution to achieve significantly
improved results when applied to real-world videos.
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Chapter 1

Introduction

1.1 Introduction

Over the years, video-based content has proven to be an effective means of conveying infor-
mation to a wide audience in a captivating manner compared to other forms of media such
as images, audio, and text [Wilson et al. 2010; Krämer and Böhrs 2017; Schneiders 2020]. A
distinguishing property of videos is their bi-modal nature; comprising of an audio and visual
stream that simultaneously stimulates the viewer’s auditory and visual systems [Molholm et

al. 2002]. Due to their efficacy and versatility, videos may manifest themselves in numer-
ous forms such as movies, television programs, and educational videos (e.g., online tutorials
and documentaries) amongst many others. The production and consumption of video-based
content has been further accelerated in recent years due to the popularity of video-based plat-
forms such as YouTube, Netflix, and TikTok [Curry 2022]. To contextualize the consumption
of video content, Goodrow [2017] state that more than one billion hours of video content are
watched on YouTube daily.

Despite the widespread adoption of videos, their consumption is inherently limited due to the
multiplicity of languages in which videos may be presented [Park et al. 2017]. Specifically, a
video can only be fully understood by the audience familiar with the spoken language, thus,
forming a language barrier for those who are not [Kottahachchi and Abeysinghe 2022]. This
issue is particularly prevalent for viewers unfamiliar with English since 59.5% of the content
on the Internet is presented in English [W3Techs 2022]; however, only a quarter of its users
speak English as their first language [Interworldstats 2022].

1.2 Traditional Methods

Due to the importance of addressing the aforementioned language barrier, two predominant
solutions have emerged i.e., subtitling [Cintas and Remael 2014] and audio dubbing [Chaume
2020b]. Subtitling entails displaying the translated script on-screen in synchrony with the
spoken content. Unfortunately, subtitling tends to (1) divert the viewer’s attention from the
on-screen content to the subtitles, (2) obscure the viewer’s view of the on-screen content, and
(3) increase the cognitive requirements of the viewer, who is now required to read the subtitles
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[Koolstra et al. 2002]. In contrast, audio dubbing is the process of replacing the (foreign) audio
track of the video with one spoken in a target language understood by the local population
[Martínez 2004]. Due to the extensive human involvement required, audio dubbing is a time-
consuming and laborious process. The primary issue with audio dubbing is the discrepancy
introduced between the speaker’s mouth movements and the new audio track, resulting in an
unpleasant viewing experience [Koolstra et al. 2002].

This research is motivated by the inability of subtitling and audio dubbing to achieve a natural
viewing experience when localizing foreign content [Mailhac 2000; Díaz-Cintas 2013], as well
as the need to address the language barrier inherent in the consumption of videos. Our ob-
jective is to broaden the audience to whom videos are consumed and, by extension, to expose
viewers to the immense potential of foreign video production, as opposed to solely confining
them to videos originally presented in their native language [Di Giovanni 2018; Limov 2020].

1.3 Motivation

In an attempt to address the aforementioned problem, we perform audio-driven visual dub-

bing (ADVD). ADVD is the process of accepting a talking-face video and a dubbing audio
segment as inputs and producing a dubbed video in which the speaker’s mouth movements
are manipulated to appear as if the speaker is uttering the input dubbing audio. With this ap-
proach, the viewer’s view of the on-screen content is no longer obstructed (unlike in the case
of subtitles), and the unpleasant discrepancy between the speaker’s mouth movements and
the dubbing audio is eliminated (unlike in the case of audio dubbing). The goal is to achieve
a seamless viewing experience such that the viewer is unable to distinguish a dubbed video
from a video originally presented in their native language.

When assessing the efficacy of a visual dubbing solution, it is primarily the visual quality and
lip-sync accuracy that is of interest. Visual quality refers to ensuring that the speaker’s mouth
region is morphed without appearing uncanny [Mori et al. 2012] or introducing artefacts such
as blurring or colour distortion. Achieving accurate lip-sync is essential since the threshold
for detecting sync errors by an average human viewer is approximately −125ms (the audio
lags the video) to +45ms (the audio leads the video) [Chung and Zisserman 2016b; ITU 1998].

1.4 Prior Works

The concept of ADVD was first proposed in the seminal work of Bregler et al. [1997] that
introduced an audio-driven solution employing a Hidden Markov Model (HMM) to construct
an annotated database that maps phonemes (the smallest unit of sound) [Twaddell 1935] to
visemes (the visual counterpart of phonemes) [Bear and Harvey 2017]. The HMM is then used
to label the video’s original audio to segment the video into frames. Subsequently, the input
dubbing audio is labelled and used to index the dataset to retrieve the corresponding frames.
The final result is produced by extracting the mouth region of the retrieved frames, which gets
stitched into the frames of the original video. Despite pioneering the field, the solution is un-
able to achieve satisfactory results, which may be attributed to the challenges associated with
ADVD, i.e., (1) using low-dimensional data (audio) to drive higher-dimensional data (video)
[Suwajanakorn et al. 2017], and (2) the phoneme-to-viseme mapping being many-to-one (e.g.,
bilabial consonants (/b/, /m/, and /p/) all correspond to the same viseme) [Garrido et al. 2015].
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As a consequence of the poor results achieved by Bregler et al. [1997], this led to a series of
video-driven visual dubbing solutions [Garrido et al. 2015; Thies et al. 2016; Kim et al. 2018
2019b] being introduced, which take a considerably simplified approach towards dubbing.
These solutions use the input video and a dubbing video to construct a 3D facial reconstruction
i.e., a 3-Dimensional Morphable Model (3DMM) [Blanz and Vetter 1999] of the speaker and
dubbing actor and simply melds the dubbing actor’s mouth region onto the speaker’s 3DMM.
Due to the mediocre results achieved, as well as the unrealistic requirement for a video of the
dubbing actor uttering the dubbing content, it was apparent that video-driven visual dubbing
was not the optimal approach.

Following the advent of deep learning, researchers have gained improved tools and knowl-
edge, leading to a series of ADVD solutions [Suwajanakorn et al. 2017; Chung et al. 2017; Thies
et al. 2020; Prajwal et al. 2020]. Early solutions lacked temporal stability as they re-sequenced
frames from the original video instead of synthesizing the appropriate mouth shape. Addi-
tionally, many solutions [Karras et al. 2017a; Thies et al. 2020; Song et al. 2022] require two
to five minutes of video footage to construct an accurate 3DMM of the speaker for dubbing.
However, this data requirement and speaker dependency of these solutions severely limit their
applicability, as the data may not always be available, and retraining is needed for each new
speaker.

It was only after the revolutionary work of Chung et al. [2017] that the need for 3DMM con-
struction was obviated, thus, enabling speaker-independent ADVD. The solution employs an
encoder-decoder network composed of an identity encoder, audio encoder, and face decoder,
trained on footage of multiple speakers. Due to the significant advancement achieved, this
solution went on to serve as the basis of numerous state-of-the-art solutions [KR et al. 2019;
Prajwal et al. 2020; Yang et al. 2020]. Specifically, Prajwal et al. [2020] adapts this solution to
a GAN framework [Goodfellow et al. 2014] and employs a pre-trained lip-sync discriminator
to enforce accurate lip-sync. Yang et al. [2020] also adopts a GAN-based approach and in-
corporates an additional (reference) encoder and a temporal aggregation module to improve
temporal stability.

1.5 Our Solution

Despite recent solutions [KR et al. 2019; Prajwal et al. 2020; Yang et al. 2020] achieving sat-
isfactory measures of visual quality and lip-sync accuracy, we aim to significantly improve
these measures. We present a GAN-based ADVD solution based on a deep residual U-Net
generator [Zhang et al. 2018] trained in conjunction with a pre-trained lip-sync discrimina-
tor composed of R(2+1)D spatiotemporal blocks [Tran et al. 2018a]. Our results demonstrate
that the presented pre-trained lip-sync discriminator achieves a 91% off-sync detection accu-
racy on the LRS2 test dataset [Afouras et al. 2018a], whereas Wav2Lip [Prajwal et al. 2020]
achieves an accuracy of 81%. Furthermore, through quantitative, qualitative, and human sub-
jective studies, we confirm that the presented solution achieves superior visual quality while
maintaining high lip-sync accuracy.

While existing solutions have proven to achieve satisfactory measures of visual quality and
lip-sync accuracy, these achievements are limited to low-resolution videos with frontal or
near-frontal faces. However, real-world videos are typically high-resolution and contain ar-
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bitrary head poses, making existing solutions unsuitable for widespread adoption. To fully
realize the immense potential of ADVD in various applications such as video localization,
multilingual advertising campaigns [De Ruiter 2021], teleconferencing [Zhou et al. 2020b;
Doukas et al. 2021], and enhanced digital assistants, we aim to address the shortcomings of
current solutions.

Firstly, we present one of the first ADVD solutions to utilize high-resolution training data
by adapting our approach to handle inputs with a size of 192 × 192, instead of the typical
96 × 96 used by most existing solutions. This adjustment aims to investigate whether signifi-
cantly improved visual quality can be achieved. Since there is no off-the-shelf dataset available
to train such a solution, we employ the AVSpeech dataset [Ephrat et al. 2018] and design a
comprehensive data-cleaning pipeline to transform the dataset into a suitable format for ad-
dressing the ADVD problem. Secondly, we present the first pose-invariant ADVD solution
capable of dubbing talking faces with arbitrary head poses. Since a dataset containing a vast
range of head poses does not exist, this research investigates whether improved results can
be achieved by pose-augmenting [Cheng et al. 2020] the training data to rotate frontal and
near-frontal footage to arbitrary head poses, which is subsequently used to train the solution.
In addition to these advancements, the presented solution is speaker-independent, language-
independent, and applicable in unconstrained (in-the-wild) conditions, which follows as a
consequence of the solution’s design and the training data used.

The contributions of this research are summarized as follows:

• A GAN-based ADVD solution based on a deep residual U-Net generator [Ronneberger
et al. 2015; Zhang et al. 2018] trained in conjunction with a pre-trained lip-sync dis-
criminator is presented. Results show that this solution achieves superior visual quality
while maintaining high measures of lip-sync accuracy.

• Acomprehensive data-cleaning pipeline to pre-process audio-visual talking-face datasets
into a suitable form for addressing the ADVD problem.

• One of the first ADVD solutions to utilize high-resolution training data is presented,
resulting in significantly improved visual quality.

• A first attempt at developing a pose-invariant ADVD solution is presented to enhance
the quality of results when applied to non-frontal faces. We pose-augment [Cheng et al.
2020] the training dataset to expose the solution to a diverse range of head poses which
allows the solution to learn pose-invariant features.

The structure of this dissertation is organized as follows: Chapter 2 provides an overview
of the foundational concepts underlying our solution, along with a summary of previous ap-
proaches that highlight the rapid evolution within the field of visual dubbing. Chapter 3 offers
an encompassing view of the entire solution, while the subsequent chapters delve into specific
aspects. Chapter 4 explores the data landscape when addressing the ADVD problem, followed
by a detailed presentation of our pre-trained lip-sync discriminator in Chapter 5. Chapter 6
elaborates on the generator network, while Chapters 7 and 8 delve into our high-resolution
and pose-invariant solutions, respectively. Ethical considerations and real-world applications
are discussed in Chapter 9, and Chapter 10 outlines potential future research directions along
with a summary of the salient points presented in this study.
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Chapter 2

Background & Related Work

2.1 Introduction

This chapter begins with an overview of the background concepts essential for understanding
the presented solution. Thereafter, a summary of the solutions leveraged by our approach is
provided, followed by a literature review of the visual dubbing field.

2.2 Background

This analysis commenceswith an overview of generative adversarial networks (GANs) [Good-
fellow et al. 2014], which serve as the foundation of our solution. The mechanism behind
GANs, as well as the numerous challenges associated with their training, are discussed. Sub-
sequently, the notion of contrastive learning [Hadsell et al. 2006], which underpins the suc-
cessful training of our lip-sync discriminator, is presented. Lastly, the building blocks of the
lip-sync discriminator, R(2+1)D spatiotemporal blocks [Tran et al. 2018b], are explained.

2.2.1 Generative Adversarial Networks

A generative adversarial network (GAN) is a deep generativemodel introduced by Goodfellow
et al. [2014] which attempts to learn the data distribution of training data. Doing so enables
the synthesis of new (realistic) samples by sampling from the learned distribution. GANs are
distinguished from other deep learning models by their composition of two sub-networks i.e.,
a generator network 𝐺 and a discriminator network 𝐷.

At the core of the GAN framework, the generator network learns the data distribution of
the training data, thus, enabling the synthesis of new samples through sampling [Donahue
et al. 2016; Hoang et al. 2018]. Traditionally, the generator accepts a random noise vector
𝑧 ∈ ℝ𝑛 sampled from a prior distribution e.g., a Gaussian distribution, as input which rep-
resents a point within the latent space. The generator’s task is to produce a sample that is
indistinguishable from real samples [Mogren 2016]. In practice, more convenient input rep-
resentations, such as images, are preferred which get downsampled (encoded) into a latent
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vector 𝑧 which is then used to produce the final result [Isola et al. 2017; Wang et al. 2018;
Jiang et al. 2021c].

In simple terms, the discriminator network functions as a binary classifier. It takes samples,
either synthesized by the generator or real data, as input and is responsible for estimating the
probability of the sample being real [Goodfellow et al. 2014; Salimans et al. 2016].

2.2.1.1 Training GANs

Despite its simplicity, the discriminator plays a crucial role in training the generator net-
work. The two sub-networks of a GAN interact adversarially. This means that the generator
is trained to minimize the probability that the discriminator correctly classifies synthesized
samples as fake, whereas the discriminator is trained to maximize the probability that synthe-
sized samples are correctly distinguished from real samples [Goodfellow et al. 2014; Frid-Adar
et al. 2018]. This dynamic is captured by the minmax adversarial loss used to train GANs
where 𝑉 represents the value function, 𝑥 denotes a real sample, and 𝑝𝑑𝑎𝑡𝑎 represents the real
data distribution which is given as:

min
𝐺

max
𝐷

𝑉 (𝐷, 𝐺) = 𝔼x∼𝑝𝑑𝑎𝑡𝑎(x)[log𝐷(x)] + 𝔼z∼𝑝z(z)[log(1 − 𝐷(𝐺(z)))]. (2.1)

While the generator and discriminator networks attempt to optimize the objective function,
they engage in a zero-sum game [Ge et al. 2018]. When the discriminator successfully dis-
criminates synthesized samples from real samples, its parameters remain unchanged, while
the generator receives large parameter updates as a penalty. Conversely, when the generator
successfully fools the discriminator by synthesizing realistic samples, the generator’s param-
eters stay unchanged, while the discriminator is penalized with large parameter updates. The
generator network uses the feedback provided by the discriminator to update its weights
[Wang et al. 2019]. The GAN converges when a Nash Equilibrium [Kreps 1989; Weng 2019] is
reached, meaning that generated samples become indistinguishable from real samples, caus-
ing the discriminator to output a 0.5 probability for all inputs. Figure 2.1 illustrates a typical
GAN setup.

An intuitive way to grasp the dynamics of GANs is by likening them to counterfeiting money
[Goodfellow et al. 2014]. The generator represents the counterfeiter, and the discriminator
acts as the police. Initially, the generator produces non-sensical outputs, leading to substantial
parameter updates since the discriminator can easily distinguish fake specimens from real
ones. With continued feedback from the discriminator, the generator improves the realism
of the synthesized samples until the discriminator is unable to differentiate between real and
synthesized samples [Durugkar et al. 2016; Chaudhari et al. 2020].

2.2.1.2 Challenges & Applications

In the early days of GANs, despite researchers being cognizant of their promise for several
generative tasks, in practice, they were susceptible to various failure modes [Salimans et al.
2016; Lin et al. 2021], i.e.:

• The Vanishing Gradient Problem: Occurs in deep neural networks trained with gradient-
based methods, where gradients diminish during training. In the context of GANs, this
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Figure 2.1: A typical GAN setup which illustrates the generator synthesizing samples whilst
the discriminator classifies inputs as either real or fake.

problem prevents the generator from backpropagating the feedback provided by the
discriminator effectively, leading to difficulties in performingmeaningful parameter up-
dates throughout the network [Weng 2019; Mansourifar et al. 2019].

• Mode Collapse: Occurs when the generator produces an especially plausible output
which consistently fools the discriminator. This issue causes the generator to map all
inputs to this output, therefore, depleting the variability of the samples produced [Tran
et al. 2018d; Bau et al. 2019].

• Failure to Converge: Since the generator and discriminator are trained in tandem, balanc-
ing the strength of each network is crucial to achieving stability. When either becomes
overpowering, the network is unable to provide any valuable feedback to the other with
regards to how the complementary network should be updated. When such instability
occurs, the GAN experiences oscillatory behaviour and eventually fails to converge [Li
et al. 2018; Weng 2019].

Following the work of Radford et al. [2015], which proposes several design guidelines to miti-
gate failure modes, GANs have been widely adopted for various tasks, primarily in the image
domain. These tasks include image-to-image translation [Yi et al. 2017; Zhu et al. 2017a; Isola
et al. 2017], image super-resolution [Ledig et al. 2017; Wang et al. 2018], and image inpaint-
ing [Demir and Unal 2018; Jiang et al. 2020], among others. The unique training paradigm of
GANs allows for more complex data distributions to be modelled, resulting in a closer approx-
imation to the real data distribution compared to other models such as Convolutional Neural
Networks (CNNs) [Fard et al. 2021]. In recent years, GANs have emerged as the dominant
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generative model, particularly showcased by flagship models such as StyleGAN [Karras et al.
2019] which demonstrates unmatched photorealism.

2.2.2 Contrastive Learning

Contrastive learning [Hadsell et al. 2006] is a framework commonly used for self-supervised
representation learning [Chen et al. 2020a; Kotar et al. 2021; Wickstrùm et al. 2022]. As the
name suggests, a latent space is learned by contrasting (comparing) samples, typically in a
pairwise manner. This process entails forming positive pairs (𝑥 , 𝑥+) of latent vector represen-
tations of two semantically related/similar samples, and negative pairs (𝑥 , 𝑥−) of latent vector
representations of two semantically unrelated/dissimilar samples [Chuang et al. 2020]. By
leveraging the inherent property of latent spaces where distance (such as Euclidean distance)
is a measure of semantic similarity, the objective of contrastive learning is to attract the latent
points of positive pairs to reside close by and to repel the latent points of negative pairs. For
instance, consider images of a cat, lion, and dog as illustrated in Figure 2.2 Ð the latent vectors
of the cat image and lion image would form a positive pair since both species belong to the
feline family [Stains 2022] and should therefore be attracted in the latent space. In contrast,
the latent vectors of the lion image and the dog image would form a negative pair since a
lion is deemed dissimilar to a dog relative to a cat. In practice, the attraction and repulsion of
latent points is achieved through a series of contrastive losses such as max-margin, InfoNCE,
or triplet loss [Oord et al. 2018; Zolfaghari et al. 2021].

Dog

Lion

Cat

Latent Space

Figure 2.2: Illustration of the repulsion between (cat, dog) and (lion, dog) latent points and the
attraction between (cat, lion) latent points.

2.2.3 R(2+1)D Spatiotemporal Blocks

One of themain characteristics distinguishing videos from images is the temporal information
embedded within adjacent video frames, which enables temporal reasoning in addition to
accounting for spatial dimensions [Huang et al. 2018]. Therefore, to fully exploit the unique
nature of videos, spatiotemporal features should be learned. This is not possible with 2D
convolutions which disregard the temporal dimension. In contrast, employing spatiotemporal
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convolutions, such as 3D convolutions, is preferred, however, their adoption is hindered by
their high computational cost [Tran et al. 2018a].

To improve how spatiotemporal features are learned, Tran et al. [2018a] proposed to factor-
ize 3D convolutions into two independent and successive operations i.e., a 2D convolution in
the spatial domain followed by a 1D convolution in the temporal domain. Since these con-
volutions are implemented within a ResNet-like architecture, they are referred to as R(2+1)D
spatiotemporal blocks. The benefits of this decomposition are two-fold: Firstly, the number
of non-linearities is doubled without significantly increasing the number of parameters. The
additional non-linearity between the two convolution operations allows for more complex
functions to be modelled. Secondly, this decomposition simplifies optimization, leading to
lower training and testing errors. By carefully controlling the dimensionality of the subspace
between spatial and temporal convolutions, the number of parameters can be made to be less
than or equal to that of 3D convolutions. Due to its compact design, R(2+1)D spatiotempo-
ral blocks serve as a drop-in replacement for traditional 3D convolutions. They have also
proven to achieve an improved trade-off between accuracy and computational cost for video
understanding tasks, such as action recognition [Tran et al. 2018a].

Consider the decomposition of a traditional 3D convolution with a kernel size of 𝑡 × 𝑤 × ℎ,
where 𝑡 denotes the temporal extent, and𝑤 and ℎ represent the width and height of the spatial
dimension, respectively. Despite theoretically performing 2D and 1D convolutions, in prac-
tice, these operations are achieved using 3D convolutions by carefully calibrating the kernel
sizes to facilitate the implementation. Specifically, the 2D spatial convolution is performed
using a kernel size of 1 ×𝑤 ×ℎ, and similarly, the 1D temporal convolution is performed using
a kernel size of 𝑡 × 1 × 1, as shown in Figure 2.3.

Figure 2.3: A 3D convolution decomposed into an R(2+1)D spatiotemporal block.

2.3 Related Work

This section commences with a succinct overview of the SyncNet network [Chung and Zis-
serman 2016b] which serves as the basis of our lip-sync discriminator. In addition, a brief
summary of the pose augmentation solution [Cheng et al. 2020] used to synthesize non-frontal
talking-face footage from frontal and near-frontal footage for our pose-invariant solution is
presented. Lastly, an overview of a few video-driven and audio-driven visual dubbing solu-
tions is provided, which highlights the rapid evolution that the field has undergone.
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2.3.1 SyncNet

SyncNet [Chung and Zisserman 2016b] is a speaker and language-independent network de-
signed to measure audio-visual synchronization between mouth motion and speech in videos.
The network is trained in a self-supervised manner, utilizing the audio and visual channels
of talking-face videos through cross-modal supervision [Sayed et al. 2018; Chung et al. 2019].
SyncNet is composed of two streams i.e., a video stream that takes five grayscale images of
the mouth region as input, and an audio stream that takes audio as Mel-Frequency Cepstral
Coefficients (MFCCs) [Bridle and Brown 1974; Mermelstein 1976]. The visual stream’s archi-
tecture, based on the work of Chung and Zisserman [2016a], employs 3D convolutions which
allow for spatiotemporal features to be learned. The audio stream is derived from VGG-M
[Chatfield et al. 2014]. Both streams are trained simultaneously, aiming for the audio and vi-
sual embeddings 𝑎 and 𝑣 (produced by theMulti-Layer Perceptron (MLP) at each stream’s end)
to be similar for in-sync videos and different for out-of-sync videos. The network’s training
employs the max-margin contrastive loss, given as:

𝐸 =
1

2𝑁

𝑁∑
𝑛=1

(𝑦𝑛)𝑑
2
𝑛 + (1 − 𝑦𝑛)𝑚𝑎𝑥(𝑚𝑎𝑟𝑔𝑖𝑛 − 𝑑𝑛, 0)

2, (2.2)

𝑑𝑛 = ‖𝑣𝑛 − 𝑎𝑛‖2, (2.3)

where 𝑦 ∈ [0, 1] denotes the binary similarity between the audio and visual inputs.

Given a talking-face video as input, SyncNet outputs three values: an AV offset, which mea-
sures the offset between the audio and visual streams (measured in frames), a distance mea-
sure, and a confidence measure [Chung and Zisserman 2016b]. The distance measure is com-
puted by shifting the video (relative to the audio) by a range of offsets. For each shift (offset),
the windowed 𝐿2 distance between the audio and video features is computed and averaged
to produce a synchrony score. The distance measure reported is taken to be the minimum
of all synchrony scores computed (lower is better). On the other hand, the confidence mea-
sure is computed by determining whether the minimum distance offset obtained has a much
lower distance measure compared to adjacent offsets [Nayak et al. 2022]. A larger difference
indicates that the model is highly confident that the reported offset is correct. Chung and Zis-
serman [2016b] also show that SyncNet may be adopted for other audio-visual tasks, such as
active speaker detection and lip-reading [Chung and Zisserman 2017; Fernandez-Lopez and
Sukno 2018].

2.3.2 Pose Augmentation

Cheng et al. [2020] propose a pose-invariant lip-reading solution, which stemmed from the ob-
servation that the majority of existing solutions at the time were mainly designed for frontal
and near-frontal faces [Ninomiya et al. 2015; Petridis and Pantic 2016; Chung and Zisser-
man 2016a]. Their approach aims to broaden the applicability of lip-reading solutions to a
wider range of head poses by introducing an innovative pose augmentation operation. No-
tably, instead of redesigning the solution itself, the pose augmentation utilizes the abundance
of frontal talking-face footage to synthesize talking-face footage at arbitrary head poses by
rotating the speaker’s head in 3D space. The non-frontal talking-face footage produced can
then be used to train other existing solutions to be pose invariant.
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To perform pose augmentation, a 3D representation of the speaker’s face is first obtained.
This approach is chosen because head rotations occur in 3D space, and self-occlusion can
be naturally modelled within this space [Zhu et al. 2017b]. A 3D Morphable Model (3DMM)
[Blanz and Vetter 1999] of the speaker’s face is then constructed, which serves as a pow-
erful statistical model and offers a convenient parametric representation. Since 3DMMs are
typically constructed by performing Principal Component Analysis (PCA) on a collection of
high-resolution laser scans of human faces [Booth et al. 2018], they are often expressed as:

𝑆 = 𝑆 + 𝐴𝑖𝑑𝛼𝑖𝑑 + 𝐴𝑒𝑥𝑝𝛼𝑒𝑥𝑝. (2.4)

Here, 𝑆 represents the reconstructed 3D face, 𝑆 represents the mean 3D face, 𝐴𝑖𝑑 and 𝐴𝑒𝑥𝑝

denote the eigenbases corresponding to facial identity and expression respectively, and 𝛼𝑖𝑑
and 𝛼𝑒𝑥𝑝 denote the corresponding identity and expression parameters respectively. Inspired
by the literature [Zhu et al. 2015 2016], Cheng et al. [2020] defines the 3DMM as a combination
of the Basel FaceModel (BFM) [Paysan et al. 2009] and FaceWareHousemodel [Cao et al. 2013].
Specifically,𝐴𝑖𝑑 and𝐴𝑒𝑥𝑝 are obtained from the BFM and FaceWareHousemodels, respectively.

To fit the reconstructed 3DMM to an input facial image, a weak perspective projection is
performed to project the 3D model to the image plane as follows:

𝑠2𝑑 = 𝑓 𝑃𝑅(𝛼, 𝛽, 𝛾)(𝑆 + 𝑡3𝑑). (2.5)

Here, 𝑠2𝑑 is the 2D positions of the 3D points on the image plane, 𝑓 is the scale factor, 𝑃 is the

orthographic projection matrix(1 0 0
0 1 0), 𝑅(𝛼, 𝛽, 𝛾) is the 3×3 matrix constructed with pitch

(𝛼), yaw (𝛽) and roll (𝛾) angles, and 𝑡3𝑑 is the translation vector. By coalescing the parameters
from Equation (2.4) and Equation (2.5) into 𝑝 = {𝑓 ,𝑅,𝑡3𝑑 , 𝛼𝑖𝑑 , 𝛼𝑒𝑥𝑝}, the 3DMM fitting process
may be defined as utilizing the 2D projection 𝑠2𝑑 and input facial image 𝑠2𝑑𝑡 to recover 𝑝 such
that the error between the 2D projection and input facial image is minimized, i.e.:

argmin
𝑓 ,𝑅,𝑡3𝑑 ,𝛼𝑖𝑑 ,𝛼𝑒𝑥𝑝

‖𝑠2𝑑𝑡 − 𝑠2𝑑‖. (2.6)

Their solution employs the state-of-the-art 3D Dense Face Alignment (3DDFA) solution [Zhu
et al. 2017b] which trains a fully convolutional network to regress the parameters in a cas-
caded manner. Choosing 3DDFA is reasonable because it offers accuracy and robustness even
for head poses up to profile views. Additionally, they use the Facial Alignment Network (FAN)
[Bulat and Tzimiropoulos 2017b] to detect 68 facial landmarks to provide a better initialization
for 3DMM fitting. FAN is a pioneering solution that uses a CNN for facial alignment, offering
accuracy, robustness to self-occlusion, and the ability to perform 2D and 3D facial alignment.
The aspect that makes this possible is network architecture, composed of four stacked hour-
glass networks [Newell et al. 2016] with the hierarchical, parallel, and multi-scale block of
Bulat and Tzimiropoulos [2017a].

Unlike other pose augmentation solutions [Masi et al. 2016; Zhao et al. 2017; Deng et al. 2018],
the pipeline of Cheng et al. [2020] preserves the background surrounding the speaker’s face,
significantly improving the naturalness of the synthesized result. This result is achieved by
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using the fitted 3DMM to help estimate the depth information of the entire image by defining
a set of anchor points i.e., points at which the depth is estimated. The process occurs in three
stages i.e., (1) anchor points are defined along the periphery of the face, (2) anchor points
enclose a larger region surrounding the speaker’s face, including the head back, ears, and neck,
and (3) anchor points along the image boundary are defined to include depth information for
the background. Figure 2.4 illustrates the process of defining anchor points. The collection of
anchor points is then triangulated using the Delaunay algorithm [Lee and Schachter 1980] to
produce a 3D mesh, which is rotated in 3D space to generate the non-frontal result, including
the speaker’s head and surrounding background, as shown in Figure 2.5.

Figure 2.4: The process of forming the 3D mesh that is rotated to produce the non-frontal
result.
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Figure 2.5: The pose augmentation pipeline.
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2.3.3 Literature Review

This section provides a brief overview of video-driven visual dubbing solutions [Garrido et al.
2015; Thies et al. 2016; Kim et al. 2018 2019b] and discusses the rationale behind this class of
solutions. We highlight their pitfalls and how the presented solution attempts to address them.
These shortcomings naturally emphasize the need for audio-driven visual dubbing solutions
[Suwajanakorn et al. 2017; KR et al. 2019; Thies et al. 2020; Prajwal et al. 2020].

2.3.3.1 Video-driven Visual Dubbing Solutions

The premise behind video-driven visual dubbing solutions is to take a video of the target actor
(the actor to be dubbed) and a video of the dubbing actor uttering the content as inputs, and to
construct a 3D Morphable Model (3DMM) [Blanz and Vetter 1999] of both actors. Dubbing is
then performed through deformation transfer, where the mouth region of the dubbing actor’s
3DMM is transferred to the target actor’s 3DMM, as shown in Figure 2.6. Thies et al. [2016]
introduced the first real-time solution, which relies on live footage from a commodity RGB
camera as the dubbing source, along with an innovative facial performance capture method
using non-rigid model-based bundling for accurate facial reconstruction.

When performing deformation transfer, Garrido et al. [2015] attempts to add fine-scale detail
to the amalgamated 3DMM by transferring skin details from the frame in the target sequence
that most closely corresponds to the resulting 3DMM. Additionally, an audio analysis is per-
formed to enforce mouth closure for bilabial consonants, improving the realism of the result.
Upon assessing the achieved results, a lack of temporal coherence is evident, and the results in-
advertently exhibit the talking style of the dubbing actor instead of that of the target actor. We
hypothesize that these issues follow as a consequence of producing the result by resequencing
frames (instead of synthesizing the appropriate mouth shape), as well as deformation transfer
being a naïve approach to visual dubbing.

Kim et al. [2018] presented the first solution that enabled full control of the target actor’s
head (i.e., rigid head pose, facial expression, and eye motion) based on the behaviour of the
dubbing actor. To perform dubbing, the illumination and identity parameters of the target
actor’s 3DMM are augmented with the pose, expression, and eye coefficients of the dubbing
actor to produce a new 3DMM. At its core, a conditional rendering-to-video translation GAN
[Goodfellow et al. 2014] based on U-Net [Ronneberger et al. 2015] is used. Specifically, the
network is conditioned on a short sequence of colour renderings of the new 3DMM, cor-
respondence maps, and eye gaze images which improve the temporal stability of the results
achieved. Kim et al. [2019b] deviate from the naïve deformation transfer method and attempts
to preserve the talking idiosyncrasies of the target actor which they believe forms part of a
person’s brand, particularly for prominent figures such as actors and politicians. This solu-
tion uses the 3DMM coefficients of the target actor as input to a style-preserving recurrent
GAN consisting of LSTM [Hochreiter and Schmidhuber 1997] units and is trained in a self-
supervised fashion using cycle-consistency constraints [Zhu et al. 2017a]. The final result is
produced using a layered neural face renderer.

Except for the solutions proposed by Kim et al. [2018 2019b], the majority of video-driven
video dubbing solutions fail to achieve a natural viewing experience due to unsatisfactory
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Figure 2.6: Illustration showing the process of deformation transfer followed by video-driven
visual dubbing solutions. Illustration adapted from Garrido et al. [2015].

visual quality and lip-sync accuracy. Moreover, we consider these solutions unsuitable for
real-world applications for the following reasons:

• A video of the dubbing actor uttering the dubbing content is required which is an in-
convenient data requirement. This process entails conducting several recordings in a
studio setting such that the dubbing actor is clearly visible and modulates their mouth
movements according to the semantics (emotion) of the spoken content [Garrido et al.

2015].

• The majority of solutions are model-based and therefore:

ś require at least two to five of video footage to construct an accurate 3DMM for
each actor and this data requirement may not be easily satisfied;

ś are required to resort to inelegant methods, such as teeth proxies, to model the
speaker’s mouth interior which is not modelled by most 3DMMs [Garrido et al.

2015; Suwajanakorn et al. 2017]; and

ś need to be re-trained for each new target actor since the facial reconstruction pro-
cess for each actor renders the solution to be person-specific. This consequence
significantly hinders the adoption of these solutions, particularly for real-world
purposes such as dubbing movies which typically contain several actors.

2.3.3.2 Audio-Driven Visual Dubbing Solutions

Audio-driven visual dubbing (ADVD) solutions take a more natural approach to dubbing since
dubbing audio is significantly more attainable compared to dubbing videos. The notion of
ADVDwas pioneered by Bregler et al. [1997], who employed a Hidden Markov Model (HMM)
to label the original audio based on phonemes, which is used to segment the video frames into
the corresponding visemes. An annotated database is then constructed to map phonemes
to their corresponding visemes. The resultant dubbing video is produced by labelling the
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dubbing audio, indexing the database, and retrieving the corresponding video frames with
the appropriate mouth shapes. Unfortunately, due to the difficulty of performing ADVD, this
naïve approach was unable to achieve acceptable results.

With the advent of deep learning, researchers have gained the necessary computational re-
sources and knowledge to tackle more complex problems. Nakashima et al. [2020] first label
the original and dubbing audio segments with their corresponding phoneme labels. They then
use a volumetric regression network [Jackson et al. 2017] to produce a depth map, which is fit-
ted to a 3DMM for each frame. Similar to most video-driven solutions, they retrieve the mouth
region of the 3DMMwhose audio label most closely corresponds to the current phoneme label
(from the dubbing audio) and superimpose it onto the 3DMM of the current frame to perform
dubbing. Due to the poor levels of visual quality and lip-sync accuracy achieved by solutions
that perform frame resequencing, resulting in a lack of temporal stability, the majority of so-
lutions that followed began to synthesize the corresponding mouth shapes with respect to the
dubbing audio.

A prominent solution that attracted attention to the field of visual dubbing is Suwajanakorn
et al. [2017] due to the photorealistic results achieved. This solution performs dubbing in
two steps i.e., (1) utilizing an LSTM [Hochreiter and Schmidhuber 1997] to map MFCC audio
features to a sparse time-varying mouth shape and (2) using the mouth shape to guide the
synthesis of the mouth texture. Despite its impressive results, the effectiveness of this solution
requires further consideration. Specifically, it is only applicable to speakerswith an abundance
of publicly available talking-face footage. As a result, the authors trained their solution on 17
hours of footage of Barack Obama, which is not readily available for most speakers. Secondly,
the solution achieves a poor runtime performance of five seconds to render a single frame.

The approach by Thies et al. [2020] also consists of two phases i.e., a generalized phase
and a specialized phase. The generalized phase, shared by multiple speakers, includes Au-
dio2ExpressionNet, a network with a per-frame estimation network and a temporal network
that maps audio to expression (3DMM) coefficients. In contrast, the specialized phase con-
structs a speaker-specific 3DMM and learns the speaker’s idiosyncrasies from a two to three-
minute input video. The coefficients produced by the generalized phase are then used to drive
the speaker-specific 3DMM in the specialized phase to perform dubbing. A similar approach
is taken by Wen et al. [2020] and Song et al. [2022], where the input dubbing audio is mapped
to expression parameters which get augmented with the remainder of the original 3DMM co-
efficients. A neural renderer is then used to render the resulting 3DMM and produce the final
result. Despite achieving satisfactory results, these solutions require constructing a 3DMM of
the speaker, which subjects them to the same limitations as the aforementioned model-based
video-driven solutions and, therefore, makes them unsuitable for general purposes.

The revolutionary solution of Chung et al. [2017] was the first to enable speaker-independent
visual dubbing i.e., capable of dubbing speakers not present in the training data. The authors
achieved this by employing an encoder-decoder network comprised of an identity encoder,
audio encoder, and face decoder. Despite the solution achieving unsatisfactory visual quality,
the significant advancement that this solution achieved resulted in the solution serving as the
basis for several state-of-the-art solutions. KR et al. [2019] propose LipGAN, which attempts
to address the complete dubbing problem. In addition to dubbing the speaker’s mouth move-
ments, the solution obviates the need for dubbing audio and instead automatically translates
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the video to the desired language. For the visual dubbing component, the solution adapts the
work of Chung et al. [2017] to a GAN framework and begins by masking the mouth region
as a pose-prior and performs dubbing by inpainting the masked region with the appropriate
mouth shape.

Due to the potential of LipGAN, Prajwal et al. [2020] introduced Wav2Lip, which integrates
several design enhancements, including a pre-trained lip-sync discriminator. Additionally,
the generator and discriminator ingest five contiguous frames instead of a single frame, thus,
allowing for motion modelling. Wav2Lip shows promising results in visual quality and lip-
sync accuracy. However, the results occasionally exhibit an unpleasant box effect in the mouth
region, despite the use of a visual quality discriminator. Wang et al. [2022] integrated spatial
and channel attention modules into Wav2Lip, but the resulting improvement were negligible.
Yang et al. [2020] utilized an additional (reference) encoder and a temporal aggregation mod-
ule in the generator network, along with the discriminator setup of Clark et al. [2019]. After
assessing the three representative videos released, the solution appears to achieve photore-
alistic results. However, this may not be a true reflection of the solution’s capabilities since
the videos are recorded under ideal (studio) conditions, and the solution is not made publicly
available.

2.4 Conclusion

This chapter presented an overview of the fundamental concepts that underpin the presented
solution. Moreover, a summary of the works on which the presented solution is based, i.e.,
SyncNet [Chung and Zisserman 2016b] and the pose augmentation solution of Cheng et al.

[2020], was presented. Lastly, a survey of previous visual dubbing solutions was provided,
highlighting the rapid progress of the field. Specifically, the unnatural results achieved by
video-driven visual dubbing solutions, as well as the inconvenient requirement for a video
of the dubbing actor uttering the dubbing content, has led to a series of model-based ADVD
solutions being introduced. The following chapter presents a holistic overview of our entire
solution.
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Chapter 3

Solution Overview

3.1 Introduction

This chapter expands on the discussion presented in Chapter 1, emphasizing the significance
of addressing the visual dubbing problem, outlining the challenges associated, and motivating
the approach taken. Additionally, we briefly explain our strategies to enhance visual quality
and lip-sync accuracy while extending ADVD solutions to support high-resolution videos and
videos with arbitrary head poses.

3.2 Traditional Solutions

When analyzing the two most widely adopted video localization techniques, i.e., subtitling
[Cintas and Remael 2014] and audio dubbing [Heiss 2004], it is evident that both solutions
are outdated and achieve sub-optimal viewing experiences. Subtitles tend to obstruct the
viewer’s view of the on-screen content, divert their attention from the visuals to the subtitles,
and increase the viewer’s cognitive load [Mailhac 2000]. Audio dubbing, on the other hand,
addresses the shortcomings of subtitling but introduces its own set of challenges. The most
notable issue viewers encounter with dubbed videos is the discrepancy between the dubbed
audio and the speaker’s lip movements [Koolstra et al. 2002]. We argue that both solutions
will soon become obsolete due to the rapid advancements made in generative modelling.

3.3 Why Audio-Driven Visual Dubbing?

Audio-driven visual dubbing (ADVD) involves taking a talking-face video and a dubbing au-
dio segment as inputs to produce a dubbed video, where the speaker’s mouth movements
appear as if they are uttering the input dubbing audio. Opting for an audio-driven approach
is advantageous as dubbing audio is more accessible compared to dubbing videos. ADVD
ensures the preservation of timing and semantics of the original content. Since this method
only manipulates the speaker’s mouth movements relative to the dubbing audio, it eliminates
the obstruction of the viewer’s view (unlike subtitles) and the discrepancy between mouth
movements and audio (unlike audio dubbing), creating a seamless viewing experience. The
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如果你總是限制你所做的⼀切，無論是⾝體上的還是其他任何事情，它都會蔓延到你的⼯作和⽣活中。
沒有限制。只有⾼原，你不能停留在那裡——你必須超越它們

Input talking-face video presented in foreign language (Mandarin in this example) to be dubbed.

Input dubbing audio presented in desired language (English in this example).

If you always put limits on everything you do, physical or anything else, it will spread into your work and
into your life. There are no limits. There are only plateaus, and you must not stay there - you must go

beyond them.

Resulting dubbed video presented in English with mouth movements synchronous with the input dubbing
audio.
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Figure 3.1: Example showing how the presented ADVD solutionworks when visually dubbing
a video of Bruce Lee, originally presented in Mandarin, to English.

goal is to make the dubbed videos indistinguishable from those originally presented in the
viewer’s native language. Finally, ADVD offers the advantage of retrospective dubbing for
videos that were previously dubbed using audio dubbing. This capability is possible because
the dubbing audio is already available, and the only requirement is to adjust the speaker’s
mouth movements to synchronize with the dubbing audio. Figure 3.1 provides an illustrative
example of this process for the movie Fist of Fury, released in 1972.

3.4 Challenges

Despite the concept of ADVD being straightforward in theory, there are several challenges to
overcome to achieve a natural viewing experience in practice. Firstly, this process involves us-
ing low-dimensional data (i.e., dubbing audio) to drive higher-dimensional data (i.e., the input
video) [Suwajanakorn et al. 2017]. Secondly, since the input dubbing audio is used to deter-
mine the appropriate mouth shape, this requires establishing a mapping between phonemes

(the smallest unit of speech) and visemes (the visual counterpart of phonemes, in our case,
mouth shapes). Unfortunately, this mapping is not one-to-one but is many-to-one instead
[Kim et al. 2019b]. For instance, bilabial consonants (/b/, /m/, and /p/) all map to the same
viseme, as shown in Figure 3.2. Lastly, achieving a natural viewing experience requires high
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Figure 3.2: Bilabial consonants (/b/, /m/ and /p/) all map to the same viseme.

measures of visual quality and lip-sync accuracy; however, in practice, these two properties
are in contention, where optimizing one often compromises the other [Prajwal et al. 2020].

3.5 Visual Dubbing vs One-shot Talking-Face Generation

Methods

An essential requirement when addressing the visual dubbing problem is to ensure that the
speaker’s lip movements are morphed in a manner that preserves all other elements of the
video as much as possible, such as head pose, lighting conditions, and background. In practice,
this can be achieved by acting on each frame of the video and producing the dubbed result on
a frame-by-frame basis. This constraint emphasizes the need for temporal consistency when
dealing with the ADVD problem. It is important to note that there is a crucial distinction
between visual dubbing and one-shot talking-face generation [Doukas et al. 2021; Zhou et al.

2021; Wang et al. 2021a]. The latter involves extracting a single identity reference frame from
the video and generating the dubbed result based on this single frame. However, this paradigm
is impractical for real-world purposes, as these solutions are unable to take scene dynamics
(e.g., variations in head pose, lighting conditions, and background) into account.

An example of a one-shot talking-face generation solution is ATVGnet [Chen et al. 2019],
which employs landmarks as an intermediary representation between the driving audio and
the resulting video. Instead of establishing a direct mapping from audio to video, the solution
first estimates facial landmarks from the input audio and uses these estimated landmarks to
guide the synthesis process. Moreover, the solution incorporates an attention mechanism to
enhance the quality of generation. However, as illustrated in Figure 3.3, this approach fails
to capture scene dynamics and, consequently, lacks naturalness when compared to visual
dubbing solutions.

3.6 Prior Solutions

From the survey of visual dubbing solutions presented in Section 2.3.3, it became evident that
the majority of solutions were speaker-specific, primarily due to their reliance on 3DMMs (3D
Morphable Models). In theory, these solutions possess the advantage of "memorizing" intri-
cate visual attributes, such as lip shape, skin colour, and speaking style, thereby enabling them

19



Input Talking-Face Video 

Input Dubbing Audio

Identity
Reference

Frame

Network Resultant Video

One-shot Talking Face Generation

Network Resultant Video

Visual Dubbing 

Figure 3.3: One-shot talking-face generation compared to visual dubbing. Notice that, unlike
one-shot talking-face generation solutions, visual dubbing preserves as much of the original
scene as possible such as background, head pose, lighting, etc.

to achieve remarkable levels of visual quality. Unfortunately, the applicability of these solu-
tions [Karras et al. 2017a; Nakashima et al. 2020; Thies et al. 2020] is significantly hampered
due to the necessity of retraining the solution for each new speaker, and the requirement of
two to five minutes of video footage to construct an accurate 3DMM of the speaker, which
may not always be possible.

3.7 Our Presented Solution

In pursuit of extending ADVD solutions to account for high-resolution videos and videos
containing arbitrary head poses, we draw inspiration from solutions [KR et al. 2019; Prajwal et
al. 2020; Yang et al. 2020] based onChung et al. [2017]. These solutions involve training a large-
scale speaker-independentmodel, i.e., a model that is invariant to the speaker being dubbed, as
well as to the audio used to drive the dubbing process, and is trained using footage of multiple
speakers. The key aspect that makes these solutions speaker-independent is the process of
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producing the dubbed video by inpainting the speaker’s mouth region with the appropriate
mouth shape, as determined by the dubbing audio. This approach eliminates the need for any
intermediate representations such as 3DMMs or landmarks and directly utilizes the dubbing
audio to drive the dubbing process. When designing a speaker-independent solution, it is
crucial to preserve the speaker’s identity while achieving high levels of visual quality and
lip-sync accuracy.

Inspired by the effectiveness of recent state-of-the-art ADVD solutions [Prajwal et al. 2020;
Yang et al. 2020] and the superior performance of GANs [Goodfellow et al. 2014] at various
generative tasks [Isola et al. 2017; Brock et al. 2018; Karras et al. 2019], we present a GAN-
based approach. The solution is trained in a self-supervised setting, leveraging the cross-
modal supervision present in the audio and visual streams of a video. This approach allows
us to harness the abundance of talking-face videos available, as discussed in Chapter 4. Due
to the innate ability of GANs to achieve high measures of visual quality, we begin by con-
sidering how to enforce accurate lip-sync. Prajwal et al. [2020] showed that standard loss
functions, such as 𝐿1 loss, are incapable of enforcing accurate lip-sync due to being a weak
and non-specific measure of lip-sync. Inspired by their findings, we employ a pre-trained lip-
sync discriminator, which is discussed in Chapter 5. Prajwal et al. [2020] justified their design
choice of pre-training their lip-sync discriminator by achieving a claimed off-sync detection
accuracy of 91% on the LRS2 test dataset [Afouras et al. 2018a], compared to the 73% accu-
racy achieved when trained adversarially, resulting in a 19.7% increase in accuracy. Chapter 6
presents our deep residual U-Net generator, trained on the LRS2 dataset, which strives to
improve the visual quality and lip-sync accuracy achieved. An overview of the solution is
presented in Figure 3.4.

Our first endeavour towards extending the capabilities of ADVD solutions begins with the
observation that, except for Yang et al. [2020], all existing solutions are trained using a reso-

Generator G

Psync

Lip-sync Discriminator D 

Visual Encoder Audio Encoder Face Decoder

Figure 3.4: Overview of the presented solution.
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lution smaller than 120 × 120. This resolution is considerably smaller than that of real-world
videos and much smaller compared to resolutions used for other generative tasks, such as
image-to-image translation [Isola et al. 2017] and text-to-image synthesis [Xu et al. 2018; Zhu
et al. 2019], where resolutions such as 256 × 256 are considered the norm. The deficiency
of high-resolution ADVD solutions may be attributed to the lack of large-scale, high-quality
data suitable for addressing the visual dubbing problem. In response, we present one of the
first attempts to employ high-resolution training data for the visual dubbing problem by ex-
tending our solution to ingest inputs with a resolution of 192 × 192. Chapter 7 elaborates
on this high-resolution implementation, and Section 4.7 presents the comprehensive data-

cleaning pipeline developed to pre-process the AVSpeech dataset [Ephrat et al. 2018] for the
high-resolution implementation.

Our second endeavour towards enhancing the capabilities of ADVD solutions arises from the
observation that existing solutions have primarily been designed to account for frontal and
near-frontal faces. Similar to other facial applications, such as facial recognition, emotion
recognition, and lip-reading, the effectiveness of these solutions diminishes as the head pose
becomes increasingly non-frontal (rotated along the yaw axis) [Blanz et al. 2005; Zheng et al.
2010; Cheng et al. 2020]. This limitation stems from the inherent bias in the datasets typically
employed to tackle the visual dubbing problemwhich predominantly contain frontal and near-
frontal faces. Instead of the resource-intensive process of curating a non-frontal talking-face
dataset, we perform pose augmentation [Cheng et al. 2020]. This innovative approach involves
leveraging existing frontal and near-frontal footage to synthesize footage at arbitrary non-
frontal head poses. The novelty of this approach is that it avoids any modifications to the
solution itself, thus enabling prior solutions to also become pose-invariant by applying the
aforementioned pose augmentation, as detailed in Chapter 8.

3.8 Conclusion

This chapter provided a concise overview of the presented solution, emphasized the impor-
tance of addressing the ADVD problem, and mentioned the challenges involved. The subse-
quent chapters elaborate on each major idea mentioned above. Chapter 4 offers a comprehen-
sive survey of the data landscape. Chapters 5 and 6 provide detailed analyses of the proposed
pre-trained lip-sync discriminator and generator network, respectively. Chapter 7 discusses
the extension of the solution to handle high-resolution training data, while Chapter 8 explains
how the solution is made to be pose-invariant. Lastly, Chapter 9 discusses the applications
and ethics of the solution, whereas Chapter 10 concludes the document by outlining potential
future directions, as well as a summary of salient points presented in this study.
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Chapter 4

Data

4.1 Introduction

The preceding chapters have provided a comprehensive representation of the ADVD field,
along with an overview of the presented solution and the ways it aims to advance the field.
We now delve into eachmajor aspect of our solution, starting with a critical component of any
deep-learning approach ś the data. First, the criteria used to evaluate the appropriateness of
existing datasets is presented, followed by the data-cleaning pipeline developed to pre-process
the AVSpeech dataset [Ephrat et al. 2018] into a suitable form for addressing the visual dubbing
problem.

4.2 Ideal Data Properties

Below, we list some of the desired data properties used to evaluate the appropriateness of
audio-visual datasets. This synopsis guides our decision onwhich dataset(s) to use for training
the presented solution:

• Large speaker diversity: The presented solution takes inspiration from recent dubbing
solutions [Chung et al. 2017; KR et al. 2019; Prajwal et al. 2020; Yang et al. 2020] that
enhance the capabilities of ADVD by training a speaker-independent model i.e., a large-
scale unified model trained on footage of multiple speakers that is capable of dubbing
any speaker. Consequently, it is essential to utilize a dataset that contains footage of a
vast array of speakers with varying ages, genders, and ethnicities among other aspects.

• Assorted environment & recording conditions: Since talking-face videos can be recorded
in any environment, the dataset should include footage of in-the-wild (unconstrained)
conditions with variations in lighting, head pose, and background [Afouras et al. 2018a;
Chung et al. 2018]. This is in contrast to datasets recorded in constrained environments,
such as recording studios, where the aforementioned factors are carefully controlled
[Cooke et al. 2006; Harte andGillen 2015]. Furthermore, since videos can take on various
forms, such as interviews, instructional (how-to) videos, and sitcoms among others, it
is desirable to further increase the data variability by including videos recorded under
various recording contexts.

23



• Multilingual: Since visual dubbing is a solution for localizing foreign videos to a de-
sired language [Chaume 2020b], this process inherently involves transitioning between
various languages [Heiss 2004]. Several solutions [KR et al. 2019; Prajwal et al. 2020]
are considered to be language-independent, despite being trained on an English-only
dataset. This follows due to the overlap of phonemes and visemes that the English lan-
guage shares with other languages. However, we argue that this approach does not
make a solution language-independent in the true sense, as there may exist phonemes
and/or visemes in other languages that do not exist in English (e.g., the ge sound of
the Afrikaans language). Consequently, we expect that utilizing a multilingual dataset
would improve the lip-sync accuracy achieved since this would expose the solution to a
broader range of phonemes and visemes. Additionally, collecting a multilingual dataset
would entail gathering footage frommultiple speakers of various nationalities, inadver-
tently encompassing a wide variety of accents and talking styles.

• High-Quality Data: The above-mentioned properties all pertain to improving the ro-
bustness of the solution, however, as with any machine-learning problem, the use of
high-quality data is essential. In the context of visual dubbing, this entails the dataset
being large-scale, the videos contained being of sufficiently high resolution, and the au-
dio being sufficiently clean from background degradation, noise, and echo. Furthermore,
Prajwal et al. [2020] advise that training data should be sync-corrected when address-
ing the ADVD problem. This involves passing each talking face video as input to the
SyncNet network [Chung and Zisserman 2016b] as a pre-processing step to attain an AV
offset measure used to eliminate any minor offset between the audio and visual streams.
This offset may be caused due to the recording equipment used during acquisition or
introduced during data transmission.

4.3 Existing Audio-Visual Datasets

The GRID corpus [Cooke et al. 2006] was acquired in a controlled environment in which a
fixed six-word sentence structure (of the form <command:4> <color:4> <preposition:4> <let-
ter:25> <digit:10> <adverb:4>, where the number of choices for each component is indicated)
was imposed. For each of the 34 speakers, 1000 recordings were made from a frontal view.
The TCD-TIMIT dataset [Harte and Gillen 2015] contains footage of 62 speakers, yielding
6913 phonetically rich sentences recorded from a frontal and 30° angle. Since both datasets
are small-scale, recorded in a studio setting, and impose a fixed vocabulary, neither of these
datasets was suitable for our purposes.

The LRS2 dataset [Afouras et al. 2018a] is widely adopted when addressing the visual dubbing
problem due to its variability of speakers and environment conditions. It contains over 200
hours of footage extracted from (English) BBC television programs, encompassing various
genres such as dramas, comedies, and talk shows, increasing the dataset’s diversity. However,
the resolution of all videos is limited to 160 × 160, which might be considered too low for
practical purposes. On the other hand, the LRS3 dataset [Afouras et al. 2018b] consists of over
400 hours of English TED and TEDx videos, offering a wide range of identities. Despite its
appeal for various audio-visual tasks, the dataset proves sub-optimal for our objectives due to
the limited variability in environment, recording conditions, and a vocabulary that is biased
towards typical public-speaking topics featured in TED talks.
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Dataset # of
Iden-
tities

# of
Videos

# of
Hours

Resol-
ution

Videos
Uncon-
strained?

Vocab-
ulary
Uncon-
strained?

Multi-
lingual?

Sync
Cor-
rected?

GRID [Cooke
et al. 2006]

34 34K 27.5 360×288 ✗ ✗ ✗ ✗

CREMA-D
[Cao et al.

2014]

91 7442 11.1 960×720 ✗ ✗ ✗ ✗

TCD-TIMIT
[Harte and
Gillen 2015]

62 6913 11.1 ś ✗ ✗ ✗ ✗

LRW [Chung
and
Zisserman
2017]

ś 539K 173 256×256 ✓ ✗ ✗ ✓

LRS2
[Afouras et
al. 2018a]

ś 144K 224.5 160×160 ✓ ✓ ✗ ✓

LRS3
[Afouras et
al. 2018b]

9545 165K 438 224×224 ✓ ✓ ✗ ✓

VoxCeleb2
[Chung et al.
2018]

6112 150K 2400 720p∼
1080p

✓ ✓ ✓ ✗

Talking-
Head-1KH1

[Wang et al.
2021b]

ś 180K 1000 720p∼
1080p

✓ ✓ ✓ ✗

DeepMind2

[Yang et al.

2020]

464K 3M 3130 720p∼
1080p

✓ ✓ ✓ ✗

AVSpeech
[Ephrat et al.
2018]

150K 2.8M 4700 720p∼
1080p

✓ ✓ ✓ ✗

Table 4.1: Summary of statistics of several audio-visual datasets that may be used when
addressing the visual dubbing problem.

Table 4.1 presents a summary of key statistics for potential audio-visual datasets applicable to
the visual dubbing problem. Based on our analysis, our goal is to select a dataset that strikes

1Was not made publicly available at the time of our development period.
2Not made publicly available.
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the best balance among the desired data properties mentioned earlier. Among the datasets
previously used for visual dubbing, both LRS2 [Afouras et al. 2018a] and LRS3 [Afouras et
al. 2018b] stand out as promising candidates. Both datasets are large-scale, sync-corrected,
and offer diverse speakers, environment/recording conditions, and vocabulary (encompassing
various phonemes and visemes). The LRS2 dataset is selected for our study due to its extensive
size, diverse video types (in contrast to the LRS3 dataset which is primarily composed of
public-speaking videos), and an unbiased vocabulary. A brief overview of the LRS2 dataset is
presented below.

4.4 The LRS2 Dataset

The LRS2 dataset [Afouras et al. 2018a] is divided into four partitions: pre-train, train, valida-
tion, and test. The pre-train partition consists of talking-face videos with partial and multiple
sentences, while the train partition contains only single full sentences. Videos in the pre-train
partition have durations ranging from 1.12 to 15.76 seconds, with an average duration of 5.34
seconds, whereas videos in the train partition range from 0.56 to 6.22 seconds, with an aver-
age duration of 2.25 seconds. Notably, the pre-train partition is significantly larger than the
train partition, comprising 96,318 videos totalling 195 hours, while the train partition consists
of 45,839 videos totalling 29 hours. For most experiments, we use the train partition, but we
also conduct experiments using the pre-train partition. The validation and test partitions are
designed to prevent any overlap of identities with the pre-train or train partitions, thus, pre-
venting data leakage [Gutierrez 2014]. Figure 4.1 illustrates a few samples extracted from the
LRS2 dataset.

Figure 4.1: Samples extracted from the LRS2 dataset.

With regards to the specific data requirements of the presented ADVD solution, all videos
are required to have the following: (1) FPS = 25, (2) an audio sampling rate of 16000Hz, and
(3) be sync-corrected. Fortunately, the LRS2 dataset [Afouras et al. 2018a] satisfies all three
requirements in its original form. To preprocess the dataset, the S3FD face detector [Zhang et
al. 2017b] is applied to obtain a tight facial crop of the speaker for each frame, which is then
resized to 96 × 96, as advised by the literature [KR et al. 2019; Prajwal et al. 2020].
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4.5 Towards Utilizing a High-Resolution Dataset

While the LRS2 dataset [Afouras et al. 2018a] achieves the best trade-off among the previously
outlined properties, it fails to satisfy two of our desired criteria i.e., the dataset only contains
English videos (hence, is not multilingual) and all videos have a resolution of 160×160, which
is considerably lower than real-world videos. When assessing the results achieved by existing
solutions, the consequences of utilizing low-resolution datasets become apparent. These solu-
tions are confined to low-resolution videos (typically smaller than 120 × 120) since photoreal-
istic results cannot be achieved for high-resolution (real-world) videos. Despite the existence
of several high-resolution datasets seemingly better suited for the visual dubbing problem, the
field has not experimented much with these datasets due to the challenges synonymous with
training high-resolution models, as discussed in Chapter 7. A brief overview of a few high-
resolution datasets, along with the dataset used to train our high-resolution ADVD solution,
is discussed next.

The VoxCeleb2 dataset [Chung et al. 2018] was originally designed for speaker recognition
and consists of over one million utterances by 6,112 speakers extracted from YouTube videos.
The dataset primarily consists of snippets from celebrity interviews at red-carpet events and
outdoor stadiums among others. Despite its large scale and diverse speakers and languages,
two potential concerns emerge. Firstly, the predominance of videos recorded in an interview
settingmay bias the vocabulary and, consequently, the phonemes and visemes included due to
limited exposure to alternative recording conditions. Secondly, the dataset’s creators disclose
that the audio segments may contain degradation from laughter, overlapping speech, and
other audio impurities. On the other hand, the recently introduced TalkingHead-1KH dataset
[Wang et al. 2021b] contains 180,000 videos totalling 1000+ hours of footage extracted from
YouTube videos and the Ryerson audio-visual dataset [Livingstone and Russo 2018]. Given its
greater diversity of recording conditions and higher quality and resolution compared to the
VoxCeleb2 dataset, the TalkingHead-1KH dataset serves as an ideal option for high-resolution
audio-visual problems in general. Unfortunately, this dataset was not made publicly available
at the time of our development period, necessitating us to explore alternative options.

The AVSpeech dataset [Ephrat et al. 2018] is composed of 290,000 YouTube videos, fromwhich
2.7 million training and 180,000 testing excerpts (referred to as sub-videos hereon) are ex-
tracted. It includes footage of 150,000 speakers, totalling over 4,700 hours. The dataset encom-
passes various video types, such as interviews, public talks (TED Talks, religious discourses),
how-to videos (technology, fitness, photography), and lecture videos (language, math, chem-
istry). This diversity covers awide range of speakers, environments, recording conditions, and
languages, as illustrated in Figure 4.2. The AVSpeech dataset outperforms other publicly avail-
able high-resolution datasets, such as VoxCeleb2 [Chung et al. 2018] and TalkingHead-1KH
[Wang et al. 2021b], in satisfying the desired data properties mentioned previously. Moreover,
the AVSpeech dataset features pristine audio without any interference from music, audience
noise, or overlapping speech, leading to superior quality compared to the VoxCeleb2 dataset.
Taking advantage of these benefits, we use the AVSpeech dataset to train our high-resolution
visual dubbing solution, as detailed below.

27



Example Talking-Face Videos

Age of Speaker

0-10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 90-100

Age

0.0e+5

1.0e+5

2.0e+5

3.0e+5

4.0e+5

# 
Vi

de
os

Head Pan Angle

0-10 10-20 20-30 30-40 40-50 50-60 60-70 70-80

Degrees

0.0e+7

1.0e+7

2.0e+7

3.0e+7

4.0e+7

5.0e+7

6.0e+7

# 
Fr

am
es

0-10 10-20 20-30 30-40 40-50 50-60

Degrees

0.0e+7

2.0e+7

4.0e+7

6.0e+7

8.0e+7

# 
Fr

am
es

Head Tilt Angle

Dataset Statistics

Languages English
Others
Portugese
Russian
Spanish
German
Korean
French
Japanese
Arabic
Chinese
Italian

Figure 4.2: Samples extracted from the AVSpeech dataset along with a summary of statistics
of the dataset.

4.6 The AVSpeech Dataset

Following the decision to use the AVSpeech dataset [Ephrat et al. 2018] to train the presented
high-resolution implementation, it is crucial to first consider the dataset’s appropriateness
for the visual dubbing problem. This is achieved by examining the process through which
most large-scale audio-visual datasets are compiled ś automatically retrieving videos from
YouTube based on specific keywords, from which several sub-videos are extracted [Nagrani
et al. 2017; Chung et al. 2018; Yang et al. 2020]. Unfortunately, due to the noisy and unstruc-
tured nature of YouTube videos, coupled with this automated process, it is inevitable that
sub-optimal videos are erroneously included in the dataset. Examples of sub-optimal sub-
videos include those with poor audio quality, poor video quality, too small faces, and large
audio-visual discrepancies, among others.

Based on the analysis of the AVSpeech dataset [Ephrat et al. 2018] provided, it is evident that
the dataset in its original form is not suitable for the visual dubbing problem due to the minor
imperfections of the sub-videos contained. The field has largely avoided working towards
a high-resolution visual dubbing solution due to the arduous and time-consuming process
of cleaning and formatting high-resolution datasets. To address this challenge, we present
the first publicly available data-cleaning pipeline for high-resolution audio-visual datasets,
specifically designed to clean and format the AVSpeech dataset. During the development of
the data-cleaning pipeline, we adhered to three guiding principles, i.e.:

• Little-to-no tolerance for defective data: The premise behind the pipeline is to rectify
sub-videos where possible, such as sync-correction, FPS, and audio sampling rate cor-
rection, among others, while discarding sub-videos that cannot be corrected, such as
those containing too small faces or poor audio and visual quality. Given the enormous
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size of the AVSpeech dataset, this allows for stringent data quality measures to be imple-
mented. By setting high threshold values to determine the appropriateness of a video,
the pipeline ensures that only data of the highest quality is retained.

• Runtime efficiency: Given the vast size of the dataset, it was essential to prioritize the
runtime efficiency of the pipeline, ensuring the dataset could be processed within a rea-
sonable timeframe. This requirement played a substantial role in shaping the pipeline’s
design, impacting everything from the selection of tools to the sequencing of operations.

• High Configurability: Our goal was to develop a highly configurable pipeline that can
be easily adapted to meet the user’s specific requirements. This flexibility enables the
pipeline to be used for other audio-visual applications that previously faced challenges
due to the lack of clean, large-scale, and high-resolution datasets. As a result, it accel-
erates progress towards high-resolution solutions for various audio-visual tasks.

Figure 4.3 illustrates an overview of our data-cleaning pipeline which is followed by a com-
prehensive description of each step of the pipeline which discusses the rationale behind the
design choices made.

Face Tracking

FPS & Audio
Sampling Rate

Adjustment
Video Cropping Scene

Detection

Visual Quality
Assessment

Audio Quality
AssessmentSync Correction

Video
Download

Figure 4.3: Overview of our data-cleaning pipeline.

4.7 AVSpeech Data-Cleaning Pipeline

4.7.1 Nature of the Dataset

The AVSpeech dataset is provided as two CSV files which contain the training and testing
partitions respectively. Each CSV file details the following information for each sub-video
within the relevant data partition:

YouTube video ID, start time, end time, X coordinate, Y coordinate

From the 290,000 videos collected from YouTube, 270,000 videos are used to construct the
training partition from which 2.7M sub-videos are extracted, whereas the remaining 20,000
videos are used to compile the testing partition from which 180,000 sub-videos are extracted.
The creators of the dataset partitioned the videos in a manner which eliminates any overlap of
identities between the training and testing partitions, thus, preventing information leakage.
To extract a sub-video from a video, the provided start and end timestamps are used to crop the
relevant portion from the video. The provided (𝑋 , 𝑌 ) ∈ [0, 1]2 coordinates denote the centre
point of the active speaker’s face in the first frame of the sub-video. Note that the coordinates
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Figure 4.4: Illustration showing how the details provided for a sub-video are used to pre-
process the sub-video.

are normalized with respect to the sub-video’s resolution where (0.0, 0.0) corresponds to the
top left, and (1.0, 1.0) corresponds to the bottom right.

4.7.2 Video Downloads

The pipeline begins by downloading the required video from YouTube using the provided
video ID and the yt-dlp tool3. For efficiency, all sub-videos extracted from the downloaded
video are immediately processed, rather than processing them in the order they occur in the
CSV file. The pipeline selects the highest resolution available to preserve maximal visual
quality. If a video is no longer accessible due to deletion or being made private, it is discarded
along with all sub-videos extracted from it, and the pipeline proceeds to the next video.

4.7.3 FPS and Audio Sampling Rate Adjustment

Akin to the LRS2 dataset [Afouras et al. 2018a], all videos are required to have an FPS of 25
and an audio sampling rate of 16KHz. If the original FPS is below 25, the video is discarded
to avoid negatively affecting its temporal smoothness by artificially increasing the FPS. These

3https://github.com/yt-dlp/yt-dlp
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operations are applied to the entire video, as each sub-video extracted from it must also meet
these criteria, and doing so individually for each sub-video would be computationally ineffi-
cient. For all low-level operations, such as video cropping and changing the FPS and audio
sampling rate, the ffmpeg4 tool is used.

Thereafter, the following operations are performed on each sub-video extracted from the
downloaded video.

4.7.4 Video Cropping

The sub-video is extracted from the pre-processed downloaded video using the provided start
and end timestamps. If the duration of the sub-video is shorter than two seconds, it is dis-
carded (for being too short), and this test is performed after each operation that potentially
further crops the sub-video.

4.7.5 Scene Detection

Due to the possibility of the sub-video containing an abrupt scene change that may disrupt its
temporal stability, scene detection is performed to identify any occurrences. This is achieved
by converting all sub-video frames to the hue, saturation, and luminance (HSL) colour space
and analysing the luminance channel of each frame. If the difference in luminance between
two contiguous frames exceeds the user-specified threshold, a scene change is detected. To
determine the optimal threshold value, we collected 100 sub-videos containing scene changes
and 100 sub-videos without scene changes. Through empirical analysis, we established the
optimal threshold to be 11, which most accurately classifies the collected sub-videos. The
same procedure was followed whenever an optimal threshold value needed to be determined
throughout the pipeline. Rather than carelessly discarding sub-videos that contain a scene
change, we compute the duration from the start of the sub-video to the scene change and
from the scene change to the end of the sub-video. The longer segment is then taken as the
new sub-video used for all subsequent operations.

4.7.6 Face Tracking

Since the dataset is expected to contain talking-face videos, we ensure that there is at least
one face present in each frame of the sub-video. This test is conducted by performing face
detection on each frame and discarding the sub-video if no face is detected in any frame.
After extensive experimentation with several face detectors (MTCNN [Zhang et al. 2016],
DLib [King 2009a], and RetinaFace [Deng et al. 2020]), we choose the FaceBoxes face detector
[Zhang et al. 2017a; Guo et al. 2018 2020] for its supreme runtime efficiency, accuracy, and
robustness to pose and lighting conditions. For each detected face, an additional assessment is
conducted to ensure it is sufficiently large since enlarging a too small face would considerably
deteriorate the visual quality. This test verifies whether the area of the detected face accounts
for at least 8% of the entire frame’s area. If not, the sub-video is discarded.

4https://ffmpeg.org/
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4.7.7 Visual Quality Assessment

Since the AVSpeech dataset [Ephrat et al. 2018] is curated from YouTube videos, no assump-
tions can be made regarding the visual quality of the contained videos. Consequently, it is
crucial to assess the visual quality to eliminate sub-optimal videos, such as those that are
blurry, noisy, or have low resolution. Failing to do so could harm the quality of the results
achieved by the presented solution. As the primary focus is on the active speaker’s face, we
narrow our assessment to only the speaker’s facial crop rather than the entire frame. Fur-
thermore, since some videos may contain multiple faces, we identify the active speaker by
denormalizing the coordinates provided by the dataset (which denote the centre point of the
active speaker), computing the centre point of each detected facial crop, and selecting the face
closest to the denormalized coordinates.

To evaluate the visual quality of the active speaker’s facial crop, several no-reference image
quality assessment metrics, including BRISQUE [Mittal et al. 2012a] and NIQE [Mittal et al.
2012b], were considered. Here, no-reference means that ground-truth data is not required to
compute the metrics. However, our experiments revealed that these metrics do not consis-
tently correlate with a human’s perception of visual quality. Therefore, the variance of Lapla-
cian (VoL), a well-known solution for blur detection [Bansal et al. 2016], is used as a heuristic
for visual quality. We found that VoL corresponds well to a human’s perception of visual qual-
ity. A frame is declared of poor quality if the VoL is below a threshold determined empirically
using the protocol detailed previously. To account for a small degree of sub-optimal frames,
such as those with motion blur, the sub-video is discarded only if more than 60% of the video
frames are declared as poor quality.

4.7.8 Audio Quality Assessment

Despite the creators of the AVSpeech dataset [Ephrat et al. 2018] affirming that it contains
clean audio with no interfering sounds, this does not necessarily mean that the dataset is ex-
empt from other forms of audio degradation, such as echo and noise. Hence, we compute two
no-reference audio quality assessment metrics: MOSNet [Lo et al. 2019] and SRMR [Falk et al.
2010]. MOSNet is computed using a convolutional and recurrent neural network designed to
approximate human subjective ratings by predicting a Mean Opinion Score on a scale of one
to five. Originally intended for assessing voice conversion speech segments, MOSNet proves
useful for our purpose. On the other hand, SRMR is based on a modular spectral representa-
tion of a speech signal and has been widely used to assess the colouration, reverberation, and
overall quality of speech segments (higher is better). Experiments demonstrate that both met-
rics correlate well with human perception of audio quality. We set the threshold for MOSNet
at 2.4 and for SRMR at 3.6, as determined in the previously discussed protocol. Sub-videos
failing to meet these requirements are discarded.

4.7.9 Sync Correction

As mentioned previously, ensuring that all videos are sync-corrected is essential when ad-
dressing the visual dubbing problem [Prajwal et al. 2020]. In the final step of the pipeline, the
sub-video is passed as input to the SyncNet network [Chung and Zisserman 2016b], which
produces the AV offset, distance, and confidence metrics. Subsequently, the AV offset and con-
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fidence metrics are thresholded at 15 and 4.5, respectively, to determine whether the video is
eligible for sync correction. If this requirement is not met, it suggests that the sub-video is
either dubbed or a voiceover. Conversely, if the sub-video is eligible for sync correction, the
produced AV offset measure is used to sync-correct the sub-video, where a positive AV offset
indicates that the audio leads the video, whereas a negative AV offset indicates the opposite.

After pre-processing the AVSpeech dataset, approximately 1440 hours of footage remain,
which accounts for 30% of the original dataset. This reduction is a result of removing sub-
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Figure 4.5: Illustration showing the head pose distribution along the pitch, yaw, and roll axes
for the CREMA-D, LRS2, and LRW datasets.
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optimal footage and inaccessible videos (deleted or made private on YouTube). Despite this,
the pre-processed dataset still contains considerably more hours of footage compared to the
majority of existing datasets in their raw (unprocessed) form, as shown in Table 4.1.

4.8 Head Pose Distribution of Existing Datasets

Exploratory data analysis of several datasets commonly used when addressing the visual dub-
bing problem revealed that the majority of these datasets are strongly biased toward frontal
and near-frontal faces [Chung and Zisserman 2017; Cao et al. 2018] as shown in Figure 4.5. It
is for this reason that existing solutions perform proficiently for frontal and near-frontal faces
whereas the performance deteriorates as the face becomes increasingly non-frontal. This may
be attributed to the lack of exposure to non-frontal faces during training. This observation,
coupled with the inevitability of non-frontal faces in real-world videos, necessitates the de-
velopment of the presented pose-invariant solution discussed in Chapter 8. In summary, this
data bias is remediated by performing a pose augmentation [Cheng et al. 2020] which synthe-
sizes non-frontal talking-face videos from the abundance of frontal and near-frontal footage
available which is subsequently used to train the presented solution.

4.9 Conclusion

This chapter provided a comprehensive overview of the data landscape concerning the visual
dubbing problem. Based on critical analyses of various datasets, we justified our selection of
the datasets used to train the presented solution. This analysis also highlighted the need for
developing a high-resolution, and pose-invariant, visual dubbing solution. In the following
chapter, we introduce the first network of our solution ś the pre-trained lip-sync discrimi-
nator, responsible for guiding the generator network on how to produce dubbed results with
accurate lip-sync.
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Chapter 5

Lip-Sync Discriminator

The previous chapter presented an extensive overview of various audio-visual datasets com-
monly used to address the visual dubbing problem. By precisely defining the desired data
properties, we ensured that only datasets containing the highest quality data were selected
to train the presented solution. This chapter details our pre-trained lip-sync discriminator,
which provides feedback to the generator network on how to produce results with accurate
lip-sync. Here, pre-trained refers to the fact that the lip-sync discriminator is trained from
scratch and independently, meaning it is not trained adversarially with the generator net-
work. Specifically, when training the generator network, the lip-sync discriminator remains
fixed. We present an elaboration on the problem formulation, design choices, and experiments
conducted.

5.1 Conceptual Overview

In order for humans to determine whether a talking-face video is in-sync or out-of-sync, i.e.,
whether the perceived audio coincides with the perceived mouth movements of the speaker,
we leverage the audio-visual nature of videos, which simultaneously stimulates the viewer’s
auditory and visual systems (as shown in Figure 5.1). Specifically, viewers solely utilize the
audio and visual channels of the video to classify whether it is in-sync or out-of-sync, ad-
dressing a binary classification problem known as the Audio-Visual Temporal Synchronization

(AVTS) problem [Korbar et al. 2018]. Given this binary classification problem and our adop-
tion of a GAN-based approach, we note that the discriminator network within a traditional
GAN framework is a form of discriminative model that can be adapted to be a classification
network [Goodfellow et al. 2014]. Consequently, we introduce a lip-sync discriminator, which
accepts the audio and visual channels of a talking-face video as input and classifies whether
it is in-sync or out-of-sync. The following discussion provides a conceptual overview of how
the lip-sync discriminator is trained, along with a detailed description of its design and im-
plementation.

Based on the problem formulation presented by Korbar et al. [2018], our theoretical analysis
of the AVTS problem begins with a talking-face dataset V = {(𝑎(1),𝑣(1)), (𝑎(2), 𝑣(2)), ..., (𝑎(𝑛), 𝑣(𝑛))}
containing an equal proportion of in-sync and out-of-sync videos. Here, 𝑎(𝑛) and 𝑣(𝑛) denote
the audio and visual streams of the n-th video, respectively. The labels 𝑦(𝑛) are implicitly de-
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Talking Face Video In-sync
or

Out-of-sync?

Figure 5.1: A talking-face video simultaneously stimulates the viewer’s auditory and visual
systems to determine whether the video is in-sync or out-of-sync.

rived, where 𝑦(𝑛) = 0 represents out-of-sync videos, and 𝑦(𝑛) = 1 represents in-sync videos.
Consequently, the final dataset representation is V = {(𝑎(1),𝑣(1), 𝑦(1)), (𝑎(2), 𝑣(2), 𝑦(2)), ..., (𝑎(𝑛),
𝑣(𝑛), 𝑦(𝑛))}. Since humans solely rely on the audio and visual streams of a video to assess syn-
chrony, it is desirable for the lip-sync discriminator to use only this information. Fortunately,
the natural synergy between the audio and visual streams of a video (providing cross-modal
supervision) [Korbar et al. 2018] enables the model to be trained in a self-supervised manner,
allowing for the abundance of talking-face videos available online to be exploited.

To account for the bi-modal nature of videos, our lip-sync discriminator is composed of two
streams i.e., an audio encoder 𝐹𝑎 and a visual encoder 𝐹𝑣. Each encoder accepts its respective
channel from the video as input and produces a compact latent representation of all pertinent
information within its modality. The objective is to learn a classification model D that min-
imizes the classification error, ensuring that 𝐷(𝐹𝑎(𝑎

(𝑛)), 𝐹𝑣(𝑣
(𝑛))) = 𝑦(𝑛) for as many videos as

possible. This problem formulation for the AVTS problem induces a form of cooperative learn-
ing, since the audio and visual encoders must work together to correctly classify the input
video [Korbar et al. 2018].

To provide context for the design of the lip-sync discriminator, we contrast our design choices
to those of other notable solutions [Chung et al. 2017; KR et al. 2019; Prajwal et al. 2020; Yang et
al. 2020] where necessary. The solution primarily seeks inspiration from SyncNet [Chung and
Zisserman 2016b] (discussed in Section 2.3.1), which serves as the basis for numerous solutions
due to its novelty and effectiveness, as well as the pre-trained lip-sync discriminator of Prajwal
et al. [2020], which proposes numerous design enhancements to the SyncNet network. The
following sections provide an overview of the input representations to the presented model,
each of its encoders, and the concept that underpins the successful training of the solution.
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5.2 Input Representations

5.2.1 Visual Encoder

Given a talking-face video, the visual encoder accepts the facial crops extracted from the
video as input. Similar to SyncNet [Chung and Zisserman 2016b] and Wav2Lip [Prajwal et al.
2020], only the lower half of the speaker’s face is used as input since the upper half does not
contain relevant information for lip-sync. This decision was empirically verified by training
the lip-sync discriminator using the entire facial crop, but this did not improve the accuracy
or robustness. Unlike SyncNet, which uses grayscale images, our model accepts RGB images,
as the additional colour information is expected to improve lip-sync accuracy.

The poor lip-sync accuracy achieved by the lip-sync discriminator of KR et al. [2019] has
been attributed to the sub-optimal design choice of testing for synchronicity based on a single
frame and its corresponding audio segment. In contrast, using a short temporal window of
frames has shown to significantly improve accuracy [Prajwal et al. 2020]. Doing so provides
the model with the necessary temporal context to consider mouth motion. Consequently, we
follow SyncNet [Chung and Zisserman 2016b] and Wav2Lip [Prajwal et al. 2020] and pass 0.2
seconds of footage to each encoder instead.

Since the FPS of all videos was set to 25 during the pre-processing phase, as mentioned in
Chapter 4, 0.2 seconds of footage corresponds to 0.2×25 = 5 visual frames. Extensive analysis
by Prajwal et al. [2020] showed that the optimal classification accuracy is achieved when
using five visual frames as input, as this provides sufficient temporal context while keeping
computational resource requirements reasonable. During training, a random facial crop 𝐶

is selected from the input video, representing the start of the five-frame visual window, and
the four subsequent facial crops are retrieved. The lower half of each facial crop is extracted
and concatenated to form a spatiotemporal volume with dimensions [𝐵, 3, 5, 𝐻 ,𝑊 ], where 𝐵
denotes the batch size, three follows due to the RGB colour space, five denotes the temporal
extent (window size), and 𝐻 and 𝑊 signify the spatial dimensions of the facial crops. This
input representation differs from Prajwal et al. [2020], as they instead concatenate the five
facial crops along the channel dimension to form an input representation with size [𝐵, 3 ×
5, 𝐻 ,𝑊 ]. The following section elaborates on why we believe our design is better suited for
the AVTS problem. Since all facial crops are resized to 96 × 96 when employing the LRS2
dataset [Afouras et al. 2018a], the lower half of each facial crop is extracted and concatenated
to form a final input representation with size [𝐵, 3, 5, 48, 96].

5.2.2 Audio Encoder

Complementary to the visual encoder, the audio encoder processes an audio representation
of the speaker’s speech. Since the raw waveform representation of the audio is not suitable
for practical purposes, it is preferable to use well-established audio feature representations,
such asmel-spectrograms orMel-Frequency Cepstral Coefficients (MFCCs) [Bridle and Brown
1974; Mermelstein 1976]. However, there is no consensus on which of these two representa-
tions is superior and under what conditions. Given that many speech-based solutions [Shen
et al. 2018; Skerry-Ryan et al. 2018] have adopted mel-spectrograms and achieved state-of-
the-art results, we chose to employ mel-spectrograms for our solution.
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Figure 5.2: Example inputs to the lip-sync discriminator.

The mel-spectrogram is computed by performing a Short-Time Fourier Transform (STFT)
on the input audio segment and subsequently using a Mel filter bank to obtain the mel-
spectrogram. The Mel scale is the logarithmic perceptual scale of pitches that models how
humans perceive sound [Ittichaichareon et al. 2012]. The hyperparameters used to compute
the mel-spectrograms (listed in Appendix A.1) are largely inspired by the literature [Ping et al.
2017; Shen et al. 2018]. As shown in Figure 5.2, the mel-spectrogram has time along the 𝑥-axis,
the Mel scale on the 𝑦-axis, and colours representative of decibels. To extract 0.2s of audio, a
time slice is selected, and the mel-spectrogram is cropped to create the final input audio rep-
resentation. Specifically, since 80 mel-bands are used, and 1s corresponds to 80 audio frames
(as determined by our audio hyperparameters), 0.2s of audio corresponds to 80 × 0.2 = 16
audio frames. Therefore, the cropped input mel-spectrogram has a shape of [1, 80, 16]. Due
to its convenient 2D representation, mel-spectrograms serve as an ideal input representation
for CNNs.

Given the binary classification problem at hand, it is necessary to have a dataset with an
equal proportion of in-sync and out-of-sync videos to avoid class imbalance [Japkowicz and
Stephen 2002; Guo et al. 2008]. To tackle this issue, the audio encoder’s input is manipulated
to randomly create out-of-sync videos with a 50% probability. This process involves selecting
a video frame C at random and retrieving the four subsequent frames to form a five-frame
spatiotemporal volume. This volume is then passed as input to the visual encoder, and to
produce an:

• In-sync video: The audio from the same time slice as the visual frame C is extracted and
used to crop the mel-spectrogram segment to obtain the corresponding audio segment.

• Out-of-sync video: The mel-spectrogram from a different time slice than the visual win-
dow is cropped to obtain the required audio segment. It is important to note that an
out-of-sync video is achieved by cropping the audio from the same video as the visual
window. This approach compels the model to learn spatiotemporal features, unlike ex-
tracting audio from a different video, which could lead the network to solely rely on
semantic information which is unnecessary for this problem [Korbar et al. 2018]. Fol-
lowing the advice of Chung and Zisserman [2016b], the audio is extracted from a time
slice that is at most 2 seconds away from the ground-truth (visual) time slice C, as the
model does not gain any valuable information beyond this point.
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Figure 5.3: Formation of in-sync and out-of-sync videos by altering the segment cropped from
the input audio.

5.3 Network Architecture

5.3.1 Visual Encoder

Achieving a temporally coherent dubbed video with high visual quality and lip-sync accuracy
is crucial. Therefore, a sensible design choice is to create a visual encoder that extracts spa-
tiotemporal features capturing both spatial and temporal aspects to model motion effectively.
Chung and Zisserman [2016b] achieve this by using 3D convolutions in their visual encoder,
which are proficient at learning spatiotemporal features. However, this approach is hindered
by the exorbitant computation costs resulting from their large parameter count.

In contrast to Chung and Zisserman [2016b], Prajwal et al. [2020] use 2D convolutions in
their visual encoder, which are less computationally expensive than 3D convolutions [Li et
al. 2021]. This design choice may raise concerns due to the nature of the problem at hand.
2D convolutions lack the ability to model temporal information and motion patterns, which
are crucial factors for video analysis tasks, especially for the AVTS problem. Additionally, 2D
convolutions require the five visual frames to be concatenated along the channel dimension,
treating all frames analogously to channels without considering the temporal ordering of the
frames [Korbar et al. 2018].

Following the renowned success of residual learning (ResNets) [He et al. 2016], which has
proven to facilitate the training of deep neural networks and improve their generation per-
formance, our visual encoder is composed using seven ResNetv1 blocks. To address the short-
comings of prior solutions as mentioned above, we employ R(2+1)D spatiotemporal blocks

[Tran et al. 2018b] (Section 2.2.3), serving as a drop-in replacement for traditional 3D convolu-
tions. The claimed benefits of decomposing 3D convolutions into R(2+1)D blocks are two-fold
i.e., (1) the number of non-linearities is doubled without a significant increase in parameter
count, and (2) the optimization process is easier, resulting in lower training and testing errors.
R(2+1)D blocks are utilized by replacing the convolutional layers in each ResNet block with
an R(2+1)D block. As the final layer, a global spatiotemporal pooling operation is performed,
producing a 512D embedding vector that encapsulates all pertinent visual information from
the input video.
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5.3.2 Audio Encoder

Due to the convenient 2D representation of the input mel-spectrograms, the audio encoder is
designed as a CNN containing 2D convolutions. Since the presented visual dubbing solution
is audio-driven, the audio encoder is required to extract all pertinent audio information effec-
tively. To achieve this, the audio encoder is composed of 14 residual blocks, each containing
Conv2D → BatchNorm → ReLU, inspired by Prajwal et al. [2020] and Isola et al. [2017]. The
audio encoder ultimately produces a 512-dimensional embedding vector, which compactly
represents all pertinent audio information.

5.4 Training

Since the audio encoder receives a mel-spectrogram representation of the input audio seg-
ment, audio features are learnt at the phoneme level rather than theword level. This language-
independent nature of the network arises due to the overlap of phonemes and visemes shared
among languages, similar to previous solutions [KR et al. 2019; Prajwal et al. 2020]. Similarly,
the visual encoder processes visual frames of the speaker’s mouth region, allowing for visual
features to be learned at a viseme level. Another important property of the lip-sync discrimi-
nator is that it is trained using footage of various speakers, making it speaker-independent ś
meaning it is invariant to identity, age, and gender. Finally, themodel is trained using the LRS2
dataset [Afouras et al. 2018a], which includes diverse and unconstrained environments. This
makes the solution applicable to in-the-wild conditions, enhancing its overall applicability.

By using an audio and visual encoder, the lip-sync discriminator learns a joint embedding
space where audio and visual embedding vectors co-exist. This enables cross-modal supervi-
sion, allowing the model to be self-supervised. We employ contrastive learning (Section 2.2.2)
based on its success in various cross-modal tasks. Contrastive learning leverages the inherent
property of embedding spaces, where distance (such as Euclidean distance) reflects semantic
similarity [Chandrasekaran and Mago 2021]. In our case, a positive pair consists of audio and
visual embeddings from an in-sync video, while a negative pair is composed from an out-of-
sync video. The objective is to minimize the distance between audio and visual embeddings
of positive pairs and maximize the distance between audio and visual embeddings of negative
pairs [Wang et al. 2021d].

To learn a joint embedding space using contrastive learning, a notion of similarity between
the produced audio and visual embedding vectors must be established. This is obtained by
computing the cosine similarity between the 𝐿2-normalized audio embedding vector 𝑎 and the
visual embedding vector 𝑣 to determine their similarity. The use of residual blocks (which
performs a ReLU activation as the final operation) ensures that the resulting embedding vec-
tors contain non-negative entries, thus, constraining the cosine similarity to the range [0, 1].
A cosine similarity of zero indicates no similarity, while a value of one means the two vectors
are identical. This measure is interpreted as the probability that the input video is in-sync,
i.e.:

𝑃𝑠𝑦𝑛𝑐(𝑎, 𝑣) =
𝑎 ⋅ 𝑣

𝑚𝑎𝑥(‖𝑎‖2 ⋅ ‖𝑣‖2, 𝜖) . (5.1)
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During training, the cosine similarity measure and implicitly inferred class labels (i.e., 𝑦(𝑛) = 0
for out-of-sync videos and 𝑦(𝑛) = 1 for in-sync videos) are used to compute the Binary Cross-
Entropy (BCE) loss, which is a natural choice for addressing binary classification problems.

Both encoders of the lip-sync discriminator are initialized with random weights and trained
simultaneously. The entire network is trained from scratch, and based on empirical analyses,
the model is trained with a batch size of 64 and the Adam optimizer [Kingma and Ba 2014]
using a learning rate of 0.0001. For experiments using the pre-train and train partitions, the
model is trained for 750K iterations on the pre-train partition, followed by the train partition
until convergence. In other experiments, the pre-train and train partitions are combined to
form the training dataset, and the model is trained until convergence. All experiments are
implemented in the PyTorch framework [Paszke et al. 2019], utilizing an Nvidia GeForce RTX
3090 GPU.

Themost striking characteristic of the presented lip-sync discriminator is that it is pre-trained,
meaning it is not trained in tandem with the generator network. This design choice is largely
inspired by the work of Prajwal et al. [2020] which demonstrated that training the discrimi-
nator in conjunction with the generator network significantly deteriorates the classification
accuracy. They attribute this deterioration to the fact that, if the discriminator was trained
using samples generated by the generator network, visual artefacts in the generated frames
may be exploited as a shortcut which would deviate the model from learning fine-grained
audio-visual correspondences. To quantify this, Prajwal et al. [2020] reported a classifica-
tion accuracy of 91.6% on the LRS2 test dataset [Afouras et al. 2018a] using their pre-trained
lip-sync discriminator, while their discriminator trained adversarially achieved an inferior
accuracy of 73.5%, resulting in a 19.76% decrease in accuracy.

5.5 Experiments

5.5.1 Curriculum Learning

Curriculum learning [Bengio et al. 2009] is a concept that has its origins in cognitive science
and psychology which attempts to mimic the ordered approach that humans (and animals)
take toward learning. Humans require approximately two decades to be trained as fully func-
tional adults in society, and this development is primarily based on a carefully formulated
curriculum i.e., the education system. The core idea is to start small by learning basic fun-
damental concepts and to exploit this knowledge to ease the learning process for increas-
ingly difficult/complex concepts. For instance, to learn university-level calculus, one begins
by grasping fundamental concepts such as addition and subtraction in primary school, pro-
gressing to equations in secondary school, and exploiting this prior knowledge to ease the
learning process when learning university-level calculus.

Adopting a sequential approach to learning significantly enhances the rate of learning. This
is in contrast to exposing the learner to concepts in a random order of difficulty [Hacohen
and Weinshall 2019]. Curriculum learning attempts to answer the following question: Can
improved results be achieved by ordering training samples in ascending order of difficulty as

opposed to exposing the model to training samples in an arbitrary order of difficulty? A survey
of the literature reveals that curriculum learning has proven effective in improving the rate
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of convergence, the quality of the local minima attained, and the generalization capabilities
in numerous cases [Bengio et al. 2009].

To describe the curriculum learning strategy adopted, the framework of Wang et al. [2021c] is
used, which requires a difficulty measurer and training scheduler to be defined. The difficulty
measurer is used to determine the difficulty of each training sample and arrange them in
ascending order of difficulty. On the other hand, the training scheduler determines when the
model is exposed to new data of increased difficulty.

To avoid the need for manual annotations for the difficulty measurer, we devise an intuitive
solution to control the difficulty of the out-of-sync videos exposed to the model. Initially, the
visual input is extracted from time slice 𝐾 , and for an in-sync video, the audio would also be
extracted from time slice 𝐾 . For an out-of-sync video, the audio is extracted from a time slice
with a minimum distance of 25 time slices away from 𝐾 . The difficulty is then incremented by
extracting the audio from a time slice with a minimum distance of 24 time slices away from 𝐾 .
This process continues until the model may be exposed to out-of-sync videos with the audio
extracted from only one time slice away from 𝐾 , representing the most challenging form of
out-of-sync video. Figure 5.4 illustrates this process.
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Figure 5.4: Visualization of the curriculum learning strategy we adopt by controlling the seg-
ment extracted from the input audio when producing out-of-sync videos with increasing dif-
ficulty.

For the training scheduler, we aim to allocate fewer iterations to easier samples and assign
the majority of training iterations to more difficult ones. This decision is based on the ratio-
nale that the model requires fewer training iterations to test for synchronicity in a video with
a one second (25 time slice) offset compared to a video with a 0.04s (one time slice) offset.
Following the literature [Wang et al. 2021c], we adopt a linear scheduler, where the number
of training samples devoted to the easiest samples (i.e., when the audio is sampled with a
minimum distance of 25 time slices away from 𝐾 ) is adjusted. Additionally, the number of
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Figure 5.5: Illustration showing the three curriculum learning schedules experimented with.
For the least challenging scenario (minimum distance to 𝐾 = 25), a minimal number of train-
ing iterations are assigned. As the minimum distance to 𝐾 decreases (indicating increased
difficulty), we incrementally allocate more training iterations (e.g., for start_iter = 2100,
minimum distance to𝐾 = 25 → 2100 training iterations, minimum distance to𝐾 = 24 → 4200
training iterations, etc.). Additionally, we observe the highest number of training iterations
assigned to the most demanding samples, i.e., when the minimum distance to 𝐾 = 1.

iterations is increased with each increment in difficulty (by decrementing the minimum dis-
tance to 𝐾 ). We experiment with three variants, starting with 1900, 2100, and 2300 training
iterations to ensure the model is exposed to out-of-sync videos with a one time slice offset
from 𝐾 within a reasonable number of training iterations. In the extreme case of commenc-
ing with 2300 training iterations, the model is exposed to these videos after ≈750K training
iterations. These three curriculum learning schedules are illustrated in Figure 5.5.

5.5.2 Non-Linear Projection Head

An examination of SimCLR [Chen et al. 2020a], a popular method for self-supervised represen-
tation learning, reveals the use of a non-linear projection head, i.e., a non-linear MLP, stacked
at the top of each encoder. Instead of using the embedding vector from the original encoder,
the one obtained after passing through the non-linear projection head is utilized, believed
to enhance the representation quality of the original embedding vector [Chen et al. 2020a].
Comparing the Top-1 classification accuracy on the ImageNet dataset [Deng et al. 2009] with-
out a projection head, with a linear projection head, and with a non-linear projection head,
[Chen et al. 2020a] demonstrated that the non-linear projection head outperforms the linear
one (+3%) and significantly improves performance compared to no projection head (>10%).
Non-linear projection heads have been adopted to enhance the performance of various solu-
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tions [Chen et al. 2020b; Appalaraju et al. 2020], including MoCo [Chen et al. 2020c], another
state-of-the-art approach for self-supervised representation learning. Given its promise, we
conduct experiments by adding the non-linear projection head of SimCLR [Chen et al. 2020a]
on top of the audio and visual encoders. Each non-linear projection head is comprised of a
Fully Connected (FC) layer, batch normalization layer, ReLU operator, FC layer, followed by a
ReLU operator.

5.5.3 Perfect Match

Chung et al. [2019] propose Perfect Match, an extension of the SyncNet network [Chung and
Zisserman 2016b], to learn more powerful cross-modal embeddings. Instead of contrasting
one visual embedding vector to one audio embedding vector, they suggest contrasting one
visual embedding vector to 𝑃 audio embedding vectors, as illustrated in Figure 5.6. This re-
frames the AVTS problem as a cross-modal retrieval task through 𝑃-way feature matching.
The visual embedding vector is produced in the same way as before, but the audio encoder
now accepts 𝑃 mel-spectrograms as input, generating 𝑃 audio embedding vectors. Note that
all 𝑃 input audio representations are sampled from the same video as the input to the visual
encoder, but only one corresponds (i.e., is in sync) with the input visual encoder.

The training objective is to find the most relevant audio embedding vector, given the visual
embedding vector. This is achieved by computing the Euclidean distance between the vi-
sual embedding vector and each audio embedding vector, resulting in 𝑃 distance measures.
The network is then trained using the cross-entropy loss with the inverse of these distance
measures after passing through a softmax layer. This ensures that the similarity between the
matching pair is greater than that of non-matching pairs. We integrate Perfect Match into
the presented ADVD solution and vary 𝑃 ∈ {8, 16, 32, 64}, representing the number of audio
embedding vectors compared to the visual embedding vector. Note that we limit the greatest
value of 𝑃 in our experiments to 64 due to computational resource constraints.

5.6 Evaluation

Given the numerous experiments conducted, we analyse their impact on the classification per-
formance of the lip-sync discriminator. Conducting a rigorous analysis of the results proved
crucial since it helps to identify the best-performing discriminator based on the computed
classification metrics. Subsequently, this discriminator is used to train the generator network.

5.6.1 Comparative Solutions

To contextualize the presented lip-sync discriminator’s performance, a comparison is made
with prior solutions to determine whether it achieves improved or reduced performance and
to what extent. Firstly, the network is contrasted with the state-of-the-art Wav2Lip solu-
tion [Prajwal et al. 2020], the only other solution that utilizes a pre-trained lip-sync discrim-
inator. Experiments are conducted with a baseline network consisting of 17 residual blocks
(Conv3D→ BatchNorm → ReLU using traditional 3D convolutions) to assess the impact of
using spatiotemporal convolutions instead of 2D convolutions in the discriminator. Addition-
ally, an investigation is carried out to determine whether employing R(2+1)D spatiotemporal
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Figure 5.6: Comparison between our original solution and Perfect Match [Chung et al. 2019].

blocks leads to improved results compared to traditional 3D convolutions. Finally, the solu-
tion is compared to the transformer-based solution VocaLiST [Kadandale et al. 2022], which
is also designed to classify whether an input video is in-sync or out-of-sync. All solutions are
trained using the LRS2 dataset [Afouras et al. 2018a], and the provided pre-trained models for
each comparative solution are used during the evaluation.

5.6.2 Data

The evaluation is conducted using the LRS2 test dataset [Afouras et al. 2018a] which com-
prises of 1243 talking-face videos. The creators of the dataset ensure that there is no overlap
between the training and test partitions, thus, preventing information leakage. The data is
pre-processed as extensively detailed in Chapter 4 i.e., facial crops from each video are ex-
tracted and resized to 96 × 96 whereas the audio is resampled to a sampling rate of 16000Hz.

5.6.3 Evaluation Metrics

To compare and quantify the efficacy of the aforementioned solutions, two well-established
classification metrics, namely accuracy and F1-score, are computed. The accuracy measures
the number of correct predictions made out of all predictions (higher is better), while the
F1-score computes the harmonic mean of the precision and recall metrics (higher is better).

5.6.4 Evaluation Protocol

To evaluate the classification performance of the aforementioned solutions using the test
dataset, it is crucial to note that these solutions address a binary classification problem i.e.,
classifying an input talking-face video as either in-sync or out-of-sync. However, the LRS2
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dataset [Afouras et al. 2018a] only contains in-sync videos, therefore, the data should be lever-
aged as before to produce out-of-sync videos to conduct the evaluation.

Similar to the training process, out-of-sync videos are produced with a 50% probability by
randomly selecting a video frame. For in-sync videos, the input audio segment is extracted
from the same time slice as the video frame. For out-of-sync videos, a time slice is randomly
selected from which the input audio segment is extracted. However, due to the stochastic
nature of this process, which involves randomly determining whether a video should be in-
sync or out-of-sync and randomly selecting a time slice for out-of-sync videos, this approach
is unsuitable for evaluative purposes. Using this approach for evaluation would lead to unfair
comparisons among the solutions, as each test video would not be treated uniformly by each
comparative solution, resulting in misleading results.

The aforementioned issue is addressed by pre-determining how each video should be used
through the use of file lists. For each video, the following details are specified: the video
name, the time slice from which the beginning of the five-frame visual input is extracted, and
the time slice from which the input audio segment is extracted. The video frame is randomly
selected as before, and a decision is made on whether the video should be treated as in-sync
or out-of-sync with a 50% probability. In the case of in-sync videos, the placeholder -1 is used
as the time slice from which the input audio segment is extracted, indicating the use of the
ground-truth time slice. On the other hand, for out-of-sync videos, a time slice is randomly
selected from which the input audio is taken. To account for any inherent stochasticity that
might introduce biases, ten file lists are produced using ten different seeds. The performance
of each solution is then evaluated on each file list, and the averaged results are reported. As
previously mentioned, the classification performance is based on the 0.2s of input audio and
visual footage extracted from the input video.

5.6.5 Results

5.6.5.1 Effect of Network Architecture

The analysis begins with the Wav2Lip solution [Prajwal et al. 2020], which achieves an ac-
curacy of 81%3 and an F1-score of 0.7935. To compare the performance of 2D convolutions
with traditional 3D convolutions in addressing the AVTS problem, these results are contrasted
with those obtained by the 3D baseline implementation. The 3D baseline achieves an 8.49% in-
crease in accuracy and a 10.57% increase in F1-score compared to the Wav2Lip solution. This
result emphasizes the importance of considering the temporal dimension explicitly (using spa-
tiotemporal convolutions) for the ADVD problem. Moreover, the higher F1-score achieved by
the 3D baseline indicates a lower false positive and false negative rate compared to Wav2Lip.

3When using the official source code of Wav2Lip [Prajwal et al. 2020] and the evaluation protocol detailed in
Section 5.6.4, we found that Wav2Lip achieves an 81% out-of-sync detection accuracy, while the authors report a
91% accuracy. Our evaluation protocol does not disadvantage the Wav2Lip solution in any way; in fact, it can be
seen as an extension or generalization of the protocol adopted by Wav2Lip. Instead of evaluating using a single
file list, which may lead to inaccurate or misleading results, each solution is identically assessed using ten file
lists (generated using ten different seeds) and reporting the averaged performance. This approach provides a
more accurate reflection of the solution’s performance.
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Solution Accuracy (↑) F1-Score (↑)

Our Solution: ś ś

Trained on the train partition 0.91440 0.91459

Trained on the pre-train & train partitions 0.91062 0.90812

Curriculum Learning (start_iter = 1900) 0.89847 0.89618

Curriculum Learning (start_iter = 2100) 0.89903 0.89705

Curriculum Learning (start_iter = 2300) 0.90008 0.89838

Non-linear Projection Head 0.88366 0.87984

Perfect Match (N=8) 0.83823 0.82017

Perfect Match (N=16) 0.82968 0.81193

Perfect Match (N=32) 0.81954 0.79599

Perfect Match (N=64) 0.78744 0.75056

3D CNN (Baseline) 0.88407 0.88052

Wav2Lip [Prajwal et al. 2020] 0.81488 0.79635

VocaLiST [Kadandale et al. 2022] 0.91287 0.91229

Table 5.1: Quantitative results showing the effect of each experiment on the accuracy and
F1-score achieved in comparison to other state-of-the-art solutions.

Comparisons are alsomade between our solution (composed of R(2+1)D spatiotemporal blocks)
and the 3D CNN baseline. The standard R(2+1)D solution trained on the train partition
achieves superior results, with an accuracy of 0.91440 and an F1-score of 0.91459. This rep-
resents a 3.43% increase in accuracy and a 3.87% increase in F1-score compared to the 3D
baseline. These results confirm that R(2+1)D spatiotemporal blocks are indeed superior to tra-
ditional 3D convolutions, as evidenced by the improved results. While the transformer-based
solution of Kadandale et al. [2022] also achieves exceptional results similar to our standard
R(2+1)D solution, we argue that our solution is significantly more effective, given that their
solution has 3.6×more parameters. Our solution achieves superior results despite having only
22M parameters compared to their 80M parameters.

5.6.5.2 Effect of Training Data used

When comparing the performance achieved with and without using the pre-train partition of
the LRS2 dataset [Afouras et al. 2018a], a decrease of 0.41% in accuracy and a 0.71% decrease
in F1-score is observed when the pre-train partition is used in addition to the train partition.
This minor decrease in performance may be attributed to the pre-train partition not being
of the same quality as the train partition. This finding may also explain why most solutions
that utilize the LRS2 dataset only use the train partition as training data. As a result of these
findings, we opted to not use the pre-train partition for subsequent experiments, as this would
prolong the training process while decreasing the model’s performance.

5.6.5.3 Effect of Curriculum Learning

The experiments primarily focused on tuning the curriculum scheduler, which determines
when new content of increased difficulty is exposed to the solution. This was achieved by
adjusting start_iter, the number of training iterations compounded for each increment
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in difficulty. The results achieved by the three variants are virtually indistinguishable from
each other (variance of accuracy = 6.68𝑒 − 7, variance of F1-score = 1.22𝑒 − 6), suggesting that
the scheduler is not strongly correlatedwith the results. Furthermore, aminor improvement in
accuracy and F1-scores is noticed as start_iter increases. Although curriculum learning
may have slightly reduced the performance of the superior result, the achieved results remain
promising and superior to the 3D CNN baseline, Wav2Lip solution [Prajwal et al. 2020], and
the non-linear projection head and Perfect Match experiments [Chung et al. 2019].

5.6.5.4 Effect of the Non-Linear Projection Head

Results show that appending a non-linear projection head to the audio and visual encoders
leads to a reduction of 3.48% in accuracy and 3.95% in F1-score compared to the superior
solution. This decline can be attributed to the significant increase in parameters (2×530K≈ 1M
additional parameters) caused by adding the two projection heads, making the optimization
process considerably more challenging.

5.6.5.5 Effect of Adopting Perfect Match

Each of the Perfect Match [Chung et al. 2019] experiments resulted in a significant decrease
in accuracy and F1-score compared to the superior solution. Specifically, a decrease in the
range of 8.33% to 13.88% was observed. Additionally, the classification metrics are inversely
proportional to the number of negative samples used (𝑃 ). This observation suggests that the
decrease in performance follows as a consequence of the increase in computation required as
𝑃 increases. Recall, instead of contrasting a visual embedding vector to an audio embedding
vector, Perfect Match contrasts the visual embedding vector to 𝑃 audio embedding vectors.
This is further supported by the observation that improved results are achieved when 𝑃 = 8,
which indicates a lower computational load, compared to the results achieved when 𝑃 = 64.
The decrease in performance may also be attributed to the lack of model capacity, preventing
the model from achieving improved results as 𝑃 (and the computational load) increases.

5.6.5.6 Comparison of Convergence Rates of CNN-based Solutions

By contrasting the loss curves of the CNN-based solutions presented in Table 5.1, the rate
of convergence is examined. It is evident that the loss in the first 300K ś 500K iterations of
Wav2Lip [Prajwal et al. 2020] (when trained from scratch) and the 3D CNN baseline appears
to be stagnant, and only after this period do these solutions begin to converge. However, this
is not the case with R(2+1)D solutions, which start to converge from the beginning of training.
This observation supports the statements made by the authors [Korbar et al. 2018], stating that
the factorization of a 3D convolution into a 2D spatial convolution followed by a 1D temporal
convolution makes the optimization process easier. Upon examining the loss curves of the
Perfect Match [Chung et al. 2019] solutions, a small degree of divergence is observed in all
four variants.

Based on our analysis, we adopted our superior lip-sync discriminator (trained on the train
partition of the LRS2 dataset [Afouras et al. 2018a]) to train all of our generator networks.
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Figure 5.7: Loss curves for all conducted experiments. Notably, both Wav2Lip [Prajwal et
al. 2020] and our 3D CNN baseline exhibit a plateau during the initial 300K - 500K iterations,
while our R(2+1)D implementations display an immediate convergence, resulting in a notably
accelerated rate of convergence.

5.7 Conclusion

This chapter presented an in-depth discussion on our pre-trained lip-sync discriminator, cov-
ering its input representations, network architecture, and various experiments conducted.
Results indicate that the solution outperforms previous state-of-the-art solutions, including
Wav2Lip and VocaLisT. The following chapter introduces the generator network which is
responsible for producing the dubbed result.
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Chapter 6

Generator Network

6.1 Introduction

The previous chapter provided a comprehensive description of the pre-trained lip-sync dis-
criminator, starting with the problem formulation and progressing to the rationale behind the
network’s design, including inputs, network architecture, and experiments conducted. In this
chapter, a similar first-principles approach is taken to analyse the complementary network
within the GAN framework - the generator network.

6.2 Conceptual Overview

Given the preceding discussions, including data curation (Chapter 4) and the design of the
lip-sync discriminator to ensure accurate lip-sync (Chapter 5), we now consider how all these
efforts are united to enable the generator to perform ADVD. To understand how the gener-
ator network works, we consider the canonical ADVD problem formulation: Given an input
talking-face video 𝑉 = {𝑉1, 𝑉2, 𝑉3, . . . , 𝑉𝑇 }, along with an input dubbing audio segment 𝐴 =
{𝐴1, 𝐴2, 𝐴3, . . . , 𝐴𝑇 } of equal duration, the objective is to learn a model 𝐺 (parameterized by
𝜃) that produces a new sequence of visual frames 𝑉 𝐴. This sequence should synchronize the
speaker’s mouth movements with the input dubbing audio 𝐴 while preserving the remaining
visual elements of the scene, such as head pose, background, and lighting. This objective is
expressed as:

𝑉 𝐴 = {𝑉 𝐴
1 , 𝑉

𝐴
2 , 𝑉

𝐴
3 ..., 𝑉

𝐴
𝑇 } = 𝐺(𝑉 , 𝐴; 𝜃). (6.1)

Upon reviewing the formulation presented in Equation (6.1), it is evident that a naïve solution
would be to train the model in a supervised setting using a dataset of triples, each containing
an input video, dubbing audio, and ground-truth video (the talking-face video of the speaker
genuinely uttering the dubbing content) [Yang et al. 2020]. However, this approach would be
sub-optimal since curating such a dataset would require the speaker to record two talking-face
videos under identical recording conditions while uttering different content. This would in-
evitably introduce micro-differences in head pose and lighting. Moreover, to minimize the dif-
ferences between the input and ground-truth videos (except for the speaker’s mouth region),
these recordings would need to be made in a controlled and constrained setting, involving
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several recordings. This data acquisition process would be time-consuming and laborious,
resulting in a small-scale constrained dataset, which could ultimately hinder the solution’s
performance.

To address the aforementioned issue, it is desirable to utilize the abundance of in-sync talking-
face videos for self-supervised training. This approach involves exploiting the audio and vi-
sual channels of an input talking-face video as a form of cross-modal supervision [Nagrani
et al. 2018; Arandjelovic and Zisserman 2018]. Therefore, the problem can be reformulated,
where model 𝐺 takes the audio and visual channels of a talking-face video as input and is
trained to reconstruct the speaker’s mouth shapes, i.e.:

𝑉 𝐴 = 𝐺(𝑉 𝐴, 𝐴; 𝜃). (6.2)

Unfortunately, this problem formulation would not suffice due to the possibility of a trivial
solution where the model "cheats" by directly copying the speaker’s mouth shapes from the
input video to the generated result. This copying would lead to perfect visual quality and
lip-sync accuracy since the copied mouth shapes would already synchronize with the input
dubbing audio. However, such an approach would not provide any valuable learning for the
model and would be considered a form of overfitting or generalization error known as infor-
mation leakage [Hitaj et al. 2017; Yang et al. 2020]. To address this issue, the generator is forced
to solely rely on the input dubbing audio to drive the dubbing process by masking (conceal-
ing) the speaker’s mouth region using a black rectangular mask 𝑀 . By doing so, the model
is prevented from directly copying the mouth shapes or fine-grained details of the speaker’s
mouth from the input video to the generated result. The revised problem formulation is:

𝑉 𝐴 = 𝐺(𝑉 𝐴
𝑀 , 𝐴; 𝜃). (6.3)

While this measure prevents the model from copying the speaker’s mouth movements from
the input video using a mouth mask, all information related to the speaker’s mouth region
is erroneously removed as well. Consequently, the model would lack awareness of the ap-
pearance of the speaker’s teeth, lips, and facial structure, making it unreasonable to expect
the model to perform visual dubbing without this essential information. To address this is-
sue, reference frames 𝑅 are used, which are contiguous visual frames extracted from the input
video from a different time slice than the input video and dubbing audio. Reference frames
provide themodel with the necessary appearance information it requires, and since the frames
are out-of-sync, the model is discouraged from copying the mouth shapes from the reference
frames. Therefore, the final problem formulation for training our ADVD solution is:

𝑉 𝐴 = 𝐺(𝑉 𝐴
𝑀 , 𝐴, 𝑅; 𝜃). (6.4)

Using the above theoretical formulation of the generator network, we provide a comprehen-
sive description of its practical implementation. This discussion starts with a brief overview
of the solution’s philosophy, followed by a discussion regarding the network’s inputs and
architecture. Lastly, a discussion on the various experiments conducted is presented.
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6.3 Solution Overview

Given the problem formulation above, we found it most appropriate to approach the ADVD
problem from the perspective of video inpainting [Xu et al. 2019; Chang et al. 2019]. This choice
is based on the observation that, for the visual channel, the mouth region of the frames to be
dubbed is masked to prevent direct copying of mouth shapes from the input video. Simulta-
neously, reference frames are utilized to provide essential information about the appearance
of the speaker’s mouth region without introducing information leakage. On the other hand,
the audio channel drives the dubbing process, determining the appropriate (dubbing) mouth
shapes. Therefore, visual dubbing naturally becomes a matter of inpainting the speaker’s
masked mouth region with the appropriate mouth shape on a frame-by-frame basis. This ap-
proach eliminates the need for a series of post-processing operations that would have been
required to insert the new mouth shape back into the scene [Prajwal et al. 2020]. In our un-
constrained setting, where factors such as head pose are expected to vary significantly, the
latter approach could lead to visual artefacts due to misalignment issues. We now elaborate
on how we address the visual dubbing problem as one of video inpainting.

6.4 Input Representations

6.4.1 Visual Encoder

For each training video, frames containing the speaker’s facial crops are extracted. Since
the pre-trained lip-sync discriminator requires a five-frame input window, the generator is
required to produce (dub) five frames at a time. A random facial crop 𝑓 is selected to mark the
start of the masked window 𝑉 𝐴

𝑀 , and the four subsequent RGB facial crops are retrieved. All
facial crops are resized to 96×96, resulting in a final maskedwindowwith shape [𝐵, 𝐶, 𝑇 , 𝐻 ,𝑊 ]
= [𝐵, 3, 5, 96, 96], where 𝐵 represents the batch size, 𝐶 indicates the number of channels, 𝑇
represents the window size, and𝐻 and𝑊 denote the spatial dimensions. The speaker’s mouth
region is masked by zeroing out the bottom half of all retrieved facial crops.

We now consider the practical significance of the masked window 𝑉 𝐴
𝑀 and how it facilitates

our approach to addressing the visual dubbing problem. Since we address the problem in a
self-supervised setting, it is crucial to make maximal use of all accessible information. The
upper half of the speaker’s face, which remains exposed, contains valuable information that
does not pertain to speech, such as background and facial actions (blinking). Additionally,
the upper half provides vital pose information, enabling the decoder to seamlessly inpaint the
speaker’s masked mouth region with the appropriate mouth shape. Due to the crucial role
that masked facial crops play in our solution, we refer to them as pose priors [Prajwal et al.
2020].

In addition to the window of pose priors, a set of reference frames 𝑅 is required to expose
the generator to the appearance of the speaker’s mouth region while preventing information
leakage. Previous approaches [Prajwal et al. 2020] achieve this by naively selecting a facial
crop at random and retrieving the four subsequent facial crops to form a five-frame reference
frame window. However, we identify this approach to be prone to information leakage. The
random selection of the start frame for the reference frame window could result in an overlap
with the masked window, inadvertently exposing ground-truth frames to the model as ref-

52



erence frames during training. To address this concern, we take a precautionary measure ś
after randomly selecting the start frame 𝑓 of the masked window, the four frames before and
after 𝑓 are excluded when selecting the start frame of the five-frame reference frame window,
as illustrated in Figure 6.1. The reference frames are then resized to 96 × 96, resulting in an
input shape of [𝐵, 3, 5, 96, 96]. The final input representation to the visual encoder, as shown
in Figure 6.2(a), is formed by concatenating the masked and reference frame windows along
the channel dimension, resulting in a final input size of [𝐵, 6, 5, 96, 96].

Proposed Solution 

f

f

Prior Approach 

VMA

Permitted to sample
starting frame of reference
frame window from 

Not permitted to sample
starting frame of reference
frame window from 

Starting frame of
masked window VM

A

VMA

Figure 6.1: Comparison between the prior approach and the proposed solution to sampling
the starting frame of the reference frame window. Notice that with the prior approach, there
exists a risk of information leakage whereas with the presented approach, it is not possible
for the reference frame window to overlap with the masked window 𝑉 𝐴

𝑀 .

6.4.2 Audio Encoder

The input to the audio encoder complements the five-frame window used by the visual en-
coder. As discussed in Chapter 5, mel-spectrograms (instead of MFCCs) are adopted as our au-
dio feature representation. The mel-spectrogram representation of the input dubbing audio is
computed using hyperparameters inspired by state-of-the-art speaker-related solutions such
as DeepVoice3 [Ping et al. 2017] and Tacotron2 [Shen et al. 2018] (as detailed in Appendix A.1).
From the mel-spectrogram produced, five audio segments are cropped to match the five-frame
window used by the visual encoder. Each mel-spectrogram excerpt represents 0.2s of audio
and has a size of 80×16 as shown in Figure 6.2(b). This design ensures that each visual frame is
centred on its corresponding mel-spectrogram segment, providing the model with the neces-
sary temporal context before and after the frame being dubbed. This approach improves the
temporal consistency and lip-sync accuracy achieved. The final input audio representation
has a size of [𝐵, 5, 1, 80, 16].

6.5 Network Architecture

Akin to the lip-sync discriminator, the generator is composed of a visual encoder and an au-
dio encoder due to the bi-modal nature of videos [Molholm et al. 2002]. Additionally, the
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(a) Input to visual encoder, composed of a
masked window and reference frame window.

(b) Input to audio encoder, composed of 5
stacked mel-spectrogram segments.

Figure 6.2: Example inputs to the generator network.

generator includes an image decoder responsible for producing the dubbed result on a frame-
by-frame basis. After an extensive survey of recent GAN literature, we have opted for a deep
residual U-Net generator [Ronneberger et al. 2015; Zhang et al. 2018], which we will elabo-
rate on shortly. The renowned U-Net architecture is an encoder-decoder architecture with
the addition of skip connections between intermediate encoder and decoder layers. These skip
connections improve result quality by directly sharing a great deal of information between the
input and output [Isola et al. 2017]. Our U-Net generator is specifically used within a residual
learning setting [He et al. 2016], which has proven to ease the training process, improve gen-
eralizability, and prevent the vanishing gradient problem [He et al. 2020a]. We now analyse
each sub-component of the generator in greater detail, discuss their role in performing visual
dubbing, and explain the design choices made.

6.5.1 Visual Encoder

The visual encoder accepts the visual channel of the input video as input and encodes it to
attain a compact representation of all pertinent visual information. After extensive experi-
mentation with various architectures, we found that ResNetv1 blocks [He et al. 2016 2020a]
achieved the best performance. Therefore, the visual encoder is composed of 13 of these
blocks. Note that 2D convolutions suffice here since each pose prior is dubbed (inpainted) in-
dependently, given a set of reference frames and its corresponding mel-spectrogram segment.
Additionally, all necessary information concerning temporal consistency (i.e., lip-sync) is pro-
vided by the pre-trained lip-sync discriminator. Due to the use of 2D convolutions, the input
spatiotemporal volume with size [𝐵, 6, 5, 96, 96] needs to be amended before being passed as
input to the network. This issue is addressed by flattening the temporal dimension into the
batch dimension to attain a final input size of [𝐵 × 5, 6, 96, 96].

As the input progresses through the visual encoder, rich feature representations are learned
as it is gradually downsampled (encoded) using strided convolutions. Intermediate feature
representations are also passed to the image decoder through skip connections. In the end,
all necessary visual information for visual dubbing is distilled into a compact 512D embed-
ding vector. These skip connections, along with the embedding vector produced by the audio
encoder, are used to generate the final dubbed result.

54



6.5.2 Audio Encoder

Since the presented solution is audio-driven, it was imperative to employ an audio encoder
that extracts all essential audio information as effectively as possible. We use the same au-
dio encoder as the lip-sync discriminator, consisting of 14 blocks composed of Conv2D →

BatchNorm → ReLU. To accommodate the 2D convolutions, the audio window (with size
[𝐵, 5, 1, 80, 16]) is flattened into a final audio input size of [𝐵 × 5, 1, 80, 16]. The audio encoder
learns rich feature representations and encodes the input through strided convolutions, re-
sulting in a compact 512D embedding vector that represents all essential audio information
for visual dubbing. This embedding vector is then passed to the image decoder to produce the
final dubbed result.

6.5.3 Image Decoder

The learned representations from the audio and visual encoders are conveyed to the image
decoder, either as skip connections or embedding vectors, to generate the final dubbed result.
As the input passes through the decoder, it is gradually decoded until the resulting dubbed
frames, with spatial dimensions of 96 × 96, are produced. The image decoder is composed of
13 ResNetv1 blocks [He et al. 2016 2020a]. We make the notable design choice to upsample
by performing a bilinear upsampling operation followed by a 2D convolution as opposed to
performing a transpose convolution. This design choice follows from the observation that
results produced by most GAN-based solutions that employ transpose convolutions tend to
exhibit an unpleasant checkerboard effect [Odena et al. 2016]. After obtaining the final result,
a sigmoid operation is performed to ensure that all pixel values are bounded within the range
[0, 1].

6.6 Training

We now discuss the loss functions employed, which may be seen as the driving force behind
training the generator to produce sensible results. The sync loss, generated by the lip-sync
discriminator, is the only loss used to encourage the generator to produce dubbed results with
accurate lip-sync. To compute the sync loss, the lower half (i.e., the mouth region) of the five
dubbed facial crops synthesized by the generator is extracted and used as input to the visual
encoder of the lip-sync discriminator. Concurrently, the mel-spectrogram segment spanning
this visual window (representative of 0.2s of footage) is passed as input to the audio encoder.
Both the audio and visual encoders produce a 512D embedding vector, which is then used to
compute the cosine similarity measure 𝑃𝑠𝑦𝑛𝑐 (Equation (5.1)) representing the probability that
the audio and visual inputs are in-sync. The final sync loss 𝑠𝑦𝑛𝑐 conveyed to the generator
is obtained by computing the BCE loss between the produced cosine similarity measure and
the ground-truth label (𝑦 = 1), as the visual input, i.e., the synthesized result, is required to
be in-sync with the input audio.

We now discuss the loss functions used to optimize for visual quality. With the plethora of
loss functions available, each with its own strengths, weaknesses, and specific outcomes, con-
ducting an extensive survey was imperative. The choice of loss function(s) is one of the most
crucial design considerations, sometimes even more important than the network architecture
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[Zhao et al. 2016]. Following a comprehensive analysis of several loss functions adopted in
relevant fields such as image inpainting [Pathak et al. 2016; Demir and Unal 2018; Chang et

al. 2019], super-resolution [Shi et al. 2016; Ledig et al. 2017; Wang et al. 2018], and image syn-
thesis [Isola et al. 2017], we elaborate on each loss function that we employ and discuss its
objective, strengths, weaknesses, and applicability when addressing the ADVD problem.

Upon surveying the array of loss functions that have been previously used to optimize visual
quality, we discover that the most commonly used loss function is the 𝐿2 (MSE) loss, given as:

2(𝑌 , 𝑌 ) =
1

𝐻 ×𝑊

𝑊∑
𝑥=1

𝐻∑
𝑦=1

(𝑌𝑥,𝑦 − 𝑌𝑥,𝑦)
2. (6.5)

Here, 𝑌 represents the synthesized image, while 𝑌 denotes the ground-truth image. The
widespread adoption of the 𝐿2 loss can be attributed primarily to its simplicity [Zhao et al.

2016]. Upon closer examination of the nature of the 𝐿2 loss, we observe that it is a per-pixel
loss function aimed at achieving correspondence between the generated result and ground-
truth data on a pixel-by-pixel basis. Furthermore, the 𝐿2 loss is designed to penalize large
errors while being more tolerant of small errors. In contrast, the 𝐿1 loss, presented in Equa-
tion (6.6), is another per-pixel loss function that is less sensitive to large errors [Zhao et al.

2016].

1(𝑌 , 𝑌 ) =
𝑊∑
𝑥=1

𝐻∑
𝑦=1

|𝑌𝑥,𝑦 − 𝑌𝑥,𝑦 | (6.6)

The 𝐿2 loss is intrinsically a Peak Signal-to-Noise Ratio (PSNR) oriented loss function, aiming
to maximize the PSNR measure. PSNR is a full-reference image quality assessment metric
computed as:

𝑃𝑆𝑁𝑅(𝑌 , 𝑌 ) = 10 log10(
𝑅2

2(𝑌 , 𝑌 )) , where 𝑅 = 255. (6.7)

As extensively highlighted in the literature [Ledig et al. 2017; Wang et al. 2018; Yun et al. 2020;
Wu et al. 2020a; Jiang et al. 2021b], attempting to directly optimize the PSNR measure is fun-
damentally flawed because it does not correlate well with the human visual system (HVS).
Kovalenko [2017] shows that a higher PSNR measure does not necessarily mean an image is
more visually pleasing to a human viewer than an image with a lower PSNR measure. This
counterintuitive result is because the 𝐿2 loss maximizes the PSNR measure by averaging sev-
eral plausible results. However, this inadvertently reduces the visual quality as perceived
by a human, resulting in over-smoothed and blurry outputs that lack fine-grained details.
Achieving high-frequency details such as skin texture, facial hair, and teeth, is highly desir-
able, particularly in the context of visual dubbing.

Based on the discussion presented above, we employ the 𝐿1 loss instead of the 𝐿2 loss for our
baseline implementation. The 𝐿1 loss has been adopted as the de-facto standard for numerous
generative tasks because it produces noticeably less blurry results compared to the 𝐿2 loss
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[Zhao et al. 2016]. Section 6.7.1 further discusses the various intriguing loss functions that we
experimented with in an attempt to improve the visual quality achieved.

To regulate the prioritization of visual quality and lip-sync accuracy achieved, which is par-
ticularly crucial when addressing the ADVD problem due to the trade-off between them [Pra-
jwal et al. 2020], we assign weights to the corresponding loss functions. This task is further
complicated by the lip-sync discriminator being pre-trained, making it essential to balance the
influence of both the generator and the discriminator to prevent GAN collapse [Goodfellow et

al. 2014]. Taking inspiration fromWav2Lip [Prajwal et al. 2020], the only other visual dubbing
solution that pre-trains the lip-sync discriminator, we compute the sync loss𝑠𝑦𝑛𝑐 periodically
during training but delay its incorporation (i.e., backpropagation) to train the generator. This
approach allows the network to first optimize for visual quality and subsequently lip-sync
accuracy. However, we observed that the strategy of Prajwal et al. [2020] was not suitable for
our purposes as our more powerful lip-sync discriminator optimized the sync loss too quickly,
regardless of the delay in introducing it. To address this issue, we introduce the sync loss after
400K iterations, based on empirical observation, dedicating sufficient iterations to optimize vi-
sual quality. Additionally, we empirically set 𝜆𝑠𝑦𝑛𝑐 = 0.25 to attenuate the feedback from the
lip-sync discriminator, preventing it from becoming overpowering. The final generator loss
is given as:

𝐺 = 𝜆𝑠𝑦𝑛𝑐 ⋅ 𝑠𝑦𝑛𝑐 + (1 − 𝜆𝑠𝑦𝑛𝑐) ⋅ 1. (6.8)

The generator is initialized with random weights, and based on an extensive hyperparameter
search, is trained with a batch size of 32 and the Adam optimizer [Kingma and Ba 2014] with
a learning rate of 0.0005 (𝛽1 = 0.9, 𝛽2 = 0.999).

6.7 Experiments

6.7.1 Perceptually-motivated Loss Functions

Based on the discussion presented above, it was established that optimizing PSNR-oriented
loss functions is not an ideal approach to achieving perceptually pleasing results for humans.
Consequently, this necessitates a shift in focus from maximizing the PSNR measure to striv-
ing for results that are perceptually pleasing to humans. This involves seeking an alternate
measure to optimize that is more closely related to the HVS. Upon assessing the literature on
relevant image-generative tasks [Ledig et al. 2017; Wang et al. 2018; Yun et al. 2020; Wu et al.

2020a; Jiang et al. 2021b], perceptually-motivated loss functions have consistently proven to
outperform PSNR-oriented solutions in terms of visual quality.

Two avenues exist for formulating a perceptually-motivated loss function. The first involves
selecting an image quality assessment metric closely correlated with the human visual system
(e.g., SSIM [Wang et al. 2004]) and transforming it into a loss function. The second, and
prevailing, approach calculates the loss in the feature space, using features extracted by a
pre-trained network such as VGG-16 or VGG-19 [Simonyan and Zisserman 2014; Johnson et

al. 2016], instead of in the pixel space. Despite the significant improvement in visual quality
seen in other image-related tasks using perceptually-motivated loss functions, their adoption
in the field of visual dubbing is surprisingly limited. Consequently, the effect of both types of
perceptually-motivated loss functions on the visual quality achieved is investigated. Below,
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we elaborate on the two forms of perceptually-motivated loss functions experimented with,
discuss how they work, and explain how they were configured for our experiments.

6.7.1.1 MS-SSIM + 1 Loss

One of the most commonly used perceptually-motivated visual quality metrics is the Struc-
tural Similarity Index Measure (SSIM) [Wang et al. 2004]. While providing a comprehensive
overview of the formulation and rationale of the SSIM metric is beyond the scope of this
work, we focus on the salient points relevant to us and direct interested readers to Wang et

al. [2004] for a detailed explanation. In summary, the SSIM metric is based on the assumption
that the HVS is highly adapted for extracting structural information from a scene. Conse-
quently, the SSIM metric measures the degradation of structural information between the
generated result and ground-truth data. In this context, structural information refers to the
idea that pixels have strong dependencies amongst each other, especially spatially proximate
pixels, and these dependencies contain information pertaining to the structure of objects in
the scene. Furthermore, the SSIM metric is computed based on three aspects of the generated
result and ground-truth data i.e., luminance, contrast, and structure.

A key property of the SSIM metric is that it is computed locally instead of globally. Rather
than assessing image quality based on the entire image at once, the SSIM metric is calculated
at a patch level, sliding over the entire image [Seshadrinathan et al. 2009]. The reasons for
this are four-fold:

• Image statistical features are usually highly spatially nonstationary

• Image distortions, which may or may not be dependent on the local image statistics,
may also be space-invariant

• At typical viewing distances, only one region of the image can be perceived with high
resolution by a human observer at any given time (due to the foveation feature of the
HVS [Geisler and Banks 1995; Wang and Bovik 2001])

• Localized quality assessment can provide a spatially varying quality map of the image
which provides more information regarding the quality degradation between the gen-
erated result and the ground-truth data

When computing the SSIM metric between a patch in the generated result and ground-truth
data (which we denote as 𝑥 and 𝑦 respectively), a Gaussian filter 𝐺𝑆 with standard deviation
𝑆 is employed. Using the image statistics computed for these patches, as determined by the
support of 𝐺𝑆 , the SSIM metric for patches 𝑥 and 𝑦 is computed as:
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𝑆𝑆𝐼𝑀(𝑥, 𝑦) = [𝑙(𝑥, 𝑦)]𝛼 ⋅ [𝑐(𝑥, 𝑦)]𝛽 ⋅ [𝑠(𝑥, 𝑦)]𝛾 (6.9)

where ∶

𝑙(𝑥, 𝑦) =
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇2𝑥 + 𝜇2𝑦 + 𝐶1

(6.10)

𝑐(𝑥, 𝑦) =
2𝜎𝑥𝜎𝑦 + 𝐶2

𝜎2
𝑥 + 𝜎2

𝑦 + 𝐶2

(6.11)

𝑠(𝑥, 𝑦) =
𝜎𝑥𝑦 + 𝐶3

𝜎𝑥𝜎𝑦 + 𝐶3

(6.12)

∴𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)

(𝜇2𝑥 + 𝜇2𝑦 + 𝐶1)(𝜎2
𝑥 + 𝜎2

𝑦 + 𝐶2)
(6.13)

Appendix A.2 provides a description of each symbol in Equations (6.9) ś (6.13) in the interest
of significantly improved readability. The SSIM metric is calculated for each patch in the
generated result 𝑌 and the ground-truth image 𝑌 in a sliding-window manner, where the
SSIM metric is computed centred on each pixel. The final SSIM score, which measures the
image quality, is obtained by averaging all 𝑃 patch-level SSIM scores, i.e.:

𝑀𝑆𝑆𝐼𝑀(𝑌 , 𝑌 ) =
1

𝑃

𝑃∑
𝑗=1

𝑆𝑆𝐼𝑀(𝑥𝑗 , 𝑦𝑗). (6.14)

Ultimately, the SSIM loss function is given as:

𝑆𝑆𝐼𝑀(𝑌 , 𝑌 ) =
1

𝑃

𝑃∑
𝑗=1

1 − 𝑆𝑆𝐼𝑀(𝑥𝑗 , 𝑦𝑗). (6.15)

Upon reviewing the literature [Wang et al. 2003; Zhao et al. 2016], it has been demonstrated
that the choice of 𝑆 significantly impacts the quality of results achieved when using the loss
function presented above. Smaller values of 𝑆 reduce the network’s ability to preserve the local
structure and introduce splotchy artefacts in flat regions. On the other hand, larger values of
𝑆 cause the network to introduce noise in the vicinity of edges. Instead of fine-tuning 𝑆 and
computing the SSIM at a single scale, it has been shown that significantly improved results
can be obtained by computing the SSIM at multiple scales, giving rise to Multi-Scale SSIM

(MS-SSIM) [Wang et al. 2003]. MS-SSIM considers the scale at which local structure should be
analysed, accounting for factors such as image-to-observer distance, achieved by weighting
the SSIM computed at different scales based on the sensitivity of the HVS. Following common
practice, we compute the SSIM at 𝑀 = 5 scales, i.e., {0.5, 1.0, 2.0, 4.0, 8.0}, which is equivalent
to iteratively downsampling the image by a factor of two and computing the SSIM. Therefore,
the MS-SSIM and 𝑀𝑆−𝑆𝑆𝐼𝑀 are computed as:

MS-SSIM(𝑥, 𝑦) = [𝑙𝑀(𝑥, 𝑦)]
𝛼𝑀 ⋅

𝑀∏
𝑗=1

[𝑐𝑗(𝑥, 𝑦)]
𝛽𝑗 [𝑠𝑗(𝑥, 𝑦)]

𝛾𝑗 , (6.16)

∴𝑀𝑆−𝑆𝑆𝐼𝑀(𝑌 , 𝑌 ) =
1

𝑃

𝑃∑
𝑗=1

1 −MS-SSIM(𝑥𝑗 , 𝑦𝑗). (6.17)
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By design, MS-SSIM and SSIM are not particularly sensitive to uniform biases, which may
cause colour shifts or variations in brightness, often resulting in duller results [Zhao et al.

2016]. However, MS-SSIM has proven to preserve the contrast in high-frequency regions
better than most other loss functions, such as 𝐿1, 𝐿2, and SSIM, among others. On the other
hand, the 𝐿1 loss preserves colour and luminance well but does not accurately capture contrast
as effectively as MS-SSIM. Due to the complementary nature of these two loss functions,
combining them into a single loss function, aptly named MS-SSIM+ 𝐿1 loss, allows the model
to benefit from the best properties of both. The MS-SSIM+ 𝐿1 loss is given as:

𝑀𝑆−𝑆𝑆𝐼𝑀+𝐿1 = 𝛿 ⋅ 𝑀𝑆−𝑆𝑆𝐼𝑀 + (1 − 𝛿) ⋅ 1. (6.18)

𝛿 in Equation (6.18) is a scalar used to control the contribution of each term (i.e., whether the
MS-SSIM or 𝐿1 term should be prioritized). Based on empirical analysis, 𝛿 is set to 0.5 which
achieved the best trade-off between visual quality and lip-sync accuracy. When employing
the 𝑀𝑆−𝑆𝑆𝐼𝑀+𝐿1 loss, the generator loss becomes:

𝐺 = 𝜆𝑠𝑦𝑛𝑐 ⋅ 𝑠𝑦𝑛𝑐 + (1 − 𝜆𝑠𝑦𝑛𝑐) ⋅ 𝑀𝑆−𝑆𝑆𝐼𝑀+𝐿1 (6.19)

6.7.1.2 Feature-based Perceptual Loss Functions

In contrast to computing the loss on a per-pixel basis, feature-based perceptual loss functions
compute a distance measure (i.e., a loss) between feature representations of the produced
result and ground-truth data. The notion of feature-based perceptual loss functions was first
introduced by Johnson et al. [2016] which showed that computing the loss in the feature space,
as opposed to in the pixel space, can significantly improve the perceptual quality achieved.
The premise behind perceptual losses is, instead of encouraging the generated result to cor-
respond exactly (i.e., at a pixel level) with the ground truth, the objective is to minimize the
(normalized 𝐿2) distance between their feature representations as extracted by a pre-trained
network. Specifically, let 𝜙𝑗(𝑥) be the activations of the 𝑗th layer of a pre-trained network 𝜙

when processing image 𝑥; if 𝑗 is a convolutional layer, then 𝜙𝑗(𝑥) will be a feature map with
shape 𝐶𝑗 × 𝐻𝑗 ×𝑊𝑗 , thus, the perceptual loss may be represented as:

𝑝𝑒𝑟𝑐𝑒𝑝(𝑌 , 𝑌 ) =
1

𝐶𝑗 × 𝐻𝑗 ×𝑊𝑗

‖‖‖𝜙𝑗(𝑌 ) − 𝜙𝑗(𝑌 )
‖‖‖
2

2
. (6.20)

To gain an intuition of this design choice, consider a generated result that achieves high per-
ceptual quality, but the object of interest is shifted slightly relative to the ground truth. In
such a case, a per-pixel loss would incur a substantial penalty, even though the result is of
high perceptual quality. On the other hand, a feature-based perceptual loss would be more
tolerant, as it focuses on the overall perceptual quality. Due to their effectiveness, feature-
based perceptual losses have become the de-facto standard for addressing the shortcomings
of PSNR-oriented solutions [Ledig et al. 2017; Wang et al. 2018; Jiang et al. 2021b].

One of the most notable characteristics of feature-based perceptual losses is that they entail
employing a pre-trained image classification network for feature extraction purposes. This
follows since these networks have already learned to encode the perceptual and semantic
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information that we would like to measure using the loss function. In addition, this allows
for high-level differences, such as content and style, to be compared between the generated
result and the ground truth. Common choices for pre-trained feature extraction networks
are the VGG-16 and VGG-19 networks pre-trained on the ImageNet dataset [Deng et al. 2009;
Simonyan and Zisserman 2014]. Differently, however, since the presented visual dubbing
solution is an example of a facial application, a VGG-16 network pre-trained on the VGG-
Face dataset [Parkhi et al. 2015] is used. This design choice follows from the aspiration that
employing a network pre-trained on a facial dataset would learn features specific to the human
face, thus, improving the perceptual quality achieved.

Another distinguishing aspect of our approach to feature-based perceptual losses is that tra-
ditionally, these losses are computed on post-activated features, which are features passed
through an activation function. Wang et al. [2018] have shown that post-activated features
tend to be sparse because the ReLU operator zeros out large regions of the feature maps. This
sparsity provides weak supervision, resulting in sub-optimal outcomes, such as inconsistent
reconstructed brightness compared to the ground truth. To address this issue, Wang et al.

[2018] propose to employ features prior to activation, known as pre-activated feature maps,
which offer stronger supervision, leading to sharper edges and improved visual quality.

Lastly, feature-based perceptual losses typically utilize features extracted from a single layer
of the pre-trained network. However, due to the hierarchical nature of CNNs, it has been
shown that early layers preserve low-level features such as colour and texture, while higher
layers capture image content and spatial structure more accurately [Niu et al. 2018]. To strike
a balanced trade-off, we adopt the approach of Wang et al. [2021b] and incorporate features
fromfive layers i.e.,relu11,relu21,relu31,relu41, andrelu51 of our pre-trained
VGG-16 network, along with their corresponding weights, i.e., 0.03125, 0.0625, 0.125, 0.25, and
1.0, respectively. Since feature-based perceptual lossesmay not perform optimally in isolation,
we combine them with the 𝐿1 loss to mitigate the blurriness caused by the latter. In practice,
we empirically set 𝜆𝑝𝑒𝑟𝑐𝑒𝑝 = 1𝑒−6 to represent the weight of the feature-based perceptual loss,
resulting in the revised generator loss:

𝐺 = 𝜆𝑠𝑦𝑛𝑐 ⋅ 𝑠𝑦𝑛𝑐 + 𝜆𝑝𝑒𝑟𝑐𝑒𝑝 ⋅ 𝑝𝑒𝑟𝑐𝑒𝑝 + (1 − 𝜆𝑠𝑦𝑛𝑐 − 𝜆𝑝𝑒𝑟𝑐𝑒𝑝) ⋅ 1. (6.21)

6.7.2 Gradual Introduction of Sync Loss 𝑠𝑦𝑛𝑐

While the approach proposed by Wav2Lip [Prajwal et al. 2020] has proven to achieve satis-
factory visual quality and lip-sync accuracy, the manner in which the sync loss is introduced
may be deemed sub-optimal. The solution initially optimizes the visual quality and progresses
towards a sense of convergence/stability; however, this is abruptly followed by the introduc-
tion of the sync loss. This sudden shock to an already (somewhat) trained model necessitates
radical weight updates caused by the introduction of the sync loss. We hypothesize that the
radical weight updates caused by the abrupt introduction of the sync loss in the late stages of
training may degrade the rate of convergence and/or the quality of results achieved.

The phenomenon described above is comparable to the well-known PGGAN solution [Karras
et al. 2017b], which starts by training on low-resolution data and gradually adds layers to
the generator and discriminator to accommodate higher-resolution data as training advances.
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Instead of introducing new layers abruptly, which could lead to radical weight updates as well,
the authors employ a gradual phasing-in technique. They achieve this by weighting the new
layers using a variable 𝜏 that linearly increases from zero to one. This transitional approach
has demonstrated its ability to expedite training and greatly enhance stability.

To test our hypothesis, we draw inspiration from the PGGAN solution and introduce a variable
𝜏 to further weight the sync loss, which is introduced from the beginning of training. This
weight 𝜏 gradually increases from zero to one as training progresses, i.e.:

𝐺 = 𝜏
0→1

⋅ 𝜆𝑠𝑦𝑛𝑐 ⋅ 𝑠𝑦𝑛𝑐 + (1 − 𝜆𝑠𝑦𝑛𝑐) ⋅ 1. (6.22)

Instead of increasing 𝜏 indefinitely during training, we specify a training iteration 𝐼 at which
we stop increasing 𝜏, after which 𝜏 is fixed at one. Several experiments were conducted to
determine the optimal value of 𝐼 , where 𝐼 ∈ {300𝐾, 400𝐾, 500𝐾, 600𝐾, 700𝐾 }. This training
enhancement aims to improve the rate of convergence by simultaneously optimizing visual
quality and lip-sync accuracy, rather than sequentially.

6.7.3 Concatenated Embedding Vectors

After conducting a thorough analysis of the state-of-the-art Wav2Lip solution [Prajwal et al.
2020], we observed that the visual information received by the image decoder from the visual
encoder is exclusively in the form of skip connections. While valuable, the 512D embedding
vector produced by the visual encoder remains unused, unlike the 512D embedding vector
produced by the audio encoder, which is passed as input to the image decoder. We aim to
investigate whether conveying visual information to the image decoder using the produced
embedding vector, in addition to skip connections, can lead to improvements. In theory, the
audio and visual embedding vectors should be similar (i.e., located nearby in the joint em-
bedding space spanned by the two encoders) for in-sync videos and significantly different
for out-of-sync videos. However, directly concatenating the 512D audio and visual embed-
ding vectors is impractical due to the resulting 1024D embedding vector’s size, which would
require a large image decoder for decoding. Instead, we append an MLP (FC layer → Batch-
Norm → ReLU→ FC layer → ReLU) to the top of the audio and visual encoders to transform
the 512D embedding vectors into 256D embedding vectors. Subsequently, the two 256D em-
bedding vectors are concatenated to form a single 512D embedding vector, containing both
audio and visual data, which is then passed as input to the image decoder.

6.7.4 Visual Quality Discriminator

Prajwal et al. [2020] observed that employing a powerful pre-trained lip-sync discriminator
caused the generator to produce blurry mouth shapes and occasionally introduce visual arte-
facts, thereby compromising the visual quality achieved. To address this issue, a visual quality
discriminator is used, which is trained adversarially alongside the generator. The discrimi-
nator consists of 13 blocks (Conv2D → LeakyReLU) and has approximately 14M parameters.
Although this enhancement has proven to improve the visual quality, it has also shown to
compromise the lip-sync accuracy.
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Figure 6.3: PatchGAN Discriminator. Each value of the output matrix represents the proba-
bility of whether it corresponding patch in the input image is real.

We conduct experiments using a visual quality discriminator, aiming to improve its design
without relying solely on the network’s size to achieve satisfactory results. Additionally, we
seek to enhance the trade-off between visual quality and lip-sync accuracy by employing
a PatchGAN discriminator [Isola et al. 2017] which has played an instrumental role in the
success of various state-of-the-art GAN-based solutions [Demir and Unal 2018; Chang et al.

2019; Jiang et al. 2021c]. Unlike a regular discriminator that outputs a scalar representing the
probability of an input image being real [Goodfellow et al. 2014], the PatchGAN discriminator
penalizes at the level of local patches and generates a grid of responses. Each output element
represents the probability that its corresponding patch in the input image, i.e., its receptive
field, is real [Isola et al. 2017]. This capability allows the discriminator to providemore detailed
feedback to the generator regarding how to improve the visual quality of the synthesized
results.

Our visual quality discriminator is trained in a traditional GAN setting which accepts alter-
nating batches of real and synthesized images as input. Since the generator is responsible
for inpainting the appropriate mouth shape into the speaker’s mouth region and borrows the
upper half of the speaker’s face from the ground-truth, the discriminator is solely exposed
to the lower half of the speaker’s face. Using the speaker’s mouth region as input with size
[𝐵×5, 3, 48, 96], the PatchGAN discriminator produces a 2×8 grid of responses for each image
whereby each element represents the probability that its corresponding 24 × 12 patch in the
input is real as shown in Figure 6.3.

In an attempt to increase the model’s capacity compared to a standard PatchGAN discrimi-
nator, we duplicate each layer of the network, effectively doubling its size, resulting in 4M
parameters. This makes the discriminator 3.5× smaller than the visual quality discriminator
used by Wav2Lip [Prajwal et al. 2020]. The visual quality discriminator is trained using the
Adam optimizer [Kingma and Ba 2014] with a learning rate of 1𝑒 − 4, based on empirical

63



analyses. Additionally, we experimented with two adversarial losses: BCE and Least Squares
GAN (LSGAN) to determine which one achieves a better trade-off between visual quality and
lip-sync accuracy. For the conducted experiments, we empirically set 𝜆𝑎𝑑𝑣 = 0.45 to represent
the weight of the loss received from the visual quality discriminator (denoted as 𝑎𝑑𝑣), and
revise the generator loss to be:

𝐺 = 𝜆𝑠𝑦𝑛𝑐 ⋅ 𝑠𝑦𝑛𝑐 + 𝜆𝑎𝑑𝑣 ⋅ 𝑎𝑑𝑣 + (1 − 𝜆𝑠𝑦𝑛𝑐 − 𝜆𝑎𝑑𝑣) ⋅ 1. (6.23)

6.7.5 Relativistic Discriminator

In a standard GAN, the discriminator loss function is based on the Jensen-Shannon divergence
(JSD) [Goodfellow et al. 2014]. The calculation of JSD involves solving the followingmaximum
problem:

𝐽 𝑆𝐷(ℙ||ℚ) = 1

2 (log(4) + 𝑚𝑎𝑥
𝐷∶𝑋→[0,1]

𝔼𝑥𝑟∼ℙ[log(𝐷(𝑥𝑟))] + 𝔼𝑥𝑓 ∼ℚ[log(1 − 𝐷(𝑥𝑓 ))]) . (6.24)

The JSD is minimized i.e., 𝐽 𝑆𝐷(ℙ||ℚ) = 0, when 𝐷(𝑥𝑟) = 𝐷(𝑥𝑓 ) = 0.5 for all 𝑥𝑟 in ℙ (the real
data distribution) and 𝑥𝑓 in ℚ (the learned data distribution) where 𝑥𝑟 and 𝑥𝑓 represent real
and fake data respectively, and is maximized i.e., 𝐽 𝑆𝐷(ℙ||ℚ) = log(2), when 𝐷(𝑥𝑟) = 1 and
𝐷(𝑥𝑓 ) = 0 for all 𝑥𝑟 in ℙ and 𝑥𝑓 in ℚ [Jolicoeur-Martineau 2018]. This suggests that, if we
were to directly minimize the divergence from maximum to minimum, 𝐷(𝑥𝑟) is expected to
smoothly decrease from one to 0.5, and𝐷(𝑥𝑓 ) to smoothly increase from zero to 0.5. When the
GAN is in equilibrium, the generator (parameterized by 𝜃) and discriminator (parameterized
by 𝑤) are optimized and 𝐷(𝑥𝑟) = 𝐷(𝑥𝑓 ) = 0.5. Surprisingly, however, this is not the case with
the standard GAN since, when the generator is trained to synthesize fake data in an attempt
to make the discriminator classify the fake data as real, the discriminator is encouraged to
output one i.e., 𝐷(𝑥𝑓 ) = 1. Evidently, this approach deviates from the JSD minimization,
which instead requires encouraging the discriminator to output 0.5 as opposed to one. In
addition to minimizing the JSD, we note that whilst the standard GAN attempts to increase
the probability that fake data is classified as real, no (explicit) attempt is made to decrease
𝐷(𝑥𝑟) to 0.5 i.e., to decrease the probability that the real data is classified as real as discussed
above.

Letting 𝐽 denote the Jacobian and 𝐶(𝑥) ∈  (the class of functions assigned by the Integral
Probability Metric (IPM) [Jolicoeur-Martineau 2018]), the gradient when employing the stan-
dard GAN can be represented as:

∇𝑤𝐿𝐷 = −𝔼𝑥𝑟∼ℙ[(1 − 𝐷(𝑥𝑟))∇𝑤𝐶(𝑥𝑟)] + 𝔼𝑥𝑓 ∼ℚ𝜃
[𝐷(𝑥𝑓 )∇𝑤𝐶(𝑥𝑓 )] (6.25)

∇𝜃𝐿𝐺 = −𝔼𝑧∼ℙ𝑧[(1 − 𝐷(𝐺(𝑧)))𝐶(𝐺(𝑧))∇𝑥𝐶(𝐺(𝑧))𝐽𝜃𝐺(𝑧)] (6.26)

When the discriminator is optimal, (1 −𝐷(𝑥𝑟)) → 0 which indicates that the gradients for the
discriminator predominantly come from fake data (i.e., the second term in Equation (6.25)).
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Figure 6.4: Expected discriminator output of the real and fake data for the direct minimization
of the JSD, actual training of the generator when minimizing its loss function, and ideal train-
ing of the generator to minimize its loss function (lines are dotted when they cross beyond
the equilibrium to signify that this may or may not be necessary) respectively. Figure adapted
from Jolicoeur-Martineau [2018].

The discriminator stops learning from real data and only learns from fake data and at this
point, the standard GAN no longer learns how to make the result more natural.

In an attempt to address the aforementioned issues, Jolicoeur-Martineau [2018] proposes the
relativistic discriminator which, in contrast to a traditional discriminator which predicts the
probability that the input data is real, estimates the probability that the given real data is
more realistic than randomly sampled fake data (or vice versa) instead. Note, the relativistic
discriminator is not an additional discriminator to our solution but instead enhances how
our visual quality discriminator (and its corresponding loss function) is utilized. To make
a discriminator relativistic i.e., having the output of 𝐷 dependent on real and fake data, we
let 𝐶(𝑥) represent the non-transformed output (i.e., 𝐷(𝑥) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥)) in the case of the
BCE loss), sample real and fake data 𝑥̃ = (𝑥𝑟 , 𝑥𝑓 ), and define 𝐷(𝑥̃) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑟) − 𝐶(𝑥𝑓 )).
Using the relativistic discriminator, the corresponding (non-saturating) loss functions for the
generator and discriminator (using the BCE loss) evolves from Equations (6.27) and (6.28) to
Equations (6.29) and (6.30).

𝐿𝐷 = −𝔼𝑥𝑟∼ℙ[log(𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑟)))] − 𝔼𝑥𝑓 ∼ℚ[log(1 − 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑓 )))] (6.27)

𝐿𝐺 = −𝔼𝑥𝑓 ∼ℚ[log(𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑓 )))] (6.28)

𝐿𝐷 = −𝔼(𝑥𝑟 ,𝑥𝑓 )∼(ℙ,ℚ)[log(𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑟) − 𝐶(𝑥𝑓 )))] (6.29)

𝐿𝐺 = −𝔼(𝑥𝑟 ,𝑥𝑓 )∼(ℙ,ℚ)[log(𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑓 ) − 𝐶(𝑥𝑟)))] (6.30)

Jolicoeur-Martineau [2018] empirically discovered that when employing the formulation of
the relativistic discriminator presented in Equations (6.29) and (6.30), the computed values
exhibited high variance with large swings from different samples. As a result, they introduced
a variant called the relativistic average discriminator (RaGAN ), which we adopt. This variant
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estimates the average probability that the given real data is more realistic than fake data. The
revised formulation is given as:

𝐿𝐷 = −𝔼𝑥𝑟∼ℙ [log (𝐷̃(𝑥𝑟))] − 𝔼𝑥𝑓 ∼ℚ[log(1 − 𝐷̃(𝑥𝑓 ))] (6.31)

𝐿𝐺 = −𝔼𝑥𝑓 ∼ℚ [log (𝐷̃(𝑥𝑓 ))] − 𝔼𝑥𝑟∼ℙ[log(1 − 𝐷̃(𝑥𝑟))] (6.32)

𝐷̃(𝑥𝑟) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑟) − 𝔼𝑥𝑓 ∼ℚ𝐶(𝑥𝑓 )) (6.33)

𝐷̃(𝑥𝑓 ) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐶(𝑥𝑓 ) − 𝔼𝑥𝑟∼ℙ𝐶(𝑥𝑟)) (6.34)

In the case of our experiment in which the LSGAN loss function is employed, we also exper-
iment with its relativistic counterpart which evolves the loss functions from Equations (6.35)
and (6.36), to Equations (6.37) and (6.38).

𝐿𝐷 = 𝔼𝑥𝑟∼ℙ[(𝐶(𝑥𝑟) − 1)2] + 𝔼𝑥𝑓 ∼𝑄[(𝐶(𝑥𝑓 ) − 0)2] (6.35)

𝐿𝐺 = 𝔼𝑥𝑓 ∼ℚ[(𝐶(𝑥𝑓 ) − 1)2] (6.36)

𝐿𝐷 = 𝔼𝑥𝑟∼ℙ[(𝐶(𝑥𝑟) − 𝔼𝑥𝑓 ∼ℚ𝐶(𝑥𝑓 ) − 1)2] + 𝔼𝑥𝑓 ∼ℚ[(𝐶(𝑥𝑓 ) − 𝔼𝑥𝑟∼ℙ𝐶(𝑥𝑟) + 1)2] (6.37)

𝐿𝐺 = 𝔼𝑥𝑓 ∼ℙ[(𝐶(𝑥𝑓 ) − 𝔼𝑥𝑟∼ℙ𝐶(𝑥𝑟) − 1)2] + 𝔼𝑥𝑟∼ℙ[(𝐶(𝑥𝑟) − 𝔼𝑥𝑓 ∼ℚ𝐶(𝑥𝑓 ) + 1)2] (6.38)

Our inspiration for experimenting with the relativistic discriminator comes from the impres-
sive empirical findings of Jolicoeur-Martineau [2018], as well as the significantly improved
results achieved by several state-of-the-art image transformation solutions [Wang et al. 2018;
Jiang et al. 2021c; Du et al. 2021] that have adopted it. In summary, the relativistic discrim-
inator has shown to improve the rate of convergence, significantly enhance stability, and
achieve higher-quality results in GANs without any additional computational cost [Jolicoeur-
Martineau 2018].

6.8 Inference

Recall that during training, the input to the audio and visual encoders was extracted from
the same video, ensuring that the speaker’s mouth movements were initially in-sync with the
input dubbing audio. However, the speaker’s mouth region was masked to prevent informa-
tion leakage [Gutierrez 2014]. This self-supervised approach allowed for the abundance of
talking-face videos available online to be exploited for training. On the other hand, during
inference, the process involves dubbing real-world videos using audio and visual segments
not present in the dataset. As a result, the input audio and video segments no longer corre-
spond to each other, and the speaker’s original mouth movements are no longer in sync with
the input dubbing audio, as they were during training. We commence by discussing how the
inputs to our solution are prepared during inference.
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6.8.1 Input Representations

6.8.1.1 Visual Encoder

The process begins by discretizing the input talking-face video into its corresponding set of
visual frames. For each visual frame, face detection [Zhang et al. 2017b] is performed, and if
the frame contains multiple faces, the largest face (in terms of the area of the facial bounding
boxes) is assumed to be the active speaker’s face. Since performing face detection on a frame-
by-frame basis may result in oversensitive (jittery) face detections, we smoothen the current
facial bounding box by averaging over the face detections of the four subsequent frames. The
resulting facial bounding box coordinates serve two key purposes i.e., to demarcate the region
within the frame that is cropped to retrieve the corresponding facial crop, and secondly, they
allow for the dubbed mouth shapes to be seamlessly pasted into the speaker’s mouth region.

The input to the visual encoder consists of the current (smoothened) facial crop, which is
resized to 96 × 96 to create a batched window with a size of [𝐵, 3, 96, 96]. This input represen-
tation is slightly different from the one used during training. However, both representations
are equivalent since each frame is dubbed independently. This modification allows for videos
to be dubbed where the number of audio or visual frames no longer needs to be a multiple of
five, and it also streamlines the inference process. Another copy of this window is created, in
which the speaker’s mouth region is masked and later inpainted with the appropriate mouth
shape. The original copy of the window serves as the reference frame window, providing
information to the model regarding the appearance of the speaker’s mouth region. Here, it
is acceptable to expose visual frames from the input video as reference frames to the model
since the speaker’s mouth movements are originally out-of-sync, making information leakage
impossible. The two windows are then concatenated along the channel dimension to create a
final input representation with a size of [𝐵, 6, 96, 96].

6.8.1.2 Audio Encoder

This process begins by enforcing the input dubbing audio to have a sampling rate of 16KHz, af-
ter which the correspondingmel-spectrogram is computed using the same audio hyperparam-
eters used during training. For each input visual frame, its corresponding mel-spectrogram
segment (i.e., audio frame) with size 80 × 16 is extracted, thus, forming a final batched input
representation with size [𝐵, 1, 80, 16].

6.8.2 Inference Process

Using the audio and visual inputs as detailed above, the generator produces dubbed facial
crops with the appropriate mouth shapes inpainted into the lower half of the facial crops. For
most existing solutions [KR et al. 2019; Prajwal et al. 2020], the dubbing process hereon is sim-
ply amatter of superimposing the dubbed facial crops onto the speaker’s face in the original vi-
sual frames. Despite not being evident when dubbing low-resolution videos, the consequence
of adopting such as simplistic approach becomes apparent when dubbing higher-resolution
videos as shown in Figures 7.1 and 7.2, and elaborated on in Chapter 7. Specifically, the results
tend to blur the entire speaker’s face, including the upper half. The blurring is most noticeable
near the speaker’s mouth region, creating an unpleasant box effect. This may happen due to
the generator’s imperfect visual quality and attempting to use a low-resolution solution to
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(a) Illustration demonstrating the conventional ap-
proach employed by existing solutions for dubbing.
The highlighted inverted area represents the region
that is inpainted in by these solutions. Additionally,
we draw attention to the unintentional inpainting of
the background surrounding the speaker’s mouth re-
gion, resulting in the undesirable box effect.

(b) Illustration of our proposed solution which is
solely focused on the lower half of the speaker’s face
i.e., the dubbing region. Our approach avoids unnec-
essary inpainting of the upper half, thus preserving
the clarity of the facial texture, eyes, hairline, and
more. Furthermore, our solution accurately inpaints
the speaker’s mouth area while seamlessly integrat-
ing the background from the original frame through
alpha-blending, substantially enhancing the natural-
ness of the output.

Figure 6.5: Comparison between the naïve inpainting approach adopted by the majority of
visual dubbing solutions, and our proposed solution.

dub higher-resolution videos [Yang et al. 2017]. The box effect is primarily emphasized be-
cause the speaker’s complexion near the jawline is typically consistent, and the blurriness of
the background surrounding the mouth region and the abrupt transition between the blurry
inpainted region and the rest of the photorealistic scene contribute to this effect.

In an attempt to mitigate the aforementioned visual artefacts, we deviate from the conven-
tional approach discussed above and instead use alpha-blending [Smith 1995] to blend the
dubbed mouth shapes (i.e., the lower half of the dubbed facial crops) into the speaker’s mouth
region. First, landmark detection is performed on each facial crop and the landmarks corre-
sponding to the lower half of the speaker’s face are retrieved to form a convex hull. The convex
hull is then filled to produce a binary mask that precisely indicates the speaker’s mouth shape
within the facial crop. Subsequently, alpha-blending is performed by convolving the binary
mask using a large Gaussian filter to ensure that the interior of the speaker’s mouth region
preserves maximal activation and is solely extracted from the dubbed facial crop while allow-
ing for smoothing along the speaker’s jawline. As shown in Figure 6.5, this approach allows
for the speaker’s mouth region to be precisely inpainted while borrowing the background
surrounding the speaker’s mouth region from the original frame, consequently improving
the naturalness of the dubbed results achieved, in addition to our attempts at improving the
visual quality. The entire inference process is illustrated in Figure 6.6.
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Figure 6.6: Overview of our inference pipeline.
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6.8.3 Utilizing Input Dubbing Audio Synthesized by Text-To-Speech

Services

Through extensive experimentation, we discovered that our solution performs well when uti-
lizing input dubbing audio synthesized by Text-To-Speech (TTS) services to drive the dubbing
process. To illustrate this, we used the Amazon TTS service5 to synthesize the input dubbing
audio, and Figure 6.7 showcases the result produced. This capability further demonstrates
the robustness of the solution, improving its autonomy and taking a step toward eliminating
human involvement in the dubbing process. Consequently, this enhancement also improves
the efficiency and scalability of the solution.

Small things make perfection, but perfection is no small thing.

Figure 6.7: Illustration showing the result produced by our solution when using audio pro-
duced by a TTS service as the input dubbing audio. This figure also introduces the convention
that we adopt when showcasing dubbed results which allows the reader to assess the visual
quality and lip-sync accuracy statically. For each alphabet/phrase highlighted in red, its cor-
responding visual frame is presented beneath (presented from left to right).

6.9 Evaluation

Given the comprehensive discussion and numerous experiments conducted, we aim to estab-
lish the efficacy of our solution and evaluate various design choices, such as loss functions
and architectures. Below, an overview is provided of the approach taken for evaluating the
solution.

6.9.1 Comparative Solutions

To better understand the capabilities of the solution, a comparison is made with other state-
of-the-art speaker-independent solutions. Specifically, the solution is compared with ATVG6

[Chen et al. 2019], a prominent one-shot talking-face generation solution, to contrast the per-
formance between one-shot talking-face generation solutions and visual dubbing solutions.
Additionally, a comparison is made with two state-of-the-art ADVD solutions, namely Lip-

5https://aws.amazon.com/polly/
6Note that we replaced the Dlib [King 2009b] face and landmark detector with the S3FD detector [Bulat and

Tzimiropoulos 2017b] because the Dlib detector is unable to detect near-frontal or non-frontal faces. This change
does not adversely affect the solution’s dubbing capabilities.
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GAN [KR et al. 2019] and Wav2Lip [Prajwal et al. 2020], which were discussed in detail in
Section 2.3.3.

6.9.2 Data

As discussed in Section 6.9.4, we do not perform self-reenactment to conduct the evaluation.
Instead, pairs of input audio and visual segments extracted from different videos are used. The
evaluation is conducted using the dubbed videos produced by the inference process detailed
in Section 6.8. To ensure a fair comparison, the list of pseudo-randomly paired audio-visual
samples prepared by Wav2Lip [Prajwal et al. 2020] is used. This list contains 14, 239 audio-
visual pairings extracted from different videos in the LRS2 dataset [Afouras et al. 2018a]. The
input audio and visual segments are pre-processed identically as in our inference process, as
discussed in Section 6.8.1.

6.9.3 Evaluation Metrics

The visual quality of the dubbed results is evaluated using three metrics. First, SSIM [Wang
et al. 2004] is used, which was discussed in detail in Section 6.7.1.1. The second metric is the
cumulative probability of blur detection (CPBD) metric [Narvekar and Karam 2011], a no-
reference perceptual metric that assesses image sharpness without requiring ground-truth
data. CPBD leverages the sensitivity of the HVS to blur detection and contrast levels by pool-
ing localized perceived blur distortions using a probability summationmodel to produce a final
quality score. Lastly, the Fréchet Video Distance (FVD) [Unterthiner et al. 2018] is computed,
which is an extension of the renowned Fréchet Inception Distance (FID) metric used for eval-
uating GANs, tailored for videos. This metric considers visual quality, temporal coherency,
and diversity of generated samples. Unlike SSIM and PSNR, FVD considers a distribution over
entire videos, avoiding the drawbacks of frame-level metrics. The Fréchet Distance is com-
puted between the feature representations of synthesized and real videos, utilizing an I3D
network [Carreira and Zisserman 2017] pre-trained on the Kinetics dataset, rather than using
the features produced by an Inception network [Szegedy et al. 2016].

To evaluate lip-sync accuracy, we adopt the common protocol of using the pre-trained lip-
sync SyncNet network provided by Chung and Zisserman [2016b]. This network reportedly
achieves an accuracy of 99% (averaged over a clip) when measuring lip-sync accuracy. This
approach is widely adopted due to its accuracy, autonomy, and specificity to lip-sync accuracy
assessment (unlike metrics such as SSIM and PSNR, which are unsuitable for this purpose).
Based on the discussion presented in Section 2.3.1, which elaborates on the three measures
produced by the SyncNet network, we utilize the confidence and distance measures (denoted
as LS-C and LS-D, respectively) as the two lip-sync metrics when evaluating visual dubbing
solutions.

6.9.4 Evaluation Protocol

To gain an intuition of the evaluation process, we first present a brief overview of how the
evaluation protocol for ADVD solutions has evolved over time. This emphasizes why com-
paring the presented solution to speaker-specific solutions is not possible. Speaker-specific
solutions [Suwajanakorn et al. 2017; Nakashima et al. 2020; Thies et al. 2020] require two to
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five minutes of footage to construct an accurate 3DMM [Blanz and Vetter 1999] of the speaker
for dubbing. Consequently, large-scale datasets such as LRS2 [Afouras et al. 2018a] or Vox-
Celeb2 [Chung et al. 2018] cannot be used to evaluate these solutions as they do not provide
sufficient footage of each speaker. Evaluating speaker-specific solutions involves gathering
footage of a handful of speakers and assessing the solution based on this confined dataset. In
contrast, when evaluating a speaker-independent solution, it is desirable to use a large-scale
dataset to assess how well the solution adapts to dubbing various speakers.

The second, and perhaps more significant limiting factor is that speaker-specific solutions are
typically evaluated by means of self-reenactment, where the input audio and video are in-sync,
and the solution is tasked with reconstructing the original video. This approach is useful as
it allows for a comparison between the dubbed result and ground-truth data, which is the
original video. However, evaluating speaker-independent solutions using this paradigm is ill-
posed since the problem formulation which enables them to be speaker-independent is also
the aspect which prevents them from performing self-reenactment. In other words, since the
input visual frames would already be in-sync with the input dubbing audio, using a speaker-
independent solution for self-reenactment would expose ground-truth frames to the model
while being disguised as reference frames, thus, would result in information leakage.

To address this issue, KR et al. [2019] evaluated their speaker-independent solution through
self-reenactment by randomly selecting the reference frames from the input video. While this
approach resolves the information leakage issue, it has been shown [Prajwal et al. 2020] that
it does not provide an accurate reflection of the solution’s real-world dubbing capabilities.
The random selection of five frames for the reference-frame window affects the head poses
and temporal coherence of the result. This is in contrast to our training paradigm, where
the reference-frame window’s starting point is selected randomly, but the reference frames
contained within it are consecutive, preserving temporal coherence. If we were to adopt the
evaluation protocol proposed by KR et al. [2019], where the input reference frames are selected
at random, consideration would need to be made to ensure that all solutions use the reference-
frame window identically to allow for a fair comparison.

Prajwal et al. [2020] noticed that the previously mentioned strategy takes an unnatural ap-
proach to evaluating visual dubbing solutions. The reason is that, in reality, the reference
frames are not adjusted; instead, it is the input audio that changes. Therefore, a similar eval-
uation approach should be adopted. By using visual frames and audio samples from different
videos (as in a real-world application), normal inference can be performed. The current frame
becomes the reference frame, avoiding information leakage (since mouth shapes are out-of-
sync with the input audio), and the required metrics are computed from the resulting dubbed
video. To ensure consistent evaluation, a test file list containing audio-visual pairs is used
[Prajwal et al. 2020]. While this approach simplifies the evaluation process, ground-truth
data is no longer available to assess lip-sync accuracy. Fortunately, the two lip-sync metrics
we compute are no-reference, meaning they do not require ground-truth data. However, to
calculate full-reference visual quality metrics, the input video is considered the ground-truth
data and a relative comparison is made among the metrics achieved by each solution. Given
the superiority of the evaluation protocol proposed by Prajwal et al. [2020], we adopt this
approach for our evaluation.
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6.9.5 Quantitative Results

Table 6.1 presents the quantitative results, followed by an analysis of each experiment’s impact
on visual quality and lip-sync metrics. The arrows in the table headers indicate whether lower
or higher values are preferred, and the optimal value of each metric is highlighted in bold.

6.9.5.1 Effect of Employing Perceptually-Motivated Loss Functions

A review of the results achieved indicates that the use of the MS-SSIM and VGG losses signif-
icantly enhances the visual quality metrics when compared to the presented solution trained
using the 𝐿1 loss. This enhancement is apparent through the improved SSIM, increased CPBD,
and reduced FVD values, all of which suggest that both variants generate outputs that are

Solution SSIM (↑) CPBD (↑) FVD (↓) LS-C (↑) LS-D (↓)

Our Solution:

ś L1 0.89643 0.15507 20.92282 6.33912 7.79438

ś L1+MS-SSIM 0.92016 0.15877 14.02665 6.35842 7.73518

ś L1+VGG 0.90783 0.15692 16.78362 6.34127 7.76093

ś L1+MS-SSIM, Gradual
Sync

0.92001 0.15868 14.01743 6.35289 7.74489

ś L1+MS-SSIM, Concat.
Vectors

0.93559 0.16075 13.73770 6.32854 7.80382

ś L1+MS-SSIM, Concat.
Vectors, Wav2Lip VQ
Disc. (BCE)

0.93864 0.16169 13.48292 6.29218 7.84491

ś L1+MS-SSIM, Concat.
Vectors, Wav2Lip VQ
Disc. (LSGAN)

0.93851 0.16156 13.56823 6.29795 7.84723

ś L1+MS-SSIM, Concat.
Vectors, PatchGAN (BCE)

0.95128 0.16385 11.28192 6.27081 7.85612

ś L1+MS-SSIM, Concat.
Vectors, PatchGAN
(LSGAN)

0.95073 0.16372 11.32918 6.27490 7.86240

ś L1+MS-SSIM, Concat.
Vectors, PatchGAN, Rel.
Disc. (BCE)

0.95176 0.16398 11.25203 6.26599 7.86427

ś L1+MS-SSIM, Concat.
Vectors, PatchGAN, Rel.
Disc. (LSGAN)

0.95095 0.16387 11.29716 6.26683 7.86604

ATVG [Chen et al. 2019] 0.34254 0.09649 54.60932 2.23977 9.40567

LipGAN [KR et al. 2019] 0.88224 0.15469 20.88000 4.34527 8.78434

Wav2Lip [Prajwal et al. 2020] 0.88620 0.15483 18.38556 6.76103 7.16393

Ground-Truth ś 0.19303 ś 8.05287 6.48998

Table 6.1: Quantitative results.
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more visually appealing, sharper, and temporally coherent. This result highlights the im-
portance of employing perceptually motivated loss functions for generative problems, par-
ticularly the ADVD problem. Upon closer examination of the results, it is observed that our
solution trained with the MS-SSIM loss achieves a 1.36% increase in SSIM, a 1.17% increase in
CPBD, and a 16.42% decrease in FVD compared to our solution trained with the VGG loss. As
a result, the 𝐿1+MS-SSIM loss was adopted for all subsequent experiments.

6.9.5.2 Effect of Gradually Introducing the Sync Loss

This experiment aimed to explore whether an improved balance between visual quality and
lip-sync accuracy could be achieved by simultaneously optimizing both aspects. In contrast to
the sequential approach of Prajwal et al. [2020]which first optimizes visual quality followed by
lip-sync accuracy, this experiment introduces the sync loss from the beginning of training and
gradually increases the prioritization of lip-sync accuracy as training progresses. Analysing
the results reveals a decrease in both visual quality and lip-sync accuracy. Specifically, SSIM
decreases by 0.02%, CPBD by 0.06%, FVD by 0.06%, LS-C by 0.08%, and LS-D increases by
0.12%. This trend persists regardless of the rate at which lip-sync accuracy’s priority is in-
creased. We believe this result is due to the constant contention between visual quality and
lip-sync accuracy, and by optimizing for both measures simultaneously, neither is adequately
prioritized, leading to an overall decrease in performance.

6.9.5.3 Effect of Concatenating Embedding Vectors

While conducting a thorough analysis of the Wav2Lip solution [Prajwal et al. 2020], we dis-
covered that the visual encoder within the generator network establishes skip connections
with the image decoder to transmit visual information during result generation. However,
the visual embedding vector produced is unused. This prompted us to investigate whether in-
corporating the visual embedding vector could lead to improved results. Results indicate that
without concatenating the embedding vectors, an SSIM score of 0.92016, CPBD of 0.15877,
and FVD of 14.02665 is achieved. In contrast, when the embedding vectors are concatenated,
an improved SSIM score of 0.93559, CPBD of 0.16075, and FVD of 13.73770 is achieved. This
enhancement in visual quality may be attributed to the additional information provided to the
decoder, including the unique details within the visual embedding vector. However, despite
achieving significantly improved visual quality, the concatenation of the embedding vector
inadvertently dilutes the audio information received from the audio encoder, resulting in a
notable decline in lip-sync metrics which is discussed in further detail in Section 6.9.5.6.

6.9.5.4 Effect of Employing a Visual Quality Discriminator

Taking inspiration from Wav2Lip [Prajwal et al. 2020], which demonstrated enhanced visual
quality through the use of a visual quality discriminator, we aimed to explore whether further
improvements could be achieved by refining the design of the employed discriminator. As a
point of comparison, we also trained our generator network with the Wav2Lip discriminator
and compared the results achieved by our PatchGAN discriminator [Isola et al. 2017]. The
results indicate that, while a minor improvement is achieved when utilizing the Wav2Lip vi-
sual quality discriminator compared to not using a visual quality discriminator, this improve-
ment is surpassed by the gains achieved by our discriminator. Training the generator with
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the Wav2Lip visual quality discriminator yields a 0.32% increase in SSIM, a 0.58% increase in
CPBD, and a 1.85% decrease in FVD. On the other hand, adopting our proposed discriminator
for generator training leads to a more substantial improvement, specifically a 1.62% increase
in SSIM, a 1.93% increase in CPBD, and a 17.87% decrease in FVD.

Perhaps what makes the outcome even more remarkable is that our discriminator achieves a
significant enhancement in visual quality despite being 3.5 times smaller (in terms of parame-
ter count) than the discriminator proposed byWav2Lip [Prajwal et al. 2020]. This is primarily
attributed to the nature of the PatchGAN discriminator, which penalizes at the patch level
rather than the image level. As a result, it provides the generator network with more detailed
feedback on improving the visual quality of the dubbed results produced. Lastly, employing
the BCE loss as the adversarial loss leads to improved performance compared to when the
LSGAN loss is used.

6.9.5.5 Effect of Employing a Relativistic Discriminator

Similar to the various solutions from which we drew inspiration [Wang et al. 2018; Jiang et al.
2021c; Du et al. 2021], utilizing a relativistic discriminator further improved the visual quality
of our solution. Specifically, with the BCE loss, we achieved an SSIM score of 0.95128, CPBD
of 0.16385, and FVD of 11.28192 without employing the relativistic discriminator. However,
by incorporating the relativistic discriminator, we achieved an SSIM score of 0.95176, CPBD of
0.16398, and FVD of 11.25203. This results in aminor increase of 0.05% in SSIM, 0.08% in CPBD,
and a minor decrease of 0.26% in FVD compared to not using a relativistic discriminator.

6.9.5.6 General Analysis

A comprehensive analysis of the results highlights that ATVG [Chen et al. 2019] yields the
lowest visual quality and lip-sync metrics. This outcome can be attributed to the solution’s
inability to capture scene dynamics, which leads to an unnatural and unsatisfactory viewing
experience. LipGAN [KR et al. 2019] and Wav2Lip [Prajwal et al. 2020] achieve similar levels
of visual quality, likely due to their shared implementation of measures aimed at optimizing
visual quality. Notably, the simplest version of the presented solution, trained with the 𝐿1 loss,
surpasses the visual quality achieved by all other comparative solutions. This is particularly
noteworthy, especially considering that some solutions (such as Wav2Lip) are trained with
the assistance of a visual quality discriminator. Furthermore, each enhancement designed to
improve visual quality does indeed result in significant improvements.

Regarding lip-sync accuracy, ATVG [Chen et al. 2019] and LipGAN [KR et al. 2019] achieve
inferior results compared to Wav2Lip [Prajwal et al. 2020] and the presented solution. This
outcome demonstrates the effectiveness of using a pre-trained lip-sync discriminator to en-
force accurate lip-sync. Despite our solution achieving impressive lip-sync metrics, we ac-
knowledge that the results achieved are considerably lower than those of Wav2Lip, despite
employing a significantly improved pre-trained lip-sync discriminator. This difference may be
attributed to our design inherently prioritizing visual quality and the challenge of achieving
a satisfactory balance between visual quality and lip-sync accuracy. These observations are
supported by the fact that each enhancement improving visual quality inversely affects lip-
sync accuracy. Figure 6.8 illustrates the relationship between achieved SSIM and LS-C scores,
reflecting a similar pattern for other pairs of visual quality and lip-sync metrics. While we
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acknowledge our solution’s lower lip-sync measures compared to Wav2Lip, we also recog-
nize that Wav2Lip has been noted for achieving overly optimized lip-sync metrics. Some
studies [Zhou et al. 2021] have even shown that the lip-sync metrics of Wav2Lip can exceed
those of ground-truth data in certain cases. To comprehensively assess whether our solution
achieves acceptable lip-syncmeasures andwhether significantly improved visual quality com-
pensates for the decline in lip-sync metrics, we conduct a human subjective study (detailed
in Section 6.9.7) to observe how each solution is perceived by humans, which is our primary
concern.
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Figure 6.8: Scatter-plot showing SSIM plotted against the lip-sync confidence (LS-C) achieved
for each experiment which shows that in general, each improvement in visual quality results
in a deterioration in lip-sync accuracy.

6.9.6 Qualitative Results

Figures 6.9 and 6.10 present the outcomes of our solution in comparison to those achieved by
comparative solutions. An examination of the results indicates that ATVG [Chen et al. 2019]
yields visually displeasing outputs, consistent with its nature as a one-shot talking-face gener-
ation approach. Consequently, the solution fails to capture scene dynamics such as emotions,
facial expressions, and head movements, resulting in unnatural outcomes. Moreover, the re-
sults exhibit blurriness, and the speaker’s mouth movements appear rigid. While LipGAN
[KR et al. 2019] and Wav2Lip [Prajwal et al. 2020] attain comparable levels of visual quality
as depicted in Figure 6.10, LipGAN occasionally exhibits glitch-like effects stemming from
uncertainty in inpainting the appropriate mouth shape, which also gives the speaker’s teeth
a fuzzy appearance.

The presented solution achieves the sharpest results, as evidenced by the intricate facial details
captured, including wrinkles, which other solutions miss. This distinction is especially clear
in Figure 6.10. This outcome is attributed to our solution’s exclusive focus on inpainting the
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Figure 6.9: Qualitative results.

speaker’s mouth region using alpha-blending, while LipGAN and Wav2Lip inpaint the entire
face. This distinction also explains the more natural and vivid appearance of the speaker’s
hair fringe and eyes in our results compared to other solutions. Additionally, the sharpness
of the speaker’s teeth in our outcomes surpasses that of other solutions. Lastly, the speaker’s
mouthmovements in our results correspondwell to both the dubbing utterance and themouth
movements of Wav2Lip, which achieves superior lip-sync metrics.

6.9.7 Human Subjective Study

In addition to conducting an extensive quantitative and qualitative analysis, we deemed it
appropriate to evaluate the dubbed videos from a human perspective. Since videos are dubbed
for the direct consumption of humans, humans are the supreme evaluators when assessing
dubbed videos [KR et al. 2019]. We conducted an online human subjective study through a
series of pairwise comparisons, as opposed to the more commonly used Mean Opinion Score
(MOS) framework. The rationale behind this decision is that it has been shown that humans
may be inconsistent when evaluating images/videos on a linear scale [Kendall and Smith 1940;
Sakaridis et al. 2018]. Through this study, we aim to establish a ranking among the three
comparative solutions and our presented solution.
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Figure 6.10: Qualitative results (continued). We present additional qualitative results in video
form here.

The design of the human subjective study starts by randomly selecting an audio and visual
sample from the LRS2 test dataset [Afouras et al. 2018a]. These samples are then used as
input for each dubbing solution to generate the corresponding dubbed results. Each dubbed
result is then paired and compared with every other dubbed result, resulting in six pairwise
comparisons for each audio-visual input pair due to the four solutions being evaluated. For
each pairwise comparison, the participant views the two dubbed videos side by side, played
sequentially. The participant is then asked two questions: Is the [visual quality/lip-sync accu-
racy] of video 2 much better than, better than, as good as, worse than, or much worse than the

[visual quality/lip-sync accuracy] of video 1?. With eight audio-visual input pairs, the partici-
pant conducts a total of 8×6×2 = 96 pairwise comparisons. The study involved 23 anonymous
participants from the general public. While testing for sync is a natural instinct for most hu-
mans, participants were also briefed on assessing visual quality (e.g., natural face texture,
absence of visual artefacts like blurring, noise, and colour shifts) and lip-sync accuracy (e.g.,
synchronicity of mouth movements with dubbing audio), while being encouraged to use their
own judgment.
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6.9.8 Analysis of Results

Inspired by the literature [Jiang et al. 2021c], we present the results of the human subjec-
tive study by fitting a Bradley-Terry model [Bradley and Terry 1952] to establish a ranking
amongst the comparative solutions. Since the study involved 23 participants assessing eight
videos through six pairwise comparisons for each video, the results were processed by using
the six pairwise comparisons to establish the participant’s rank for the given video. When ap-
plied to all 23 participants and eight videos, this results in 23×8 = 184 visual quality rankings
and 184 lip-sync rankings. Figure 6.11 presents the results of the study. To gain an intuition
of how these results are interpreted, we see that the ATVG solution [Chen et al. 2019] was
ranked 1𝑠𝑡 (i.e., achieved the best visual quality) for zero videos, 2𝑛𝑑 for two videos, 3𝑟𝑑 for 119
videos, and 4𝑡ℎ for 63 videos. As a consequence of including an as good as option, two or more
solutions may tie for the same ranking (which suggests equal efficacy).

Our analysis commences with the visual quality results achieved and we immediately observe
that our solution achieves superior performance by a large margin. This is deduced by ob-
serving that the videos produced by the solution were most frequently ranked 1𝑠𝑡 compared
to any other solution. Furthermore, upon reviewing the number of videos produced by other
solutions that were ranked 1𝑠𝑡 , we note that our solution rarely tied for 1𝑠𝑡 place, thus, further
emphasizing the efficacy of our design. Upon contrasting the performance achieved by Lip-
GAN [KR et al. 2019] andWav2Lip [Prajwal et al. 2020], we see that both solutions are in close
contention for 2𝑛𝑑 place, thus, suggesting that both solutions achieve a similar standard of vi-
sual quality as perceived by humans. Differently, however, we see that Wav2Lip is ranked 1𝑠𝑡

more frequently than LipGAN and reciprocally, LipGAN is ranked 3𝑟𝑑 more frequently than
Wav2Lip, therefore, we may deduce that Wav2Lip achieves marginally improved visual qual-
ity compared to LipGAN. Lastly, the vast majority of videos produced by ATVG were ranked
3𝑟𝑑 which we believe naturally follows as a consequence of our solution being ranked 1𝑠𝑡 , and
LipGAN and Wav2Lip tying for 2𝑛𝑑 for the majority of videos. Furthermore, in the case when
no ties occur, ATVG is predominantly ranked 4𝑡ℎ which indicates that one-shot talking-face
generation solutions are far inferior to visual dubbing solutions as perceived by humans. Ev-
idently, these results are congruent with our quantitative and qualitative results. Through a
series of paired t-tests, we establish that our results are statistically significant (𝑝 < 10−4).

With regards to the lip-sync results achieved, we note that videos produced byWav2Lip [Pra-
jwal et al. 2020] are frequently ranked 1𝑠𝑡 , aligning with our quantitative findings. In contrast
to our numerical analysis, the human subjective study reveals that our solution’s lip-sync ac-
curacy is comparable to Wav2Lip’s as perceived by humans. Given that videos are dubbed for
human enjoyment [KR et al. 2019], we prioritize the results of the human study over the quan-
titative results. We posit that the inconsistency between the quantitative outcomes and the hu-
man study stems from humans’ inherent limitations in assessing sync [Chung and Zisserman
2016b]. We suggest that once quantitative lip-sync metrics surpass this perceptual threshold,
further optimization becomes imperceptible to humans, rendering excessive optimization un-
necessary. As outlined in Section 10.2.1, future work could employ SyncNet’s [Chung and
Zisserman 2016b] AV offset measure, applying a threshold based on the human capabilities
as postulated by [Chung and Zisserman 2016b] to determine videos achieving imperceptible
AV offsets. This approach would provide insight into avoiding overemphasis on lip-sync ac-
curacy at the expense of visual quality. Furthermore, we contend that by Wav2Lip [Prajwal
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Figure 6.11: Results from our human subjective study.

et al. 2020] prioritizing the lip-sync metrics, despite failing to enhance human-perceived re-
sults, contributes to its inferior visual quality compared to our solution. This underscores the
well-known trade-off between visual quality and lip-sync accuracy.

While Wav2Lip [Prajwal et al. 2020] and our solution frequently tie for 1𝑠𝑡 place across most
videos, ATVG [Chen et al. 2019] and LipGAN [KR et al. 2019] closely compete for 2𝑛𝑑 place.
However, since LipGAN receives more 2𝑛𝑑 place rankings than ATVG, this indicates that Lip-
GAN achieves better lip-sync accuracy compared to ATVG, as perceived by humans. The
substantial performance gap between our solution and Wav2Lip in contrast to ATVG and
LipGAN highlights the effectiveness of utilizing a pre-trained lip-sync discriminator to en-
force accurate lip-sync. Through a series of paired t-tests, we established that our results are
statistically significant (𝑝 < 10−4).

6.10 Conclusion

This chapter presented a comprehensive description of our generator network, commencing
with a theoretical overview of the network’s functions, followed by an increasingly detailed
account of the network’s design, including inputs, architecture, and experiments conducted.
Through a series of quantitative and qualitative analyses, the presented solution proved to
achieve both superior visual quality and high levels of lip-sync accuracy compared to com-
parative solutions. The following chapter explains how this solution is extended to utilize
high-resolution training data.
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Chapter 7

High-Resolution Audio-Driven Visual

Dubbing

7.1 Introduction

The preceding chapter presented our complete ADVD solution which proved to surpass the
capabilities of preceding solutions. As one of the many ways in which existing ADVD so-
lutions can be extended, we present one of the first attempts at designing a high-resolution
ADVD solution. This chapter discusses the rationale behind this endeavour, as well as how
the existing solution is extended to utilize high-resolution training data.

7.2 Motivation

Due to the rapid advancementsmade in image acquisition equipment (especially cameras) that
are capable of recording high-resolution footage, this has resulted in a substantial increase in
the production and consumption of high-resolution footage in recent years [Seshadrinathan
et al. 2009; Xu et al. 2021; Bakhtiarnia et al. 2022]. Consequently, the need to utilize high-
resolution data to train machine-learning models has never been greater. Doing so is also
expected to improve the efficacy of solutions when applied to real-world data which is typ-
ically of high resolution. Note that the exact definition of high-resolution data varies on an
application-specific basis. For most image-manipulation tasks solutions such as image in-
painting [Demir and Unal 2018; Jiang et al. 2020], semantic segmentation [Garcia-Garcia et

al. 2017], and image-to-image translation [Yi et al. 2017; Zhu et al. 2017a; Isola et al. 2017], a
resolution of 1024 × 1024 is typically considered as high resolution, whereas for applications
such as crowd counting [Gao et al. 2020], remote sensing (using satellite imagery) [Hu et al.

2015; Van Etten 2018], and medical applications [Van der Laak et al. 2021], data can easily
reach gigapixel resolutions [Bakhtiarnia et al. 2022].

Defining what resolution qualifies as high-resolution within the scope of ADVD is not a
straightforward task. Given that the majority of existing solutions utilize a resolution no
greater than 120 × 120, we consider resolutions substantially surpassing this threshold to be
deemed as high-resolution. As outlined in Section 7.3, training an ADVD model on high-
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resolution data is inherently more complex compared to other computer-vision challenges
due to the bi-modal nature of the ADVD problem. Consequently, this complexity leads to
heightened demands on computational resources and time. Thus, we train our solution with
a resolution of 192 × 192. This resolution represents a notable enhancement over previous ap-
proaches and is also the maximum resolution permitted by our computational infrastructure.

7.3 Challenges

When attempting to leverage high-resolution training data, we identify three essential re-
quirements to be satisfied i.e., availability of an abundance of high-quality high-resolution
data, access to adequate computational (hardware) resources, and time availability. Below,
we elaborate on each of these aspects and consider how/why the majority of existing solu-
tions have failed to satisfy these requirements.

7.3.1 Availability of an Abundance of High-Quality High-Resolution

Data

As detailed extensively in Chapter 4, attempting to address the ADVD problem requires a
dataset comprised of an abundance of high-quality talking-face videos that have been sync-
corrected. This is in addition to possessing other desirable data properties such as a diverse
range of identities, ethnicities, recording conditions, and head poses amongst others. During
our exploration of the data landscape, we established that the LRS2 dataset [Afouras et al.
2018a] has been accepted as the de-facto standard, however, all videos have a resolution of
160 × 160 which are further cropped and resized into facial crops with size 96 × 96. We believe
that it is for this reason that the results produced by solutions such as Wav2Lip [Prajwal et al.
2020] tend to exhibit an unpleasant box effect which follows as a consequence of employing
a low-resolution model to perform inference on high-resolution real-world data [Yang et al.

2017].

The low resolution of the LRS2 dataset prompted some solutions to explore the use of higher
resolution datasets, with the VoxCeleb2 dataset [Chung et al. 2017 2018] being the most com-
mon choice. In essence, the VoxCeleb2 dataset offers 10 times more hours of footage com-
pared to the LRS2 dataset (as indicated in Table 4.1) and is comprised of excerpts taken from
YouTube videos. Despite appearing tomeet several of the aforementioned desirable data prop-
erties, this dataset holds a bias toward celebrity interviews, includes instances of corrupted
audio samples, and contains videos that have not been sync-corrected. Additionally, we find
it perplexing that visual dubbing solutions [Chung et al. 2017] that utilize this dataset opt for
a resolution no larger than 120 × 120. Although this might seem to be a significant improve-
ment over the LRS2 dataset, this resolution remains notably inferior when compared to the
resolutions typically employed for other image manipulation tasks.

To the best of our knowledge, an ideal off-the-shelf dataset that could be used to train high-
resolution visual dubbing solutions is not made publicly available. Addressing this challenge
would involve either constructing a new audio-visual dataset tailored to the specific require-
ments of the visual dubbing problem, or thoroughly pre-processing an existing dataset. In the
case of the latter, this would entail identifying the least sub-optimal dataset and subsequently
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performing a series of pre-processing operations. Moreover, this process would demand a
substantial level of domain expertise and technical knowledge to fully understand the sort of
operations required to transform the dataset into a form suitable and optimal for the visual
dubbing problem.

7.3.2 Access to Adequate Computational (Hardware) Resources

When utilizing a large-scale high-resolution dataset, the initial concern that emerges is that
of storage capacity. To emphasize the importance of this issue, our pre-processed AVSpeech
dataset [Ephrat et al. 2018] occupies 2.6TB of storageÐa volume of storage that is not readily
available in most circumstances.

Considering the hardware requirements from a computational perspective, we acknowledge
that addressing the visual dubbing problem demands significantly higher resources compared
to most other image manipulation tasks. This stems from the fact that the visual dubbing
problem operates concurrently in two modalities Ð audio and visual. As a result, the network
architecture necessitates two streams to accommodate these modalities, thereby substantially
increasing the parameter count and, consequently, GPU memory usage in contrast to uni-
modal tasks. Moreover, recent solutions, including the presented solution, input a window
of five stacked video frames to the visual stream, further intensifying GPU memory con-
sumption. This is in contrast with other image manipulation tasks that process individual
frames independently. We posit that it is for these reasons that most other image manipula-
tion tasks have experienced notable success in utilizing high-resolution training data, whereas
the progress has been more subtle in the case of visual dubbing.

Accommodating higher-resolution input data often requires enlarging the network to achieve
embedding vectors or outputs of the desired size. Naturally, this network enlargement leads
to increased parameter count and GPU memory usage [Sabottke and Spieler 2020; Thompson
et al. 2020]. To contextualize this increase in resource requirements, training our enlarged
generator network (as discussed in Section 7.4.2) for high-resolution data increases the gen-
erator’s parameter count and total GPU memory usage from 38M and 15GB, respectively (as
in the case of our low-resolution implementation), to 50M and 39GB Ð representing a 31.5%
increase in parameters and a 160% increase in GPUmemory usage. It may be said that progress
in this regard may be hindered due to the inaccessibility to sufficient computing resources and
infrastructure.

7.3.3 Time Availability

Given the relatively limited research on employing high-resolution datasets for the ADVD
problem, substantial experimentation was essential regarding data handling and the design
of the network’s architecture. This process is inherently time-consuming. To provide context
for the time requirements, it took seven months to develop the data-cleaning pipeline and
pre-process the AVSpeech dataset [Ephrat et al. 2018]. Furthermore, as previously mentioned,
the utilization of higher-resolution data increases parameter count, leading to notably more
challenging optimization. This complexity prolongs the training process [Sabottke and Spieler
2020]. Specifically, training the pre-trained lip-sync discriminator took 13 days, while training
the generator network required 19 days.
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Given the discussion presented above, we are made fully aware of the numerous challenges
associated with attempting to advance the visual dubbing field to leverage high-resolution
training data. Moreover, we believe that it is due to these challenges that the field has largely
shied away from undertaking such an endeavour and instead has continued to employ low-
resolution datasets. The solution by Yang et al. [2020] is the only existing ADVD solution
which utilizes high-resolution training data with a resolution larger than 120×120 i.e., the au-
thors use a resolution of 256×256. While their theoretical findings are useful, from a practical
standpoint, neither the implementation nor the dataset were made available, thus, limiting
the impact of their contributions.

7.4 Our Solution

To understand how the existing solution is adapted to utilize high-resolution training data, we
begin by discussing the data used to train the solution. Since constructing a large-scale dataset
is known to be a time-consuming and laborious process, we instead adopt the AVSpeech
dataset [Ephrat et al. 2018] ś one of the largest publicly available high-quality datasets. As
detailed in Section 4.7, we design a multi-faceted data-cleaning pipeline which transforms the
dataset (originally curated for speech separation) into a form that is ideal for addressing the
visual dubbing problem. The resulting dataset is then used to train our high-resolution ADVD
solution with a resolution of 192×192. Below, the enhancements made to the existing solution
to accept high-resolution data are discussed. Since an increase in resolution only affects the
visual stream, we solely concern ourselves with enhancements made to the visual encoder of
the generator and lip-sync discriminator network, as well as the face decoder of the generator,
since the nature of the input audio remains unchanged.

7.4.1 Lip-Sync Discriminator

To account for the higher-resolution input data, an additional R(2+1)D spatiotemporal block
is added to the network, thus, increasing its model capacity. In addition, we are assured that a
512D embedding vector is produced due to the global average pooling layer at the top of the
visual encoder.

7.4.2 Generator Network

To extend the generator network to ingest inputs with size [𝐵, 6, 192, 192], the visual encoder
and face decoder are supplemented with an additional ResNetv1 block [He et al. 2016] each.
In addition, the solution is trained using all experiments detailed in Section 6.7 that improved
the visual quality and/or lip-sync accuracy i.e., the 𝐿1+MS-SSIM loss, concatenated embedding
vectors, PatchGAN discriminator [Isola et al. 2017], and relativistic discriminator [Jolicoeur-
Martineau 2018] are employed.

Since the Nvidia GeForce RTX 3090 GPU that was employed previously does not possess
sufficient graphics memory, all high-resolution models were instead trained using an Nvidia
Quadro RTX 8000 with 48GB of graphics memory.
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7.5 Evaluation

To evaluate the high-resolution ADVD solution, we adhered to the same evaluation procedure
outlined for the low-resolution implementation in Section 6.9. The primary difference lies in
the data used for evaluation; instead of employing pseudo-randomly audio-visual pairs sam-
pled from the LRS2 dataset [Afouras et al. 2018a], pairs from AVSpeech test videos [Ephrat et
al. 2018] were created. This approach draws inspiration from Wav2Lip [Prajwal et al. 2020],
where two conditions are enforced: (1) the audio segment is shorter than the visual segment
to avoid static frames at the end of the dubbed result, and (2) the audio and visual segments
originate from different videos. This process results in 25,600 pseudo-randomly assembled
audio-visual pairs for evaluation. By conducting this evaluation, we aim to explore how train-
ing the solution with high-resolution data influences the achieved performance, particularly
in terms of visual quality, compared to existing state-of-the-art solutions.

7.5.1 Quantitative Results

The lip-sync discriminator, pre-trained on the high-resolution dataset, achieves an accuracy
of 87.842% and an F1-score of 0.87523. Table 7.1 displays the quantitative results pertaining
to the high-resolution ADVD solution, which is followed by a critical analysis of the results
achieved.

Solution/Metric SSIM (↑) CPBD (↑) FVD (↓) LS-Conf.

(↑)
LS-Dist. (↓)

ATVG
[Chen et al. 2019]

0.46412 0.02506 84.7672 4.30108 9.49932

LipGAN
[KR et al. 2019]

0.84621 0.03928 63.4973 4.35780 9.38862

Wav2Lip
[Prajwal et al. 2020]

0.86470 0.05383 63.94158 5.04172 8.63167

Our Solution 0.950191 0.106637 18.91226 4.759881 8.89485

Ground-Truth ś 0.137942 ś 6.174688 8.23574

Table 7.1: Quantitative results when evaluated on high-resolution (AVSpeech) data. For each
metric, the arrow indicates whether higher or lower values are preferred, and values in bold
denote the superior result for that metric. Note that in order to conduct this comparison, we
used the trained solutions provided by their respective authors.

Similar to the low-resolution implementation, ATVG [Chen et al. 2019] achieves unsatisfac-
tory visual quality due to its nature as a one-shot talking-face generation solution. Conse-
quently, the solution fails to consider facial motion, expressiveness, and emotion, resulting
in outcomes lacking photorealism. Contrasting these results with those of other solutions
highlights the superiority of visual dubbing approaches over one-shot talking-face genera-
tion methods. In terms of lip-sync metrics, ATVG achieves comparable results to LipGAN
[KR et al. 2019], however, both solutions perform worse than Wav2Lip [Prajwal et al. 2020]
and the presented solution. This result emphasizes the effectiveness of utilizing a pre-trained
lip-sync discriminator to ensure accurate lip-sync. When assessing the visual quality metrics
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of LipGAN and Wav2Lip, it becomes evident that the difference in performance is insignifi-
cant, which follows as a consequence of both solutions employing similar design strategies
for optimizing visual quality.

Throughout this document, we have hypothesized that training our ADVD solution with
high-resolution data would lead to an improvement in the achieved visual quality, particu-
larly when dubbing real-world videos. Based on the results obtained, we indeed observe that
the presented solution significantly improves the visual quality metrics achieved. To illus-
trate the extent of this improvement, when comparing the visual quality metrics with those
attained by the next best solution, Wav2Lip [Prajwal et al. 2020], we find that our solution
achieves a 9.88% increase in SSIM, a 98% increase in CPBD, and a 70% decrease in FVD. This
indicates that the dubbed results generated by our solution exhibit a higher degree of colour
consistency, sharpness, and temporal coherence compared to solutions that are not trained
using high-resolution data.

As anticipated, an increase in input resolution did not impact the lip-sync metrics achieved.
Moreover, Wav2Lip once again outperforms our solution in terms of lip-sync metrics. As
demonstrated in our low-resolution implementation, for which a human subjective study was
conducted, we argued that this outcome does not necessarily signify that Wav2Lip produces
results that are more natural and accurate as perceived by a human. This argument primar-
ily stems from the inherent limitations of humans in assessing lip-sync as discussed in Sec-
tion 6.9.5.6.

The significantly improved visual quality achieved by the high-resolution implementation
highlights the urgency for the field to shift from low-resolution data (common inmost existing
solutions) to high-resolution data. We consider this research’s contribution to be a catalyst
for future works, simplifying a major obstacle in this transition Ð making an abundance of
suitable high-resolution data accessible when tackling the ADVD problem.

7.5.2 Qualitative Results

A review of Figures 7.1 and 7.2 reveals that the results produced by ATVG [Chen et al. 2019]
lack naturalness, for reasons mentioned previously. When assessing the results of LipGAN
[KR et al. 2019] andWav2Lip [Prajwal et al. 2020], it becomes clear that both solutions achieve
satisfactory lip-sync levels; however, there is significant room for enhancing visual quality.
Due to the poor visual quality, attributed to the blurry inpainted region, it is easy to identify
the specific area within the scene that has been inpainted. Notably, both solutions apply in-
painting to the entire face of the speaker. We find this design choice unconventional, given
that dubbing exclusively involves morphing the speaker’s mouth region. As a result of in-
painting the whole face, the fine details of the face, such as wrinkles, blemishes, and teeth, are
absent due to the blurriness of the inpainted section. Moreover, a distinct contrast in visual
quality arises between the inpainted face and the surrounding scene, particularly noticeable
along the edges of the speaker’s face, such as the hairline and mouth region. The previously
mentioned unpleasant box effect stems from the blurriness of the face, which unintention-
ally extends to inpaint the background surrounding the speaker’s mouth area (this effect is
particularly illustrated in the zoomed-in regions).

86



W
av
2L
ip

AT
VG

Li
pG

AN
O
ur
s

Whoever steals will be punished to the fullest extent of the law.

Figure 7.1: High resolution qualitative results

Upon assessing the results achieved by our solution, we notice that the unpleasant box-effect
present in the results of LipGAN [KR et al. 2019] and Wav2Lip [Prajwal et al. 2020] has been
successfully eliminated. This is attributed to training the solution with high-resolution data,
prioritizing the visual quality achieved through the design choices made, and due to the in-
novative masked (alpha-blending) inpainting technique applied which precisely inpaints the
speaker’s mouth region. In addition, the solution solely inpaints the lower half of the speaker’s
face and borrows the upper half from the original frame, thus, resulting in significantly more
crisp and vivid outputs compared to other solutions. Since there is no discrepancy between
the upper half and lower half of the speaker’s face (which has been inpainted), this proves that
the solution achieves photorealistic results. This is further showcased by the photorealistic
teeth that the solution achieves. Despite achieving significantly improved visual quality, the
presented solution maintains a high standard of lip-sync accuracy.
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Figure 7.2: High resolution qualitative results (continued). We present additional qualitative
results in video form here.

7.6 Conclusion

This chapter detailed the extension of the existing low-resolution solution to accommodate
high-resolution training data. The discussion began by stating some of the challenges in-
herent in pursuing such an endeavour. We believe that it is due to these challenges that the
field has largely shied away from actively working towards a high-resolution ADVD solution.
Our findings show that the high-resolution solution, trained on the pre-processed AVSpeech
dataset, produces photorealistic dubbed videos. In the following chapter, we delve into the
second way in which we attempt to extend existing ADVD solutions ś by improving their
performance and robustness to non-frontal faces.
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Chapter 8

Towards Pose-Invariant Visual Dubbing

8.1 Introduction

The primary objective of this research is to enhance the performance of ADVD solutions in
terms of visual quality and lip-sync accuracy, while also expanding their capabilities to diverse
settings and applications. The previous chapter discussed the first way in which we attempted
to achieve this by introducing one of the first efforts toward utilizing high-resolution training
data for the ADVD problem. In this chapter, we present the second approach by introducing
the maiden attempt to achieve a pose-invariant ADVD solution.

8.2 Motivation

The pursuit for achieving a pose-invariant ADVD solution stems from the observation that
existing solutions predominantly achieve satisfactory results when dubbing speakers with a
frontal or near-frontal head pose. As the head becomes increasingly non-frontal, the per-
formance of these solutions begins to deteriorate rapidly. Figure 8.1 showcases the results
achieved by existing solutions when attempting to dub non-frontal faces. Evidently, the
biggest aspect that is affected by dubbing non-frontal faces is the lip-sync accuracy which
appears to be vastly impaired. Furthermore, an unpleasant shearing/tearing effect is present
in the results produced byWav2Lip [Prajwal et al. 2020] which gives the mouth region (specif-
ically the teeth) a jagged appearance which reduces the naturalness of the result considerably.

We postulate that the phenomenon discussed above follows as a consequence of existing solu-
tions being solely concerned with optimizing the visual quality and lip-sync accuracy whilst
having little to no consideration for improving the capabilities and applicability of the solu-
tion. Furthermore, we believe that striving toward improving the robustness of ADVD solu-
tions to non-frontal faces would significantly improve their applicability for real-world use
cases. The reason for this is that non-frontal faces are inevitable and it would be unreasonable
to expect all speakers to be in a frontal or near-frontal pose. Due to the significance of actively
improving the performance of ADVD solutions for non-frontal faces, we believe that working
towards addressing this problem would introduce a new research direction to the field.
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Figure 8.1: Results produced by existing solutions when attempting to dub non-frontal faces.

8.3 Challenges

To better understand the challenges posed by non-frontal faces, we start by examining how
humans perceive frontal and near-frontal faces compared to non-frontal faces. When observ-
ing a human face from a frontal or near-frontal viewpoint, all facial attributes, including fa-
cial structure, eyes, and mouth region, are fully exposed and easily discernible. Consequently,
training various face-related solutions on such views becomes straightforward. As the head
pose becomes increasingly non-frontal along the yaw-axis, the view of the speaker’s face be-
comes increasingly obscured, with half of the face self-occluded [Jiang et al. 2021a]. In this
scenario, two options emerge i.e., (1) to rely solely on the partial view of the speaker’s face, or
(2) to adopt a human-like approach that exploits the inherent symmetry of the face to infer the
occluded region [Hu et al. 2008; Dahmane et al. 2015]. While humans possess the innate abil-
ity to utilize facial symmetry to comprehend faces under varied poses, this presents a unique
challenge for computer vision systems [Murphy-Chutorian and Trivedi 2008].

To contextualize the challenge posed by non-frontal faces to computer vision systems, it is
important to note that this issue extends beyond the field of visual dubbing. Non-frontal faces
have presented a longstanding challenge in various other face-related domains, including face
recognition [Huang et al. 2000; Cheung et al. 2008; Ding and Tao 2016], emotion recognition
[Hu et al. 2008; Tariq et al. 2012; Zheng et al. 2015], and lip-reading [Koumparoulis and Potami-
anos 2018; Isobe et al. 2021; Akhter et al. 2022]. To quantify the impact of non-frontal faces
on these solutions, certain face recognition methods [Sengupta et al. 2016] have reported up
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to a 10% decrease in accuracy between frontal and profile face recognition. Notably, these
fields have actively addressed the challenge of non-frontal faces for several years, often em-
ploying face-frontalization methods [Hassner et al. 2015; Yin et al. 2017 2020] to frontalize

the non-frontal faces and to subsequently perform the task to the frontalized faces which has
proven to achieve promising results. This is in sharp contrast to the field of visual dubbing,
where, to the best of our knowledge, no effort has been made to enhance the performance
when dubbing non-frontal faces.

8.4 Problem Formulation

We argue that the aforementioned tactic may not be ideal in the case of visual dubbing as this
would require performing an additional step to rotate the dubbed frontalized face back to the
original non-frontal pose in a photorealistic manner. Conceptually, this procedure can easily
become cumbersome due to the series of intermediate steps required to produce the dubbed
result. From a practical perspective, frontalizing the face would not pose any issues since
face frontalization is an active field of research and secondly, dubbing the frontalized result
would not pose any issues either. Instead, the challenge arises when attempting to rotate the
dubbed frontalized face back to the original non-frontal pose since the alignment with the
original non-frontal face would need to be precise to achieve a photorealistic result, however,
existing solutions are unable to achieve such a level of precision. Furthermore, since the sides
of the dubbed frontalized face are not well exposed, rotating the face back to the original non-
frontal pose exposes these regions which have missing/incorrect facial textures. This process
is illustrated in Figure 8.2.

To shape our approachwhen addressing non-frontal faces, we began by defining the objectives
that the solution should fulfil. Firstly, our approach should avoid a complete redesign of the
existing solution, as such a step could potentially nullify prior contributions. Rather than
straying from the current approach, we aimed to naturally extend it. Secondly, we aimed for
the solution to be effective across the entire spectrum of head poses, spanning along the yaw-
axis (as detailed shortly), encompassing angles within [−90°,+90°]. Lastly, efforts to enhance
robustness to non-frontal faces should not inadvertently compromise the high levels of visual
quality and lip-sync accuracy achieved by the existing solution for frontal and near-frontal
poses.

While the aforementioned frontalization approach may not be directly applicable to visual
dubbing, we appreciate its capacity to eliminate the need for constructing a separate non-
frontal face dataset and the avoidance of a complete redesign of the existing solution to ac-
commodate non-frontal faces. This straightforward yet intuitive solution modifies the nature
of the input data to enhance the solution’s robustness to non-frontal faces. Building upon this
insight, in conjunction with our exploration of the factors limiting existing solutions from
effectively dubbing non-frontal faces, we posit that the suboptimal outcomes achieved by
current methods stem from the nature of the datasets typically employed (e.g., LRS2 [Afouras
et al. 2018a] and VoxCeleb2 [Chung et al. 2018]) when addressing the visual dubbing problem.
Specifically, our analysis reveals a significant bias towards frontal and near-frontal faces in
these datasets, with non-frontal faces being notably underrepresented, as illustrated in Fig-
ure 4.5. Consequently, these findings may explain the satisfactory results that existing solu-
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Original Frame Frontalized Face 
Dubbed

Frontalized Face
Rotated Dubbed
Frontalized Face

Figure 8.2: Illustration showing the process of extending the frontalization approach adopted
by face recognition, emotion recognition, and lip-reading solutions, to visual dubbing. We see
that frontalizing the non-frontal face and dubbing the frontalized face do not pose any issues,
however, we observe that attempting to rotate the dubbed frontalized face back to the original
non-frontal pose is unable to achieve photorealistic results. This follows since we observe an
unpleasant stretching effect along the side of the speaker’s face where the facial texture is
uncertain.

tions achieve when dubbing frontal and near-frontal faces, as well as the poor results achieved
when dubbing non-frontal faces.

In pursuit of addressing the abovementioned data bias, we deduced that, to the best of our
knowledge, a large-scale unconstrained talking-face dataset containing a large proportion
of non-frontal faces to train a pose-invariant ADVD solution does not exist. With regards
to collecting our own dataset, we note that the demand for non-frontal footage is a niche,
primarily being of value for certain cases of research, as well as to clinicians, VFX artists,
forensics experts and police authorities [Anderson 2022]. We refrained from undertaking this
endeavour due to it being a notoriously time-consuming and laborious process [Mattos and
Oliveira 2018; Cheng et al. 2020]. Ideally, we aspired to utilize the abundance of frontal and
near-frontal talking-face footage available to help improve the dubbing performance of our
existing solution to non-frontal faces.

To tackle the data bias mentioned earlier, we drew inspiration from the frontalization ap-
proachmentioned earlier. However, rather than frontalizing non-frontal faces, we approached
the inverse problem. This involves taking a frontal or near-frontal talking-face video and ap-
plying an arbitrary rotation to the head pose to generate a corresponding non-frontal talking-
face video. Essentially, this can be seen as a pose augmentation that is applied to an existing
dataset, synthesizing non-frontal talking-face videos from the vast collection of frontal and
near-frontal talking-face videos at hand. By adopting this approach, the model is required to
learn pose-invariant features to perform visual dubbing.

To contextualize the promise of this approach, Cheng et al. [2020] pose augment their dataset
to perform pose-invariant lip-reading and achieve a 20.64% increase in accuracy compared
to when the pose augmentation is not performed. Performing a pose augmentation obviates
the need to collect our own non-frontal dataset and instead allows for existing large-scale
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unconstrained datasets to be re-purposed. This ensures that any other capabilities of the
solution are not compromised. Furthermore, performing a pose augmentation enables the
head pose distribution of the dataset to be easily manipulated as required. Lastly, since this
approach merely alters the nature of the data exposed to the solution, this precludes any
changes to be made to the existing solution. Broadly speaking, because of this property, the
pose-augmented dataset (or the pose augmentation pipeline itself) may be adopted by other
existing solutions to be made pose-invariant as well.

8.5 Pose Augmentation In Practice

Our criteria for evaluating potential head rotation solutions to pose augment our dataset in-
cluded the capability to (1) rotate the head to extreme angles such as profile views, (2) maintain
computational efficiency, and (3) preserve the speaker’s identity and original mouth move-
ments. Leimkühler and Drettakis [2021] and Richardson et al. [2021] perform head rotation
by projecting frontal images into the disentangled latent space of a pretrained GAN (using
GAN inversion [Xia et al. 2022]), such as StyleGAN [Karras et al. 2019], and manipulating the
latent codes corresponding to the viewpoint. However, the rotational range of this approach
is limited since StyleGAN is predominantly trained on frontal faces. Other solutions utilize
the input 2D RGB data to construct a 3D representation of the speaker’s head which is subse-
quently rotated. Zhou et al. [2020a] proposed one of the first solutions to adopt this approach,
however, the solution is unable to achieve satisfactory results for yaw angles greater than
60°. Recently, numerous solutions [Pan et al. 2020; Zhang et al. 2020] have adopted a photo-
geometric autoencoding [Wu et al. 2020b] which factorizes the input image into its correspond-
ing depth, albedo, viewpoint, and illumination. Since these solutions are online, iterative, and
computationally expensive, they are unsuitable for our purposes.

Based on extensive experimentation, we established that the head rotation method proposed
by Cheng et al. [2020] is the only solution that meets all our criteria. Therefore, this solution
was adopted to pose augment our dataset. Section 2.3.2 presents a comprehensive explanation
of how this head rotation solution works. In summary, head rotation is performed through
3DMM fitting [Blanz and Vetter 1999] and defining a set of key points at which depth is com-
puted. The depth information is then triangulated using the Delaunay algorithm [Lee and
Schachter 1980] to construct a 3D facial structure that is rotated to produce the non-frontal
result. An additional property that makes this solution particularly suitable for our use case
is that the solution is speaker independent i.e., the solution does not require an abundance
of footage of the speaker to accurately reconstruct their identity. Instead, the solution acts
on each frame independently and may be employed on a frame-by-frame basis to produce a
resulting non-frontal video. Furthermore, the solution achieves photorealistic results whilst
preserving the speaker’s identity and original mouth shapes, despite allowing rotations along
the pitch, yaw, and roll axes up to extreme poses. Figure 8.3 showcases the photorealistic
results achieved when incrementally rotating the speaker’s face along the yaw axis up to
extreme (profile) views. Lastly, the solution preserves the speaker’s background which signif-
icantly improves the naturalness of the result produced.
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Figure 8.3: Illustration showcasing the capabilities of the head rotation solution [Cheng et al.
2020] that we adopt to pose augment our dataset. We see that the solution is able to rotate
the head up to profile-view (±90°) whilst preserving the speaker’s identity mouth shape, and
background, thus, achieving photorealistic results.

8.6 Proposed Solution

Given our understanding of what makes pose augmentation the most suitable solution for
our needs, along with the rationale of how the pose augmentation works, we now explain
how we configure and perform pose augmentation to achieve optimal results. We begin by
establishing the scope of our solution in that we only aim to improve the robustness to non-
frontal rotated along the yaw axis. This follows since head rotations along the yaw axis are
the most common in real-world videos, and the yaw axis is the axis along which the head pose
varies the most. When surveying the literature pertaining to other facial-related applications
e.g., face recognition [Huang et al. 2000; Cheung et al. 2008; Ding and Tao 2016], emotion
recognition [Hu et al. 2008; Tariq et al. 2012; Zheng et al. 2015] and lip-reading [Koumparoulis
and Potamianos 2018; Isobe et al. 2021; Akhter et al. 2022], we noticed the lack of consensus
as to what should be considered as a frontal, near frontal, and non-frontal face. In an attempt
to reduce the ambiguity of these subjective terms, we consider a head pose to be:

• Frontal: if the yaw angle resides within the range [−5°,+5°]

• Near frontal: if the yaw angle resides within the range [−25°,−5°) ∪ (+5°,+25°]

• Non-frontal: If the yaw angle resides within the range [−90°,−25°) ∪ (+25°,+90°]

When pose augmenting the dataset, it is crucial to determine which videos should undergo
augmentation, as it is unnecessary to augment every single video. Additionally, a means of
classifying each video as either frontal, near-frontal, or non-frontal, is required, considering
that the speaker’s head pose may vary rapidly within a short period of time. To achieve this,
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head pose estimation [Guo et al. 2018] is performed where each frame is classified based on the
estimated yaw angles and pose intervals defined previously. Ultimately, the video is classified
based on the majority class of its frames.

We refrain from performing pose augmentation to frontal videos due to the limited visibility
of the face’s sides in such poses. Rotating the head to a non-frontal pose could expose areas
with missing or incorrect facial textures [Cheng et al. 2020; Zhou et al. 2020a]. Therefore,
only near-frontal talking-face videos were considered for pose augmentation. Additionally,
pose augmentation was applied to these videos with a 50% probability to ensure that not all
near-frontal videos underwent this process. When a video requires pose augmentation, the
yaw angle of the first frame is estimated and denoted as 𝛾 . If 𝛾 ∈ [−90°, 0°), indicating that the
speaker’s head is turned to the right, a target yaw angle is uniformly sampled from the range
[−90°, 𝛾°] to which the head is rotated. On the other hand, if 𝛾 ∈ [0°,+90°], indicating that the
speaker’s head is turned to the left, a target yaw angle within the range [𝛾°,+90°] is uniformly
sampled. Although the target yaw angle is uniformly sampled, it is possible to prioritize a
specific range of head poses by adjusting the sampling strategy as needed.

The approach taken ensures that the head pose is rotated further only in the direction it is
currently facing. Sampling a target head pose outside the specified ranges would result in a
rotation in the opposite direction, thereby exposing self-occluded regions with missing facial
textures. By utilizing the initial head pose 𝛾 and the target head pose, we calculate Δy, which
represents the number of degrees that the head needs to be rotated. The resulting non-frontal
video is generated by rotating the head pose of each frame by Δy°, thereby preserving the
speaker’s relative head motion and improving the naturalness of the produced result.

Similar to our initial implementation (explained in Chapter 4, Section 5.2, and Section 6.4), we
employ the LRS2 dataset [Afouras et al. 2018a] for all experiments. This choice is motivated
by our objective to demonstrate the proof of concept for achieving a pose-invariant ADVD so-
lution through pose augmentation. Performing such experiments using high-resolution data
would be impractical due to the challenges outlined in Section 7.3, which would be further
compounded by pose augmentation. Consequently, we postpone this endeavour to future
work, as discussed in Section 10.2.2. Essentially, the pose-invariant solution presented here
is trained by modifying the nature of the training data, while keeping all other aspects un-
changed, such as input representations, network architecture, and training hyperparameters.
Figure 8.4 illustrates the impact of pose augmentation on the yaw head pose distribution of
the LRS2 (train) dataset.

8.7 Evaluation

The only modification made to the existing solution to achieve pose invariance is the alter-
ation of the training data’s nature. Accordingly, the same evaluation procedure detailed in
Section 6.9 is followed. Our objective was to assess the solution’s effectiveness across a broad
spectrum of head poses, necessitating careful consideration of the evaluation dataset. In ad-
dition to the desired data properties outlined in Section 4.2, we introduce an additional re-
quirement i.e., the inclusion of talking-face footage showcasing a diverse range of head poses.
Throughout our investigation, we explored several prospective datasets, including those by
Anina et al. [2015], Wang et al. [2020], Zhang and Fisher [2019], and Abdrakhmanova et
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Yaw Head Pose Distribution - Original LRS2 Train Partition
Yaw Head Pose Distribution - Pose Augmented LRS2 Train

Partition

Figure 8.4: Illustration showing the impact that the pose augmentation has on the yaw head
pose distribution of the LRS2 (train) dataset. Evidently, the original dataset is biased toward
frontal and near-frontal faces, whereas non-frontal faces are under-represented. In contrast,
the pose augmentation increases the exposure to non-frontal footage considerably. Further-
more, since the target head pose is uniformly sampled, the exposure to all non-frontal yaw
angles is uniform (with approximately 15K frames for each angle).

al. [2021]. Unfortunately, none of these datasets managed to achieve a satisfactory balance
among the sought-after data properties. Ultimately, our inquiry led us to the conclusion that
the LRS2 test dataset [Afouras et al. 2018a] offers the most favourable compromise. Due to
the dataset’s limited representation of non-frontal head poses, we adapted our quantitative
analysis approach to provide a detailed assessment of each solution’s performance as the head
pose becomes increasingly non-frontal.

8.7.1 Quantitative Results

For significantly improved readability, we present the quantitative results of the pose-invariant
solution in Table A.2 (in Appendix A.3), dissecting the performance of each solution across
the range of [−90°, +90°] in 10° intervals. Each solution maintains its relative ranking in terms
of visual quality and lip-sync accuracy, similar to the findings presented in Chapter 6. This
becomes most evident when analyzing the results obtained in the simplest case, i.e., when the
face is frontal. This outcome implies that, as before, the visual quality and lip-sync accuracy
of ATVG [Chen et al. 2019] are much worse than LipGAN [KR et al. 2019]. Likewise, Lip-
GAN achieves comparable measures of visual quality but exhibits reduced levels of lip-sync
accuracy compared to Wav2Lip [Prajwal et al. 2020]. Lastly, the presented solution achieves
superiormeasures of visual quality, whereasWav2Lipmaintains superiormeasures of lip-sync
accuracy, as observed previously.

In addition to evaluating the overall performance of each solution, we are particularly inter-
ested in tracking the evolution of their performance as the head becomes increasingly non-
frontal. Firstly, we notice that as the head transitions from a frontal to a non-frontal pose, the
rate of degradation in performance is similar, regardless of whether the rotation is to the left
or right.
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Choose any number and do not show it to me.

Figure 8.5: Head rotation qualitative results.

Now delving deeper, Table 8.1 presents the difference in performance (as a percentage) be-
tween the metrics achieved for frontal faces, to those achieved for non-frontal faces (specif-
ically, faces rotated 80°+ to the right). A negative measure indicates a decrease in the metric
when transitioning from a frontal to a non-frontal pose, whereas a positive value denotes an
increase in the metric.

Solution/Metric SSIM (%) CPBD (%) FVD (%) LS-Conf. (%) LS-Dist. (%)

ATVG
[Chen et al. 2019]

−15.90 −22.89 +138.27 −12.02 +6.78

LipGAN
[KR et al. 2019]

−8.65 −20.67 +151.52 −35.52 +11.33

Wav2Lip
[Prajwal et al. 2020]

−8.21 −𝟏𝟓.𝟓𝟐 +113.59 −8.65 +4.83

Our Solution −𝟒.𝟐𝟖 −24.19 +𝟑𝟑.𝟗𝟕 −𝟐.𝟗𝟎 +𝟏.𝟑𝟔

Table 8.1: Table showing the evolution of each metric as the head pose transitions from a
frontal to a non-frontal pose.
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He made every possible sacrifice.

Figure 8.6: Head rotation qualitative results (continued). We present additional qualitative
results in video form here.

The results presented above indicate that ATVG [Chen et al. 2019] experiences the most pro-
nounced performance degradation, followed by LipGAN [KR et al. 2019], and then Wav2Lip
[Prajwal et al. 2020], as the head becomes increasingly non-frontal. Furthermore, these results
suggest that, unlike prior solutions that face substantial performance decline, the presented
solution encounters a less severe impact. This suggests that the presented solution is notably
more resilient to diverse head poses, thus, showcasing the efficacy of pose augmenting the
training data to improve the solution’s robustness to non-frontal faces.

8.7.2 Qualitative Results

Figures 8.5 and 8.6 showcase the results obtained from each comparative solution when dub-
bing extreme non-frontal (profile) faces. In addition to the extensively discussed limitations
of the ATVG solution [Chen et al. 2019] outlined in previous chapters, a significant misalign-
ment issue is evident in the results produced, with each output displaying an unusual tilt. We
hypothesize that this anomaly stems from the solution’s reliance on landmarks, a challenging
task when estimating landmarks for profile faces due to self-occlusion. Regarding lip-sync ac-
curacy, it is apparent that the solution faces considerable difficulty, as evidenced by the static
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appearance of rigid mouth movements. Upon analyzing the outcomes achieved by LipGAN
[KR et al. 2019] and Wav2Lip [Prajwal et al. 2020], especially in Figure 8.6, LipGAN produces
unnatural mouth movements. This limitation potentially arises from uncertainties when de-
termining the appropriate mouth shape based on the input dubbing audio. Moreover, there
is an apparent increase in blur for both solutions. Due to the surface area of the speaker’s
mouth region being reduced for non-frontal faces, as well as the increase in blur, both so-
lutions appear to blur the speaker’s mouth with the rest of the speaker’s face, especially for
bilabial utterances. In contrast, our solution maintains an impressive level of visual quality,
preserving intricate details (e.g., facial imperfections and teeth) that other methods fail to cap-
ture. Furthermore, a coherent synchronization between the speaker’s mouth movements and
the spoken phrase is observed, suggesting that the lip-sync accuracy of our solution does not
deteriorate as rapidly compared to alternative methods.

8.8 Conclusion

This chapter presented our strategy for developing the first pose-invariant ADVD solution.
In summary, the nature of the datasets typically used when addressing the ADVD problem
was identified as the root cause of the poor results achieved by existing solutions when dub-
bing non-frontal faces. This issue was addressed by pose augmenting the training dataset to
synthesize talking-face footage at arbitrary head poses whilst leveraging the abundance of
frontal and near-frontal talking-face footage available. Results showed that doing so signif-
icantly reduces the rate of degradation of our solution’s performance as the head becomes
increasingly non-frontal. The following chapter discusses the ethical considerations of this
research, as well as its numerous real-world applications.
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Chapter 9

Applications & Ethics

9.1 Introduction

As stated throughout this document, the presented solution attempts to address the ADVD
problem which pertains to employing input dubbing audio to drive (morph) the speaker’s
mouth movements in the input talking-face video. Furthermore, the goal is to give the viewer
the impression that the speaker is genuinely uttering the dubbing content whereas this is not
the case in reality. Taking the nature of this problem into account, it is crucial to consider the
ethical implications of our contribution and in turn, to minimize the probability of it being
exploited for malicious purposes. Therefore, this chapter is dedicated to discussing the ethical
implications of the presented solution, along with an overview of its numerous real-world
applications.

9.2 The Issues of Deepfakes

Upon inspecting the nature and philosophy of the presented solution, the dubbed videos pro-
duced may be considered as a form of deepfake. Here, we define a deepfake as:

A form of digital media that has been synthesized using deep-learning technology

with the intention of warping a person’s demeanour, such as their voice, appearance,

utterances, etc., in a realistic manner.

Since its emergence in 2017 [Somers 2020], the term deepfake has been associated with a
strong negative connotation, stemming from numerous instances in which the technology
has been exploited for malicious purposes [Kendja 2021; Finger 2022; Jaiman 2023]. Given
that the dubbed videos produced by our solution could be considered as a form of deepfake,
it is imperative to impartially evaluate the ethical considerations of both deepfakes and, by
extension, our presented solution. This involves conducting a comprehensive exploration of
their positive and negative applications. Through this examination, our goals are two-fold
i.e., (1) to determine the extent to which concerns about their misuse are warranted, and (2)
to emphasize that we are not oblivious to the potential misuse of our solution. Our assessment
begins by mentioning some of the ways in which deepfakes have been used malevolently in
the past.
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9.2.1 The Synthesis of Non-Consensual Pornographic Content

One of the earliest reported instances of deepfakes involved the creation of non-consensual
pornographic content by overlaying the faces of prominent female public figures, including
celebrities, onto pornographic material [Newton and Stanfill 2020]. This act is often carried
out without the victim’s knowledge or consent, aiming to inflict psychological harm through
defamation, humiliation, blackmail, and other means, potentially resulting in severe ethical,
societal, and financial repercussions [Gosse and Burkell 2020]. Notably, a significant portion
of online deepfakes, approximately 96%, manifest as non-consensual pornographic content
[Zeng and Olivera-Cintrón 2019].

9.2.2 Impersonation Attacks

In the realm of audio deepfakes, voice-cloning techniques have recently been leveraged for
fraudulent activities [Amezaga and Hajek 2022; Veerasamy and Pieterse 2022]. As a notable
instance, Brewster [2021] shows that in 2020, attackers successfully cloned the voice of a
prominent banking client which they exploited to authorize a bank transfer to their account.
As a consequence of the high fidelity of the audio which led to the bank authorizing the trans-
action, this sophisticated attack ultimately led to the bank being defrauded for $35 million.
Within the visual domain, deepfakes have been used to spoof biometric systems such as facial
recognition and liveness detection systems [Wojewidka 2020].

9.2.3 The Spread of Misinformation

Numerous solutions akin to ours have been utilized to create deepfakes of individuals, often
targeting celebrities, business leaders, or politicians, portraying them engaging in actions or
uttering statements that never occurred in reality. To help put the severity of this concern into
perspective, it is essential to consider the potential impact of deepfakes on significant events
such as presidential elections [Diakopoulos and Johnson 2021]. This scenario could involve
an individual crafting a deepfake of a candidate, falsely attributing fabricated or offensive
content to them with the intent of tarnishing their image [Vaccari and Chadwick 2020]. As a
consequence of the division, distrust, and confusion that this may cause the population, this
may lead to mass protests, violence, and the public undermining the credibility of presidential
elections and the media in general [Ireton and Posetti 2018]. Furthermore, as a consequence
of the high fidelity of deepfakes that are indistinguishable from real content, this may permit
an individual to falsify the validity of any (audio or video-based) evidence held against them
for potential misconduct on the basis of fake news.

9.3 Positive Use-Cases of Deepfakes

The discussion presented above explains some of theways inwhich deepfakesmay beweaponized
for malicious purposes and also highlights the detrimental consequences that may follow. In
turn, this discussion emphasizes the importance of ensuring that deepfakes are used ethically.
We believe that the media has been instrumental in educating the general public on the neg-
ative use cases of deepfakes, however, we now discuss an aspect that is underrepresented in
the mainstream media i.e., the positive use cases of deepfakes. Below, we summarize a hand-
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ful of positive use cases of deepfakes with a specific emphasis on the use cases of our ADVD
solution.

9.3.1 Voice-Cloning for Voice Restoration

In cases in which an individual has lost their voice due to an illness such as cerebral palsy,
Amyotrophic Lateral Sclerosis (ALS), etc., voice-cloning techniques have been employed in
an attempt to łrestorež the individual’s voice [Meskys et al. 2020]. Specifically, as opposed
to settling for text-to-speech (TTS) services which offer generic computer-generated voices,
companies such as CereProc7 instead clone the voice of a voice donor that aligns with the
personality of the individual that has lost their voice. It is believed that the act of łrestor-
ingž voices plays an integral role in which the individual communicates since voice may be
considered as a cornerstone of an individual’s identity [Belin et al. 2011]. Furthermore, if the
individual were to settle for a computer-generated voice, the misalignment between the voice
and their personality would make for an alienating experience.

9.3.2 Positive Use-Cases of Visual Dubbing Solutions

9.3.2.1 Localization of Video Content

The primary objective of our presented solution is to improve the manner in which foreign
video content such as movies, television programmes, YouTube videos, etc. are localized i.e.,
made comprehensible to the local audience. This follows since we find it shameful that videos
have been localized using the same techniques introduced several decades ago i.e., subtitling
and audio dubbing [Tveit 2009]. In contrast to these methods, visual dubbing attempts to
revolutionize the localization process by using the dubbing audio to reenact the speaker’s
mouth movements which mitigates the shortcomings of traditional methods.

We aspire for visual dubbing solutions to be widely adopted by video-streaming services
such as Netflix, Disney+, YouTube, etc. This follows since the enhanced viewing experience
achieved by visual dubbing is expected to increase viewership. Furthermore, following the
monumental success of foreign productions such as Squid Game and Narcos amongst many
others, viewers have recently been acquainted with the immense potential of foreign con-
tent [Emmys 2022; IDMb 2022]. As a result, the significantly improved viewing experience
achieved is expected to make foreign content equally as appealing as native content, conse-
quently broadening the viewer’s scope of video content consumed. Reflexively, this is ex-
pected to also broaden the audience to which video content is consumed as opposed to being
confined to the audience that is familiar with the language in which the video is originally
presented. To the best of our knowledge, Flawless AI 8 is the only commercially available vi-
sual dubbing solution, however, there exists a plethora of solutions that instead automatically
produces the dubbed audio without dubbing the speaker’s mouth movements.

7https://www.cereproc.com/en/LeeRidley
8https://www.flawlessai.com/
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9.3.3 Multilingual Advertising Campaigns

As a notable application of deepfakes, a health charity recently partneredwith David Beckham
as part of the Malaria No More campaign [De Ruiter 2021]. In the broadcasted video9, David
Beckham appears to speak and seamlessly transition between 9 different languages including
Hindi, French, and Mandarin amongst many others. To produce this video, David Beckham’s
voice was cloned to produce the dubbed audio segments which were subsequently used to
dub his mouth movements. Taking this exceptional application of audio and video deepfake
techniques into account, we identify 2 major takeaways - Firstly, the resulting video success-
fully captivates the viewer’s attention and in turn, effectively conveys the message to viewers.
Secondly, the use of deepfake techniques reduces the production costs and time required sub-
stantially in comparison to using traditional methods. Specifically, as opposed to recording
the video once and being able to dub the video to any desired language, this would otherwise
have required David to learn the script in 9 languages, thus, necessitating considerably more
recordings to be conducted.

9.3.4 Teleconferencing

As a consequence of the COVID-19 pandemic, most social interactions were migrated to tele-
conferencing platforms [Wong et al. 2021]. Unfortunately, in regions with sparse internet
connectivity, even a simple audio-visual call would pose a challenge due to the high internet
requirements. Under certain circumstances, preserving the video stream may be mandatory
especially since the level of engagement is significantly higher in the case of audio-visual in-
teractions compared to audio-only interactions [Heath et al. 1997; Richardson et al. 2020]. To
remediate this issue, visual dubbing may be performed as a form of video compression [Zhou
et al. 2020b; Doukas et al. 2021] i.e., as opposed to having a real-time/live video stream, the
video stream may be periodically sampled (e.g., every 5 seconds) and the speaker’s mouth
movements in the sampled frame can be dubbed according to the audio stream. By adopting
this approach, we expect to achieve a tolerable audio-visual experience whilst reducing the
internet requirements immensely.

9.3.5 Digital Avatars

Following the emergence of virtual assistants such as Siri, Cortana, Google Assistant, etc.,
which play an integral role in user experience, it may be argued that this experience may be
enhanced if we were to augment a visual component to them [Thies et al. 2020]. For instance,
a user may wish to assign a face to the virtual assistant’s voice and as mentioned previously,
the level of engagement is considerably higher for audio-visual interactions in comparison
to audio-only interactions [Heath et al. 1997; Richardson et al. 2020]. Allowing the user to
select a digital avatar for their virtual assistant and dubbing the mouth region with respect
to the audio stream, is expected to improve the naturalness and overall experience of virtual
assistants. An additional, yet futuristic, application of visual dubbing is to dub digital avatars
in the metaverse to achieve a more realistic experience. This endeavour is currently being

9https://youtu.be/QiiSAvKJIHo
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explored by Nvidia using theirAudio2Face solution10, however, the lip-sync accuracy achieved
is not yet satisfactory.

9.4 The Ethics of Deepfakes

Based on our discussion of both views regarding the use of deepfakes, it is evident that there
exist myriad positive use cases for deepfakes (and our solution). Therefore, it is irrational
to deem deepfakes as inherently morally wrong just because they have the potential to be
exploited for malicious purposes. Consequently, it is crucial that we take appropriate mea-
sures to minimize the probability of our visual dubbing solution being exploited for nefarious
purposes. We are also aware that determining the ethics of deepfakes has been notoriously
challenging since their inception, and we believe that their ethics should be considered on
an application-specific basis. In summary, we believe that the ethics of deepfakes (and by
extension, our solution) should be determined based on the following three factors:

9.4.1 Accessibility

We postulate that determining the ethics of deepfakes is primarily based on the users to whom
deepfake synthesis solutions are made accessible to. Moreover, the numerous instances of
deepfakes being exploited for malicious purposes may be attributed to making such powerful
technology readily available to the general public. This poses a major concern since the gen-
eral public is not fully aware of the potential dangers and severe repercussions that may follow
when synthesizing deepfakes in an uninformed manner. This issue is further exacerbated by
the fact that, in comparison to PhotoShop which requires some level of skill, deepfakes are far
more straightforward to produce [Malhi 2022; Kempen 2022]. Consequently, we argue that to
a great extent, the misuse of deepfakes can be reduced substantially by solely granting access
to individuals that are expected to be sufficiently aware of the responsibilities when working
with deepfakes, such as academics, industry professionals, etc.

9.4.2 Intention

In the case in which access to deepfake synthesis solutions is unrestricted, it is crucial also
consider the user’s intention for synthesizing deepfakes. As detailed previously, malicious
users may intend on defaming or humiliating an individual as in the case of non-consensual
pornography, or instigating mayhem during a political campaign which could result in mass
protests and violence. In contrast, numerous users have also proven to use deepfakes with
benign intentions, such as:

9.4.2.1 Raising Awareness

As an infamous example, BuzzFeed11used the idiosyncrasies of comedian Jordan Peele to syn-
thesize a deepfake of Barack Obama making out-of-character statements. An additional ex-

10https://www.nvidia.com/en-us/omniverse/apps/audio2face/
11https://youtu.be/cQ54GDm1eL0

104

https://www.nvidia.com/en-us/omniverse/apps/audio2face/
https://youtu.be/cQ54GDm1eL0


ample is Deep Tom12 which synthesizes deepfakes of Tom Cruise for entertainment purposes
whilst also raising awareness of the immense potential of deepfake technology. In such cases,
the context is known, and the videos are clearly marked as fake/synthesized to prevent caus-
ing distress to the public.

9.4.2.2 Video Localization

Video localization methods attempt to address the language barrier inherent in the consump-
tion of video content. This is achieved through devising ways of making video content origi-
nally presented in a foreign language, understandable to a local audience.

We hypothesize that the decline in negative use-cases and the promotion of positive/benign
use-cases of deepfakes naturally follows as a consequence of the manner in which access to
deepfake synthesis solutions is regulated as stated previously.

9.4.3 Consent

The final aspect that we consider when determining the ethics of deepfakes is that of consent.
Since the process of synthesizing deepfakes is performed as a post-processing step to exist-
ing media, the individual(s) present in the deepfake may be unaware, thus, would not grant
consent, to their content being manipulated without their knowledge. Alternatively, the in-
dividual may decline to grant consent due to the manner in which the synthesized deepfake
portrays them [De Ruiter 2021].

In summary, we make the apt comparison between the use of deepfakes and medicinal drugs
ś when made accessible to those who genuinely require access, used by individuals with the
correct intention, and with the necessary consent granted, both have an immensely positive
impact on society. Conversely, when any of the 3 aforementioned requirements are not satis-
fied, this may lead to devastating consequences.

9.5 Preventative Measures

To establish the impact that our solution has on the field of visual dubbing solutions and
how these solutions are utilized, we begin by noting that our solution does not exacerbate
the misuse of deepfakes in any way. This follows due to the numerous publicly available
solutions [Chung et al. 2017; KR et al. 2019; Prajwal et al. 2020] already in existence. In an
attempt to minimize the likelihood of our solution being exploited for malicious purposes, we
may consider releasing our code and models on a licence basis in which the applicant would
be subject to an exhaustive screening process. In doing so, we are able to establish the role
and intentions of the applicant and secondly, we restrict access to only academics, industry
professionals, etc. i.e., preventing access by the general public. The rationale for wanting our
solution to be accessible (albeit, to a minor degree) follows since we aspire for our solution to
be a significant research contribution toward improving the visual quality, lip-sync accuracy

12https://www.tiktok.com/@deeptomcruise?lang=en
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and generalizability of ADVD solutions. Furthermore, this also improves the transparency of
our contribution which allows for the true capabilities of our solution to be easily established.

As an additional preventative measure, we may also consider embossing a translucent wa-
termark onto all results produced by our solution. This is expected to make it easier for the
untrained eye to establish that the result is synthesized whilst clearly showcasing the true
capabilities of our solution. We believe that we adopt a significantly more proactive stance
toward combating the misuse of deepfakes compared to the majority of existing solutions.
Specifically, numerous solutions [KR et al. 2019; Prajwal et al. 2020] simply encourage that all
results should be clearly and unambiguously labelled as synthesized. We do not consider this
to be a sufficiently effective measure since it would be virtually impossible to enforce such a
requirement in reality.

9.6 Conclusion

In this chapter, we debated the ethics of deepfakes and by extension, the ethics of our pre-
sented solution. This was achieved by taking cognizance of the pros and cons of deepfakes,
after which we defined an outline based on which we believe the ethics of deepfakes (and by
extension, our solution) should be determined. Furthermore, we discussed the several preven-
tative measures that we may take to ensure that the likelihood of our solution being exploited
for malicious purposes is minimized. The following chapter discusses the future work of our
solution as to how it may be extended and improved on.
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Chapter 10

Conclusions & Future Work

10.1 Introduction

The preceding chapter addressed the ethical aspects of the presented solution. This chap-
ter commences by outlining the potential future directions for this research. These include
validating our hypothesis that Wav2Lip achieves imperceptible levels of lip-sync accuracy
to humans, thus strengthening the analysis presented in Section 6.9. Moreover, we aim to
consolidate all our contributions into a high-resolution pose-invariant ADVD solution, and
to explore the broader challenge of addressing the complete dubbing problem. Finally, the
conclusion section in Section 10.3 provides a summary of the salient points discussed in this
document.

10.2 Future Work

10.2.1 To InvestigateWhetherWav2Lip [Prajwal et al. 2020] Achieves

Levels of Lip-Sync Accuracy That Are Imperceptible to Hu-

mans

As shown in Section 6.9, the presented solution achieves superior visual quality metrics, while
Wav2Lip [Prajwal et al. 2020] outperforms in terms of lip-sync metrics. Despite our solution
achieving significantly lower measures of lip-sync accuracy compared toWav2Lip, the human
subjective study revealed that our solution achieves measures of lip-sync accuracy that is on
par with Wav2Lip as perceived by humans. Recall that humans are considered the supreme
evaluators when assessing dubbed videos since videos are dubbed for the viewing pleasure
of humans [KR et al. 2019]. Furthermore, some works [Zhou et al. 2021] have shown that in
some cases, Wav2Lip achieves higher lip-sync metrics than ground-truth data. Taking these
points into account, we hypothesize that Wav2Lip tends to over-optimize the lip-sync metrics
achieved beyond what can be perceived by humans. As shown by Chung and Zisserman
[2016b]; ITU [1998], the threshold for detecting sync errors by an average human viewer is
approximately -125ms (the audio lags the video) to +45ms (the audio leads the video).
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We believe that, by over-optimizing the lip-sync beyond what can be perceived by humans,
this results in an unnecessary deterioration in visual quality due to the trade-off between
visual quality and lip-sync accuracy when addressing the ADVD problem [Prajwal et al. 2020].
To test this notion, we propose using the AV offset measure produced by SyncNet [Chung and
Zisserman 2016b]. This measure could then be thresholded (employing the aforementioned
human thresholds) to quantify the number of videos achieving an AV offset imperceptible to
humans. In doing so, we gain an intuition as to how to prevent the lip-sync accuracy from
being overoptimized at the expense of the visual quality achieved.

10.2.2 High-Resolution Pose-Invariant Visual Dubbing

As shown throughout this document, the presented solution advances the field of visual dub-
bing along several axes. This is achieved by improving the visual quality and lip-sync accuracy
achieved (Chapter 5 and Chapter 6), presenting one of the first high-resolution ADVD solu-
tions (Chapter 7), and presenting the first pose-invariant ADVD solution (Chapter 8). Note
that each of these efforts was pursued independently, therefore, it is desirable to culminate
these efforts to develop a high-resolution pose-invariant ADVD solution. As discussed in
Section 7.3, undertaking such an endeavour would entail attaining an appropriate dataset,
and gaining access to sufficient computing resources and as a result, training such a solution
would be a time-consuming process. Specifically, this would require pose-augmenting the
AVSpeech dataset [Ephrat et al. 2018] which would be a time-consuming process, and the
immense computing resources required to train such a solution would make obtaining them
even more challenging. By succeeding in training such a solution, this is expected to (1) el-
evate the benchmark for visual dubbing solutions, (2) introduce a new research direction to
the field, and (3) significantly improve the applicability and efficacy of ADVD solutions for
real-world applications.

10.2.3 Automatic Dubbing

When considering the origins of the input dubbing audio used to drive any ADVD solution,
we realize that it is still produced using the traditional audio dubbing process. This process
is typically performed when professionally dubbing movies, television programs, etc., which
entails transcribing the video, translating the transcription to the desired language, and hiring
professional dubbing artists to perform several recordings [Chaume 2020b]. Evidently, this
process involves a great deal of human intervention, thus, rendering the process to be time-
consuming and laborious which in turn, hinders the scalability of these solutions.

To facilitate the wider adoption of visual dubbing solutions, especially by video streaming
platforms such as YouTube, Netflix, and Amazon Prime, substantial improvements in the au-
tomation of these solutions are essential. To achieve this, the reliance on input dubbing audio
should be severed and instead, dubbing should be performed by solely relying on the input
video (to be dubbed) and specifying the target language to which the input video should be
dubbed, thus, attaining a comprehensive dubbing solution. Implementing such a solution in
practice would involve transcribing the video using Automatic Speech Recognition (ASR) [Yu
and Deng 2016], translating the transcription to the target language using Neural Machine
Translation (NMT) [Stahlberg 2020], and utilizing Text-To-Speech (TTS) technology [Wang
et al. 2017] to generate the dubbing audio. Some solutions [KR et al. 2019] go even further
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in enhancing the viewing experience by replicating the speaker’s voice, providing a more
authentic impression that the speaker is delivering the dubbing audio.

10.3 Conclusion

Video-based content has proven to be one of themost effective ways of conveying information
to a broad audience in an engaging manner, surpassing other forms of media such as images,
audio, and text. This effectiveness is largely due to their bi-modal nature, which simultane-
ously stimulates the viewer’s auditory and visual systems. In recent years, the production and
consumption has grown exponentially following the advent of video-based platforms such as
YouTube, Netflix, and TikTok amongst many others. Despite this surge, it is unfortunate
that a video may only be fully comprehended by the audience that is familiar with the spo-
ken language, thus, forming a language barrier. Due to the significance of addressing this
issue, subtitling and audio-dubbing have emerged as the two most widely-adopted solutions
for addressing this problem in recent decades, however, each is notorious for conducing an
unpleasant viewing experience in its own regard.

Following an extensive survey of the literature, we identified audio-driven visual dubbing
(ADVD) as the most promising path to pursue which accepts a talking-face video, along with
dubbing audio, as inputs and produces a dubbed result in which the speaker’s mouth move-
ments are manipulated to appear as if the speaker is uttering the dubbing content. Despite
the existence of numerous ADVD solutions, these solutions primarily focus on optimizing
the visual quality and lip-sync accuracy achieved with little to no regard for expanding the
capabilities and applicability of these solutions. We argue that the true potential of ADVD
solutions may only be realized and subject to widespread adoption for real-world applica-
tions once these aspects are improved significantly. This naturally led to the improvement of
ADVD solutions becoming the central focus of this research.

Since we believed that there was still much improvement to be made with regard to the visual
quality and lip-sync accuracy achieved, we began by attempting to optimize these metrics.
This was achieved by employing a deep-residual U-Net generator, along with a pre-trained
lip-sync discriminator composed of R(2+1)D spatiotemporal blocks. Our results show that
the presented lip-sync discriminator achieves a 91% off-sync detection accuracy on the LRS2
dataset compared to the 81% achieved by Wav2Lip. Furthermore, quantitative and qualitative
analyses, as well as a human subjective study, revealed that the presented solution achieves
superior visual quality whilst achieving high measures of lip-sync accuracy as well.

Upon extensively analyzing several ADVD solutions, it was discovered that the majority of
solutions were trained with an input resolution no larger than 120 × 120, despite real-world
videos typically being of much higher resolution. The consequence of this vast discrepancy in
resolution becomes evident upon reviewing the results achieved by these solutionswhich tend
to exhibit an unpleasant box effect in the speaker’s mouth region due to the reduced visual
quality achieved. In response, we first developed a comprehensive data-cleaning pipeline to
transform the AVSpeech dataset into a form that is suitable for addressing the ADVD problem.
By utilizing the pre-processed dataset and amending the solution to ingest inputs with size
192 × 192, we have shown to increase the SSIM by 9.88%, the CPBD by 98 and decrease the
FVD by 70% compared to the next best solution i.e., Wav2Lip.
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The second way in which we attempted to extend the capabilities of ADVD solutions fol-
lowed from the observation that the majority of solutions achieve satisfactory results when
dubbing frontal and near-frontal faces, however, the performance of these solutions deteri-
orates rapidly as the head becomes increasingly non-frontal along the yaw-axis. Our analy-
sis revealed that the deterioration in performance follows as a consequence of the nature of
the datasets typically used when addressing the ADVD problem which predominantly con-
tains frontal and near-frontal faces whereas non-frontal faces are under-represented. Since
a suitable dataset containing a vast diversity of head poses was not available, we resorted
to performing a pose augmentation which synthesizes talking-face videos at arbitrary head
poses whilst leveraging the abundance of frontal and near-frontal footage available. Our re-
sults revealed that training the solution on the pose augmented data significantly reduced the
rate of deterioration in performance compared to other state-of-the-art solutions as the head
becomes increasingly non-frontal.

We deem our research efforts towards improving the capabilities and applicability of ADVD
solutions to be a success. This verdict is based on the significantly improved visual quality and
lip-sync accuracy achieved while increasing the resolution of the training data employed, as
well as improving the robustness when dubbing non-frontal faces. In addition, we strongly be-
lieve that the data-cleaning pipeline introducedwill catalyze the rate of advancementsmade in
fields previously hindered by the lack of high-quality audio-visual data. Lastly, we believe that
our contributions will inspire future works to also strive toward expanding the capabilities
and applicability of ADVD solutions which will ultimately lead to the widespread adoption
of ADVD solutions for real-world applications.
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Appendix A

Appendix

A.1 Audio Hyperparameters

We use the same audio hyperparameters for our lip-sync discriminator and generator net-
works. Our selection of audio hyperparameters are primarily inspired by state-of-the-art
speech-based solutions DeepVoice3 [Ping et al. 2017] and Tacotron2 [Shen et al. 2018].

Hyperparameter Value Description

n_fft 800 Length of FFT window.

hop_size 200 Length of hop between STFT windows.

num_mels 80 Number of mel bands to generate.

sample_rate 16000 Sampling rate.

max_abs_value 4 Maximum absolute value of normalized
mel-spectogram.

preemphasis 0.97 Pre-emphasis coefficient.

min_level_db -100 Minimum dB of normalized mel-spectrogram.

ref_level_db 20 Reference level dB when computing the
mel-spectrogram.

fmin 55 Minimum frequency when computing the
mel-spectrogram.

fmax 7600 Maximum frequency when computing the
mel-spectrogram.

Table A.1: Audio Hyperparameters.
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A.2 Structural Similarity Index Measure (SSIM)

The SSIM metric is computed at a patch-level of an image. The measure between 2 patches 𝑥
and 𝑦 of common size 𝑁 × 𝑁 (typically 8 × 8) is computed as:

𝑆𝑆𝐼𝑀(𝑥, 𝑦) = [𝑙(𝑥, 𝑦)]𝛼 ⋅ [𝑐(𝑥, 𝑦)]𝛽 ⋅ [𝑠(𝑥, 𝑦)]𝛾 (A.1)

where ∶

𝑙(𝑥, 𝑦) =
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇2𝑥 + 𝜇2𝑦 + 𝐶1

(A.2)

𝑐(𝑥, 𝑦) =
2𝜎𝑥𝜎𝑦 + 𝐶2

𝜎2
𝑥 + 𝜎2

𝑦 + 𝐶2

(A.3)

𝑠(𝑥, 𝑦) =
𝜎𝑥𝑦 + 𝐶3

𝜎𝑥𝜎𝑦 + 𝐶3

(A.4)

∴𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)

(𝜇2𝑥 + 𝜇2𝑦 + 𝐶1)(𝜎2
𝑥 + 𝜎2

𝑦 + 𝐶2)
(A.5)

where:

• 𝑙(𝑥, 𝑦): luminance measure

• 𝑐(𝑥, 𝑦): contrast measure

• 𝑠(𝑥, 𝑦): structural measure

• 𝛼 = 𝛽 = 𝛾 = 1, importance weightings

• 𝜇𝑥 : pixel sample mean of 𝑥

• 𝜇𝑦 : pixel sample mean of 𝑦

• 𝜎2
𝑥 : variance of 𝑥

• 𝜎2
𝑦 : variance of 𝑦

• 𝜎𝑥𝑦 : covariance of 𝑥 and 𝑦

• 𝐶1 = (𝑘1𝐿)
2, 𝐶2 = (𝑘2𝐿)

2, 𝐶3 = 𝐶2/2, 3 variables to stabilize the division with weak
denominator

• 𝐿: dynamic range of the pixel-values

• 𝑘1 = 0.01, 𝑘2 = 0.03
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A.3 Pose-Invariant Quantitative Results
Metric [-90, -80) [-80, -70) [-70, -60) [-60, -50) [-50, -40) [-40, -30)

AVTG

SSIM (↑) 0.24578 0.24688 0.24569 0.25618 0.26064 0.27249
CPBD (↑) 0.02098 0.02302 0.02356 0.02379 0.02449 0.02428
FVD (↓) 150.61944 82.44115 75.44794 69.74833 65.74285 64.49773
LS-C (↑) 2.38074 2.42116 2.45155 2.46923 2.48012 2.50036
LS-D (↓) 9.47125 9.41330 9.35230 9.28601 9.14849 9.02127

LipGAN

SSIM 0.82026 0.82643 0.83572 0.84258 0.84619 0.85521
CPBD 0.11861 0.11964 0.12126 0.12282 0.12218 0.13072
FVD 48.45671 44.75434 38.93439 34.48203 28.43525 24.98461
LS-C 3.02189 3.46238 3.62019 3.78162 4.03983 4.28772
LS-D 9.27089 9.09189 9.01003 8.82803 8.67343 8.50248

Wav2Lip

SSIM 0.84293 0.85019 0.85420 0.86832 0.87128 0.88792
CPBD 0.12832 0.12983 0.13104 0.13482 0.13802 0.14025
FVD 37.25835 20.39899 18.15866 17.79283 17.3964 17.33989
LS-C 6.25984 6.34817 6.46195 6.54225 6.62497 6.64575

LS-D 7.48223 7.43013 7.35102 7.29593 7.24013 7.20392

Ours

SSIM 0.91719 0.92749 0.93572 0.93918 0.94429 0.94792

CPBD 0.15802 0.15932 0.15988 0.16082 0.16127 0.16183

FVD 18.48332 17.43912 16.92027 16.01829 15.6412 14.47639

LS-C 5.97914 6.01827 6.02123 6.02570 6.03582 6.05293
LS-D 7.72311 7.71839 7.70827 7.70129 7.68191 7.65299

Metric [-30, -20) [-20, -10) [-10, 0) [0, +10) [+10, +20) [+20, +30)

AVTG

SSIM (↑) 0.31380 0.31084 0.31308 0.29226 0.28104 0.27513
CPBD (↑) 0.02521 0.02627 0.02725 0.02721 0.02903 0.02867
FVD (↓) 63.77041 59.69720 58.82586 58.25595 63.18064 66.28374
LS-C (↑) 2.56155 2.63642 2.70416 2.70539 2.67963 2.63293
LS-D (↓) 8.89541 8.75109 8.63691 8.86959 9.09298 9.12740

LipGAN

SSIM 0.86813 0.88263 0.89165 0.89800 0.89248 0.88782
CPBD 0.13593 0.14120 0.14473 0.14952 0.14774 0.14607
FVD 22.53357 20.97927 19.61976 19.26491 20.10472 21.34802
LS-C 4.53240 4.61759 4.68933 4.68716 4.52404 4.28716
LS-D 8.47619 8.40764 8.31801 8.32729 8.35757 8.38854

Wav2Lip

SSIM 0.90957 0.91053 0.91540 0.91838 0.91538 0.89283
CPBD 0.14339 0.14473 0.14297 0.15191 0.14298 0.13545
FVD 17.30102 17.27028 17.09626 17.44381 17.99716 18.34802
LS-C 6.69436 6.81762 6.87549 6.85283 6.78075 6.73918

LS-D 7.17014 7.15672 7.13995 7.13736 7.14782 7.19674

Ours

SSIM 0.94829 0.95182 0.95487 0.95829 0.95391 0.94891

CPBD 0.16247 0.16392 0.16529 0.16927 0.16803 0.16743

FVD 14.22432 14.01810 13.96147 13.7958 13.64102 13.97813

LS-C 6.08721 6.11027 6.13588 6.15832 6.14928 6.14197
LS-D 7.64912 7.63875 7.62791 7.61928 7.62049 7.62971

113



Metric [+30, +40) [+40, +50) [+50, +60) [+60, +70) [+70, +80) [+80, +90]

AVTG

SSIM (↑) 0.26643 0.26201 0.25947 0.25652 0.25390 0.24903
CPBD (↑) 0.02742 0.02539 0.02382 0.02121 0.01809 0.01264
FVD (↓) 73.31340 79.15455 82.10955 87.31340 98.20971 124.13221
LS-C (↑) 2.58369 2.55303 2.53963 2.49303 2.46723 2.43293
LS-D (↓) 9.16126 9.20215 9.22126 9.26794 9.30794 9.37959

LipGAN

SSIM 0.88432 0.88219 0.87832 0.87270 0.86528 0.84040
CPBD 0.14448 0.14021 0.13760 0.13365 0.13002 0.12774
FVD 24.42342 28.38273 33.19472 39.01826 42.82745 47.92741
LS-C 3.81379 3.51693 3.12984 2.83160 2.67316 2.23866
LS-D 8.53824 8.60230 8.78157 8.95576 9.03941 9.12320

Wav2Lip

SSIM 0.89738 0.89827 0.88697 0.88191 0.87948 0.86732
CPBD 0.12864 0.12627 0.11802 0.11273 0.10848 0.09156
FVD 21.22540 25.62464 28.72937 32.03463 34.62382 37.64217
LS-C 6.66340 6.54739 6.45901 6.34692 6.23592 6.16239

LS-D 7.23107 7.29767 7.35925 7.43897 7.46430 7.54897

Ours

SSIM 0.94198 0.93799 0.93491 0.92625 0.92083 0.91928

CPBD 0.16512 0.16301 0.16210 0.16182 0.16021 0.15918

FVD 14.31843 4.91823 15.63840 16.92039 17.02252 18.48332

LS-C 6.11742 6.08196 6.06018 6.04982 6.01291 5.97914
LS-D 7.64298 7.65283 7.77891 7.78648 7.70918 7.72311

Table A.2: Quantitative results of our pose-invariant ADVD solution (numbers in bold indicate
optimal values for the corresponding head-pose interval).
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