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Abstract

Videos have become an integral part of our daily digital consumption. With the widespread adoption
of mobile devices, internet connectivity, and social media platforms, the number of online users and
consumers has risen exponentially in recent years. This has led to an unprecedented surge in video
content consumption and creation, ranging from short-form content on TikTok to educational material
on Coursera and entertainment videos on YouTube. Consequently, there is an urgent need to study
videos as a modality in Computer Vision, as it can enable a multitude of applications across various
domains, including virtual reality, education, and entertainment. By understanding the intricacies of
video content, we can unlock its potential and leverage its benefits to enhance user experiences and
create innovative solutions.

Producing video content at scale can be challenging due to various practical issues. The recording
process can take several hours of practice, and setting up the right studio and camera equipment can
be time-consuming and expensive. Moreover, recording requires manual effort, and any mistakes made
during the shoot can be difficult to rectify or modify, often requiring the entire video to be re-shot.

In this thesis, we aim to ask the question “Can synthetically generated videos take the place of real
videos?” as automatic content creation can significantly scale digital media production and ease the
process of content creation that can aid several applications. A form of human-centric representation
that is becoming increasingly popular in the research community is the ability to generate talking-head
videos automatically. Talking-head generation refers to the ability to generate realistic videos of a
person speaking, where the generated video can be of a person that may not exist in reality or may
exhibit significantly different characteristics than the original person. Recent deep learning approaches
can synthesize synthetic talking-head videos at tremendous scale and quality, with diverse content and
styles, that are visually indistinguishable from real videos. Therefore, it is imperative to study the
process of generating talking-head videos as these videos can be used for a variety of applications,
such as video conferencing, movie-making, broadcasting news, vlogging, and language learning among
others. Consider a digital avatar reading news from a text transcript being broadcasted on news.

In this vein, this thesis aims to explore two prominent use cases of generating synthetic talking-
heads automatically - the first one towards generating large-scale synthetic content to aid people in
lipreading at scale. The second use case is for automating the task of actor-double face-swapping in the
moviemaking industry. We study and elucidate the challenges and limitations of the existing approaches,
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propose solutions based on synthetic talking head generation, and show the superiority of our methods
through extensive experimental evaluation and user studies.

In the first task, we address the challenges associated with learning to lipread. Lipreading is a primary
mode of communication for people suffering from some form of hearing loss. Therefore, learning to
lipread is an important aspect for hard-of-hearing people. However, learning to lipread is not an easy
task and finding resources to improve one’s lipreading skills can be challenging. Existing lipreading
training websites that provide basic online resources to improve lipreading skills, are unfortunately,
limited by real-world variations in the talking faces, cover only a limited vocabulary, and are available
in a few select languages and accents. This leaves the vast majority of users without access to adequate
lipreading training resources. To address this challenge, we propose an end-to-end pipeline to develop
an online lipreading training platform using state-of-the-art talking head video generator networks, text-
to-speech models, and computer vision techniques, to increase the amount of online content on the
LRT platforms in an automated and cost-effective manner. We show that incorporating existing talking
heading generator networks for the task of lipreading is not trivial, and requires careful adaptation.
For instance, we develop an audio-video alignment module that aligns the speech utterance on the
region with the mouth movements and adds silence around the aligned utterance. Such modifications
are necessary to generate realistic-looking videos that don’t cause distress to the lipreaders. We also
design carefully thought out lipreading training exercises, conduct extensive user studies, and perform
statistical analysis to show the effectiveness of the generated content in replacing the manually recorded
lipreading training videos.

In the second problem, we address challenges in the entertainment industry. Body doubles play
an indispensable role in the moviemaking industry. They take the place of actors in dangerous stunt
scenes and in scenes where the same actor plays multiple characters. In all these scenes, the double’s
face is later replaced by the actor’s face and expressions using CGI technology requiring hundreds
of hours of manual multimedia edits on heavy graphical units costing millions of dollars and taking
months to complete. As we show in this thesis, automated face-swapping approaches based on deep
learning models are not suitable for the task of actor-double face-swapping, as they fail to preserve the
actor’s expressions. To address this, we introduce “video-to-video (V2V) face-swapping”, a novel task
of face-swapping that aims to (1) swap the identity and expressions of a source face video, and (2) retain
the pose and background of the target face video. Our key technical contribution lies in i) devising a
self-supervised training strategy, which uses a single video as the source and target, introduces pseudo
motion errors on the source video, and the network fixes these pseudo errors to regenerate the source
video; and ii) we build temporal autoencoding models inspired by VQVAE-2, that take two different
motions as input, and produce a third coherent output motion.

In summary, this thesis unravels several tasks enabled by synthetic talking-head generation, and pro-
vides solutions for the lipreading community and the moviemaking industry. Our findings concretely
point toward the notion of replacing real human talking-head videos with synthetically generated videos,
thereby, scaling digital content creation to new heights, saving precious time and resources, and easing
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the life of humans.

Keywords – lipreading, talking-head generation, face-swapping, video-to-video face-swapping, online
lipreading training, digital content generation
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platforms is an extensive ordeal that can take months of manual effort. We propose
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Chapter 1

Introduction

The recent advancements in generative networks have transformed the way digital content is pro-

duced at scale. Previously, generating such content was a costly, time-consuming process, requiring

specialized skills, extensive computational power, and manual effort. However, generative models can

now be used to generate realistic images of objects, landscapes, and people for video games and movies,

creating virtual worlds and avatars. In addition, text generation models are useful in technologies such

as chatbots, language translation, and content generation on social media platforms. Music can be

generated ef�ciently for production companies that need to create original music quickly. Generative

networks can also augment existing datasets by generating new data points. These networks have paved

the way for new forms of creative expression, allowing artists and designers to explore new styles and

techniques, creating works that were previously impossible to produce. For example, generative art

is becoming increasingly popular, with artists using GANs to create unique and abstract works that

challenge traditional notions of art. The advancements in generative networks have opened up new op-

portunities for businesses, artists, and individuals to create and share content in exciting and innovative

ways. As the technology continues to evolve, we can expect to see even more creative applications

of generative networks in the future. Videos constitute the vast majority of the digital content that we

consume everyday. With the boom in mobile penetration, internet connectivity, and increasing number

of internet users and social media applications, video based content is being consumed at an enormous

rate. However, creating high-quality video content manually is an expensive and time-consuming pro-

cess. Therefore, it is important to study video generation techniques in Computer Vision. Automated

video generation has the potential to revolutionize several industries such as �lm and entertainment,

by generating dance videos, special effects, and realistic animations at scale. One such application of

tremendous social impact that we explore in this thesis, is lipreading. We develop an end-to-end pipeline

to produce synthetic lipreading content at scale, by utilizing existing talking-head generators and text-

to-speech models. We show that adapting these models for the task of lipreading is non-trivial, and we

develop computer-vision modules to address these. With the recent advancements in generative models,

automatic video generation has become a reality [54, 59, 69, 48]. Moreover, the technology allows for

generating videos conditioned on different input modalities such as speech or text, offering several appli-
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cations such as generating cricket videos based on text commentary, or generating sign language videos

automatically conditioned on text. By automating the process of video content creation, businesses

and individuals can create high-quality video content ef�ciently and affordably, further democratizing

access to high-quality content creation.

A large part of these videos that are gaining immense popularity and becoming seamlessly acces-

sible are human-centric videos, known as “talking-head videos”. These include vlogs, lectures, news

broadcasting, historical speeches and public talks, public conferences, interviews, and face-to-face con-

versational videos, such as video calls. One such application that we propose in this thesis is the task

of video-to-video face-swapping, that requires video face-swapping by preserving the identity and ex-

pressions of the source (actor) and the background and pose of the target (double) video. We show that

such a task is non-trivial as it involves merging two different motions - the actor's face motion (such

as eye, cheek, or lip movements) and the double's head motion (such as pose and jaw motion). Our

key contributions for solving this task are two fold - i) we propose a self-supervised training scheme,

that uses a single video as source and target, and ii) temporal autoencoding modules that take in two

different motions as input and produce a third coherent output motion.

We explore two practical applications arising out of synthetic talking face generation. Firstly, we

investigate the challenges associated with traditional lipreading training platforms and question whether

synthetically generated talking heads could replace real human talking-head videos. We develop a

pipeline that utilizes a state-of-the-art talking head generator module to produce synthetic lipreading

content at scale. We argue that manually created lipreading content on existing MOOC platforms are

available in a few select languages and accents, have limited vocabulary and real-world variations, and

are expensive and time-consuming to develop from scratch. We perform extensive user evaluations

and statistical analysis, and concretely demonstrate the capability of an automated synthetic talking

head generation pipeline in replacing real human talking-head videos. We explore another use case of

synthetic talking heads in the entertainment industry. The ability to change the expressions or hair color

of a person in post-production offers numerous possibilities in �lm-making and entertainment. One such

application is actor-double face-swapping, which involves swapping the identity and expressions of the

starring actor on the double's face while retaining his pose and background information. Currently,

movie producers use CGI technology requiring hundreds of hours of manual multimedia edits on heavy

graphical units costing millions of dollars and taking months to complete. Thus, the production team is

generally forced to avoid such scenes by changing the mechanics of the scene such that only the double's

body is captured to provide an illusion of the actor. We show that existing automated face-swapping

methods swap only the identity without preserving the source expressions of the actor important for the

scene's context [41, 51, 39, 38, 33, 5]. In this vein, we introduce a new line of research, called video-to-

video (V2V) face-swapping, a novel task of face-swapping that preserves the identity and expressions

of the source (actor) face video and the background and pose of the target (double) video.

While deep learning has its own set of challenges associated with synthetically generating content

such as deepfakes, impersonation, and forgery, these models have far more useful applications, which is
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the focus and inspiration of this thesis. However, we must be cautious about the impact of content gener-

ation and modi�cation technologies on public discourse and people's rights, especially since deepfakes

have been used maliciously as a source of misinformation, manipulation, harassment, and persuasion.

Although a plethora of anti-forgery detection and deepfake detection techniques have been developed

in recent years, our work focuses solely on the aspects of creative and assistive technologies enabled by

these methods.

1.1 Synthetic Talking Head Generation

Talking-head generation is a type of video generation that involves creating a digital video of a per-

son's head and upper body that appears to be speaking, while also accurately matching the audio content.

Recent talking-head generation models [12, 18, 67, 42, 14] are trained on large amounts of video and

audio data and generate realistic-looking videos that are visually indistinguishable from real videos. In

this thesis, we explore two important use cases of generating synthetic talking heads automatically - the

�rst one towards generating large-scale synthetic content to aid people in lipreading, and the second one

for the use case of actor-double face-swapping in the movie making industry.

1.1.1 Conditioning Synthetic Talking Heads

The generation of synthetic talking heads conditioned on input modalities such as speech or text

offers several interesting capabilities. For instance, generating talking-head videos with accurate lip-

sync for any input speech segment, can be used for the task of automated movie-dubbing. In audio-

driven talking face generation, the expressions, pose, and lip-sync in the target video are conditioned

on the given input speech audio [43, 26, 34, 74, 56, 45, 20]. One of the recent works, Wav2Lip [43]

accurately morphs the lip movements of the identities to be in sync with the corresponding speech

for arbitrary identities in unconstrained settings. MakeItTalk [75] generates speaker-aware expressive

talking-head videos from a single facial image with audio as the only input. [55] trains a joint system

combining a talking face generation system with a text-to-speech system that can generate multilingual

talking face video from only the text input. These works can synthesize natural multilingual speeches

while maintaining the vocal identity of the speaker, as well as the lip movements synchronized to the

given input speech. In this thesis, we propose a novel approach to automatically generate a large-scale

database using synthetic talking heads for developing a lipreading training MOOCs platform. We use

SOTA text-to-speech (TTS) [8] models and talking head generators [43] to generate training examples

of driving face videos lip-synced to the driving speech segments automatically. We show that such

an approach enables the scaling of lipreading training platforms to more identities, accents, languages,

incorporate larger vocabulary, and accommodate variations in the generated content, making the process

of lipreading training more rigorous.
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1.1.2 Talking Head Manipulation, Editing, & Reenactment

Manipulating, editing, reenacting talking-head videos have several applications in the moviemak-

ing and the entertainment industry. These approaches typically encode the input modality to a suitable

latent space (that encodes rich semantics), followed by applying careful and meaningful edits in the

underlying latent space, and realizing these edits in a coherent manner to learn the required transfor-

mation. Face manipulationanimates the pose and expressions of a target image/video according to a

given prior [64, 52, 50, 65, 41, 73, 56, 75]. [53] propose a one-shot facial geometry-aware emotional

talking face generation method that can generalize to arbitrary faces. They provide speech content fea-

ture, along with an emotion input to generate emotion and speech-induced motion. Read Avatars [46]

generate photo-realistic and lip synchronized video from audio and a reference video, with control over

emotion. The same audio is used to generate videos in multiple emotions with control over the intensity

of the emotion. Wav2Lip-Emotion [34] modi�es facial expressions of emotion in videos of speak-

ers. They tackle the important use case of modifying an actor's performance in post-production, by

proposing a video-to-video translation approach, that is used to touch up emotion in the output video.

A different direction of face reenactmentanimates the source face movements according to the driv-

ing video [57, 45, 58, 28, 50, 52]. The identity is not exchanged in these works. In FOMM [50], the

target video sequence is animated based on the input source image's appearance information and the

driving video's motion patterns. PCAVS [74] propose to generate pose-controllable talking faces. They

modularize audio-visual representations by devising a low-dimensional pose latent code, that is comple-

mentarily learned. Their method generates accurately lip-synced videos whose poses are controllable

by other videos. Face-Vid2Vid [64], is a SOTA face reenactment network that reenacts the pose and

expressions of a target image using a source (driving) video. Another direction is face editing, which

involves editing the expressions of a face video [23, 9, 10, 37]. Using this approach, one can directly

edit the target video according to the source expressions. Image-based face editing works have gained

considerable attention. However, realizing these edits on a sequence of frames without modeling the

temporal dynamics often results in temporally incoherent videos. Recently, STIT [62] was proposed

that can coherently edit a given video to different expressions by applying careful edits in the video's

latent space. Their method modi�es the expressions of a face video based on an input label. In this the-

sis, we propose a novel method for the task of actor-double face-swapping in the moviemaking industry

called video-to-video face-swapping that relies on generating face-swapped synthetic talking heads.

1.1.3 Face Swapping and its applications

Manipulating digital images, especially the manipulation of human portrait images, has improved

rapidly and has achieved photo-realistic results in most cases. A class of research on synthetic talking

heads deals with an important and highly relevant aspect of face-swapping. Face swapping is an eye

catching task that involves swapping the faces of two individuals in a photograph or a video, or replacing

one person's face with another person's [41, 39, 51, 6, 30, 33, 38, 5, 7]. The use of face-swapping
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techniques has gained widespread popularity on the internet due to their highly realistic and intriguing

results, with many amusing and entertaining spoof videos being shared on platforms like YouTube and

TikTok. Additionally, there are now various commercial applications such as Snapchat and FaceApp

that allow users to easily create fake images and videos using this technology.

1.1.3.1 Image Face Swapping

Swapping faces across images and videos has been well-studied over the years. These works aim

to swap an identity obtained from a source video (or an image) with a target video of a different iden-

tity such that all the other target characteristics are preserved in the swapped output. Face swapping

is de�ned as the task of replacing a source face's identity the a target face while retaining the content,

pose, and background characteristics of the source face. In 2018, DeepFakes introduced a pipeline in

replacing a source person's face with the target person's along with the same facial expression such as

eye movement, facial muscle movement. DeepFaceLabs [41] introduced a technique to build enormous

amount of high-quality face swapping videos for entertainment. They introduced an integrated open-

source system with a clean-state design of the pipeline, achieving photorealistic face-swapping results

without painful tuning. DFL has gained signi�cant traction in the research and non-research community,

with DFL-based YouTube videos garnering over 100 million hits on YouTube. Approaches like Deep-

fakes and Deepfacelabs require inference time optimization and �netuning and are not realtime. On the

other hand, FSGAN [39] performs subject agnostic face-swapping on a pair of faces without requiring

training on those faces. All these approaches however swap the entire identity of the source. Motion-

coseg [51] speci�cally swaps the identity of single/multiple segments of a given source image (either

hair or lips or mouth or nose) to a target video. However, all these approaches swap only the identity

or a speci�c part of an image, which is not suitable for moviemaking industry where the expression of

the source face need to be retained. While these works have achieved impressive results, they are not

suitable for the task of face-swapping in the moviemaking industry, as these methods end up losing the

source actor's expressions, which are of utmost importance. In this thesis, we introduce a novel task of

video-to-video face-swapping where we swap temporally changing expressions along with the identity

of the source taking less than a second to face swap in-the-wild videos on unseen identities.

1.1.3.2 Video Face Swapping

Unlike existing face-swapping approaches that swap a �xed identity component from one video to

another video, “video-to-video (V2V) face-swapping” swaps expressions changing over time (a video)

with another video with changing pose and background. Swapping faces across videos is non-trivial as it

involves merging two different motions - the actor's face motion (such as eye, cheek, or lip movements)

and the double's head motion (such as pose and jaw motion). This needs a network that can take two

different motions as input and produce a third coherent motion. Fundamentally, a V2V face-swapping

task, aims to (1) swap the identity and expressions of a source face video and (2) retain the pose and
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background of the target face video. In this thesis, we propose FaceOff, a V2V face-swapping system

that operates by learning a robust blending operation to merge two face videos to a quantized latent

space and then blends them in the reduced space, by being trained in a self-supervised manner.

1.2 Use Cases of Synthetic Talking Heads Covered in this Thesis

In this thesis, we explore two useful and important use cases of synthetic talking heads. The �rst is a

fully automated approach towards building a large-scale lipreading training platform [2] that trains hard-

of-hearing people to lipread better. The second is an automated video-to-video face-swapping approach

for the moviemaking industry that tackles the challenging task of actor-double face-swapping [1], which

is currently handled using expensive CGI techniques.

1.2.1 Lipreading training platform

Lipreading is a primary mode of communication for people with hearing loss. Many people with

some form of hearing loss consider lipreading as their primary mode of day-to-day communication.

The United States of America alone is home to 48 million people with some form of hearing loss, and

about 500,000 Americans have a disabling hearing loss that noticeably disrupts communication. How-

ever, learning to lipread is not an easy task and �nding resources to learn or improve one's lipreading

skills can be challenging. People needing these skills undergo formal education in special schools and

involve medically trained speech therapists. Today, online MOOCs platforms like Coursera and Udemy

have become the most effective form of training for many types of skill development, and consequently,

there exist several online lipreading training platforms. Inspired by the boom in online courses available

for virtually every topic, we envision a MOOCs platform for LipReading Training (LRT) for the hearing

disabled. Platforms like lipreading.org and lipreadingpractice provide basic online resources to improve

lipreading skills. Unfortunately, these platforms cover only a limited vocabulary, the videos have mini-

mal real-world variations in head-pose, camera angle, and distance to a speaker, making it dif�cult for

a lipreader to adapt to the real world. Moreover, these resources are all available only in American or

British-accented English, and it becomes challenging for people from other regions to adapt to their

local accents and languages. Moreover, creating such resources is an extensive ordeal needing months

of manual effort to record hired actors, requires expensive camera and studio environment, and profes-

sional editors. Because of the manual pipeline, such platforms are also limited in vocabulary, supported

languages, accents, and speakers and have a high usage cost.

We approach this from a different angle and ask: “Can we replace real talking head videos used

for training people suffering from hearing loss with synthetic versions of the same?” In this work, we

propose an end-to-end automated pipeline to develop such a platform using state-of-the-art talking head

video generator networks, text-to-speech models, and computer vision techniques, to generate training

examples automatically. Our approach exponentially increases the amount of online content on the

6



LRT platforms in an automated and cost-effective manner. We also seamlessly increase the vocabu-

lary and the number of speakers in the database. We also investigate the implications of our system

for a range of deaf users and perform multiple experiments to show its effectiveness in replacing the

manually recorded LRT videos. We complement these results through statistical analysis on extensive

human evaluations carried out on carefully thought out lipreading exercises, and show that the users'

performance on lipreading videos is not signi�cantly different when switching from `real' to `generated'

videos. Concretely our studies point toward the potential of synthetic talking head videos in replacing

real human talking-head videos, which can be developed into a large-scale lipreading MOOCs platform

that can potentially impact millions of people with hearing loss.

1.2.2 FaceOff: A novel task of video-to-video face-swapping

Doubles play an indispensable role in the movie-making industry. They take the place of the actors in

dangerous stunt scenes. For instance, stunt doubles performed dif�cult and dangerous life-risking stunt

scenes for actors Christian Bale and Arnold Schwarzenegger in the Batman and Terminator movies re-

spectively. Similarly, they take the place of actors in movie scenes, where the same actor plays multiple

characters, or for scenes that require multiple retakes. For example,Óscar Isaac played multiple char-

acters with different personalities in the `Moon Knight', Armie Hammer who played multiple roles of

twin brothers in `The Social Network', and Christian Bale and his body double who played the role

of twin magician brothers in the movie `The Prestige'. A different scenario is post-production scene

modi�cations. If a dialogue is discovered in post-production that suits a scene better than the original,

the entire scene is reset and re-shot. In the movie `Justice League', Henry Cavill who plays Super-

man, had his moustache digitally erased using CGI as he was �lming for a concurrent �lm `Mission:

Impossible - Fallout', which required him to grow a moustache. Yet another use case is using CGI

to cast doubles to �ll in for actors that are no longer available to shoot a particular movie scene. For

instance, Paul Walker was replaced by his brothers, Caleb and Cody Walker, as his body doubles using

CGI in `Furious 7' due to Paul Walker's untimely demise in a car crash. It is for these reasons that

producers and �lmmakers are no strangers to using CGI and tricky digital maneuvers. In all of these

scenes, the double's face is later replaced by the actor's face and expressions using CGI technology

requiring hundreds of hours of manual multimedia edits on heavy graphical units costing millions of

dollars and taking months to complete. For comparison, the Burly Brawl sequence in the classic movie

`Matrix Reloaded', which combined motion capture and CGI, took 27 days to �lm and cost a whoop-

ing $40 million to make. It is one of the most expensive action scenes in �lm. Thus, many a times,

the production team is generally forced to avoid such scenes by changing the mechanics of the scene

such that the double's body is captured to provide an illusion of the actor. This negatively impacts

director's creativity; however, such adjustments are not always possible. An automated, inexpensive,

and fast way can be to use face-swapping techniques that aim to swap an identity from a source face

video (or an image) to a target face video. Fast and inexpensive computer vision based face-swapping

techniques that aim to swap an identity between a source (actor) video and target (double) video can
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be considered. However, face-swapping swaps only the source identity while retaining the rest of the

target video characteristics. In this case, the actor's expressions (source) are not captured in the output.

This is because, existing face-swapping techniques use a discriminator-generator setup due to the ab-

sence of ground truth. The discriminator is responsible for monitoring the desired characteristics of the

swapped output. However, using a discriminator leads to hallucinating components of the output that

are different from the input - for instance, a modi�cation in the identity of novel expressions. To tackle

this, we introduce “video-to-video (V2V)” face-swapping as a novel task of face-swapping that aims to

(1) swap the identity and expressions of a source face video and (2) retain the pose and background of

the target face video. Unlike the face-swapping task that swaps a �xed identity component from one

video to another, V2V face-swapping swaps the expressions changing over time (a video) with another

video with changing pose and background (another video). FaceOff, a video-to-video face swapping

system that can take two different motions as input and produce a third coherent output motion. Due to

the absence of the ground truth, we devise a self-supervised training strategy for training our network,

where we use a single video as the source and target. We then introduce pseudo motion errors on the

source video, and train a network to `�x' these pseudo errors to regenerate the source video.

1.3 Alternate applications (not covered in this Thesis)

In this section, we cover two alternate use cases of generating multimedia content automatically at

scale. In the �rst work not covered in this thesis, we consider the task of learning a representation

space of videos for automatically generating video data at scale [48]. In the second work, we rely on

a data augmentation technique, for synthetically generating lipreading videos to augment the one-shot

scenario of lipreading a patient suffering from ALS [47]. As discussed earlier, generating multimedia

video content is a complex task that is accomplished by generating a set of temporally coherent images

frame-by-frame [59, 61, 13, 54, 15, 69, 66]. Building a representation space for videos and conditioning

it on different input modalities offers several exciting possibilities. For instance, consider generating

sign-language videos conditioned on the textual input [27], or generating unconstrained sports videos

conditioned on the text commentary. Existing state-of-the-art works treat video generation as the task

of generating a sequence of temporally coherent frames. However, these methods come with a major

limitation: they rely on an image space. This limits the applications of the learned space to image-based

operations, such as animating images or editing on frames. Operations that require interpolating in-

termediate videos between two videos and generating future segment of a video, become dif�cult. To

tackle this, we propose that videos can be represented as a single unit instead of being broken into a se-

quence of images. However, with existing video generator architectures, learning such a representation

is dif�cult. In this work, we parameterize videos as a function of space and time using implicit neural

representations (INRs). The dynamic dimension of videos (a few million pixels) is now reduced to a

constant number of weights (a few thousand) required for the parametrization. A network can then be

used to learn a prior over videos in this parameterized space [21].
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In the second work, we consider the task of lipreading an ALS patient with very few examples.

Lipreading is the task of visually recognizing speech from the mouth movements of a speaker. As dis-

cussed in Sec 1.2.1, lipreading is a mentally taxing exercise, requiring hundreds of hours of practice. In

certain cases, patients suffering from neurologically degenerative diseases such as `Amyotrophic Lateral

Sclerosis' (ALS) [70, 36] often lose muscle control, consequently their ability to generate speech and

communicate via lip movements. In such cases, talking to a person without voice may need you to to

lipread them to understand the spoken words [22]. Applications and automated algorithms capable of

lipreading a person can thus signi�cantly improve the day-to-day communication of people dependent

on lipreading. However, existing deep learning techniques [35, 17, 60] are inherently data-hungry, and

require collecting large amounts of patient-speci�c data, as existing datasets on which these models are

trained, don't capture the irregular and unreliable mouth movements exhibited by people suffering from

medical disabilities. Mouthing words however is a tiring maneuver for people suffering from ALS, and

thus a patient undergoes physical and mental stress during such data collection exercises. Manually

labeling words mouthed by a person is time-consuming. It is thus crucial to build lipreading models

that can work well on the minimum amount of manually labeled data. Inspired by several recent works

that can generate realistic looking synthetic talking faces, we ask ourselves the question - “Can we use

synthetic data to augment low data in the medical domain?”. We use synthetically generated data along

with very limited real world examples to train word-level lipreading models. We also adopt a domain

adaptation technique to reduce the domain gap between the real and synthetically generated examples.

We observe that the synthetic data helps the model learn the general underlying word-level character-

istics of the classes, and the one-shot examples introduce the properties of personal speaking style in

the model. Overall, we observe that augmenting existing one-shot data with synthetically generated

examples, greatly improves the performance of our speaker-speci�c lipreading models.

1.4 Contributions

In this thesis, we revisit the role of synthetically generated talking head videos in several multime-

dia applications, and propose novel methods to address key challenges in existing works. Our core

contributions are as follows -

• We propose two important use cases of synthetic talking heads - in lipreading training and in the

movie-making industry.

• In the �rst work, we propose a novel approach of using synthetic talking heads to automatically

generate a large-scale database for developing a lipreading training MOOCs platform.

• Our approach exponentially increases the amount of online content on an LRT platform in an

automated and cost-effective manner, while seamlessly increasing the vocabulary and incorpo-

rating more number of speakers in the database. Additionally, our approach scales existing LRT

platforms to incorporate multiple accents and languages.
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• We show that naively adapting talking-head generator models is non-trivial, and design an audio-

video alignment model that aligns the speech utterance on the region with the mouth movements

and add silence around the uttered utterance. This is important in generating photorealistic videos

that cause minimal distress to the lipreaders.

• We design carefully thought out lipreading training exercises to validate the design of our plat-

form, and perform extensive human evaluations, concretely pointing toward the potential of our

approach in developing a large-scale lipreading MOOCs platform.

• In the second work, we highlight several shortcomings of existing techniques in actor-double

face-swapping, and introduce a novel task of video-to-video face-swapping.

• We devise a self-supervised training strategy that involves using a single video as the source and

target. We introduce pseudo motion-errors on the source video, and train the network to '�x'

these pseudo errors to regenerate the source video.

• We show that the task of merging two different motions is non-trivial, and develop temporal

autoencoding modules that take as input two different motions, and produce a third coherent

output video.

1.5 Organization of Thesis

• In Chapter2, we introduce the task of using synthetic talking heads for training humans in lipread-

ing. We analyze why lipreading is an important tool for individuals who are hard hearing and an-

alyze critical drawbacks in existing lipreading training platforms. We propose a novel framework

to automatically generate lipreading content at scale, and show the strengths through statistical

anaylsis. Fundamentally, we ask the question “Can synthetically generated talking-head videos

replace real human talking-head videos?”

• In Chapter3, we tackle the task of actor-double face-swapping in the moviemaking industry. We

introduce a new line of research called video-to-video (V2V) face-swapping, that preserves the

identity and expressions of the source, and pose and background of the target.

• In Chapter4, we present our concluding thoughts.
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Chapter 2

MOOCs for Lipreading: Using Synthetic Talking Heads to Train Humans

in Lipreading

In this chapter, we elaborate the task of using synthetic talking heads for training humans in lipread-

ing. We �rst analyze why lipreading is an important tool for individuals who are hard of hearing, and

how lipreading training platforms serve to train people who are hard of hearing to lipread better. We

then analyze some critical drawbacks in existing lipreading training platforms, severely limiting their

use and real-world applicability. We then explain our proposed approach “LRT MOOCs” for automat-

ically generating lipreading content at scale, and show through statistical analysis the bene�t of our

proposed approach.

2.1 Introduction

Communication is a crucial ingredient that makes Humans the most intelligent species on the planet.

While other animals also have different forms of communication, human language is more advanced by

several orders of magnitude. But we are not inherently born with these skills! Then, how do we acquire

them? Most of us learn linguistic skills through a formal education system consisting of schools, uni-

versities, and other organizations related to education. While this is still the most trusted & popular way

of imparting education, the 21st century has seen an exponential rise in online forms of education like

the Massive Open Online Courses (MOOCs). Online courses are generally designed to cover hundreds

of topics in various domains, including language, and are often available free of cost. MOOCs have

several advantages over the physical form of education. They are more accessible, cheap, and reachable

to a broader audience. In today's world, it is natural to learn a whole new language from the comfort of

your home by attending a high-quality MOOCs course.

Unfortunately, every person does not get the chance to learn linguistic skills like we usually do.

Hearing loss is a common form of disability that can become a massive barrier to education! According

11



Figure 2.1: Lipreading is a primary mode of communication for people with hearing loss. The United
States of America alone is home to 48 million people with some form of hearing loss. Despite these
staggering stats, online lipreading training resources are scarce and available for only a handful of
languages. However, hosting new lipreading training platforms is an extensive ordeal that can take
months of manual effort. We propose a fully-automated approach to building large-scale lipreading
training platforms. Our approach enables any language, any accent, and unlimited vocabulary on any
identity! We envision a lipreading MOOCs platform to enable millions of people with hearing loss
across the globe. In this work, we thoroughly analyze the viability of such an approach.

to organizations like WHO
1

and Washington Post
2
, over 5% of the world's population (432 million

adults and 34 million children) and at least 48 million Americans are deaf with some form of hearing

loss. About500; 000Americans have a disabling hearing loss that noticeably disrupts communication.

2.1.1 Lipreading as a Mode of Communication

Lipreading is a primary mode of communication for people with hearing loss. The Scottish Sensory

Censor (SSC)
3

quotes, “whatever the type or level of hearing loss, a child is going to need to lipread

some of the time.” However, learning to lipread is not an easy task! Lipreading can be thought of being

analogous to “learning a new language” for people without hearing disabilities. People needing this

skill undergo formal education in special schools and involve medically trained speech therapists. Other

resources like daily interactions also help understand and decipher language solely from lip movements.

However, these resources are highly constrained and inadequate for many patients suffering from hear-

ing disabilities.

Inspired by the boom in online courses available for virtually every topic, we envision a MOOCs

platform forL ipReadingTraining (LRT) for the hearing disabled.

1
Deafness and Hearing Lossj WHO

2
As wearing masks becomes the norm, lip readers are left out!

3
Factors which help or hinder lipreadingj SSC
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Figure 2.2:Talking-face video generated using our pipeline.

2.1.2 Limitations of Current Online Platforms for Lipreading Training

Platforms like lipreading.org
4

and lipreadingpractice
5

provide basic online resources to improve

lipreading skills. These platforms allow users to learn limited levels of lipreading constrained by re-

sources. Unfortunately, the amount of vocabulary systematically covered during the exercises is ex-

tremely narrow. The videos also have minimal real-world variations in head-pose, camera angle, and

distance to a speaker, making it dif�cult for a lipreader to adapt to the real world. Finally, since these

resources are all available only in American or British-accented English, it becomes challenging for peo-

ple from other regions to adapt to their local accents and languages. All the above factors severely limit

the quality of human training. Therefore, we believe it is quintessential to scale the current lipreading

training platforms to incorporate extensive vocabulary and introduce variation in videos, languages, and

accents. However, recording videos is a costly affair. It requires expensive camera equipment, studio

environments, professional editors, and a substantial manual effort from the perspective of a speaker

whose videos are being recorded.

2.1.3 Major difference: Replacing real talking head videos with synthetic versions

To resolve this issue, we approach this from a different angle and ask: “Can we replace real talking

head videos used for training people suffering from hearing loss with synthetic versions of the same?”

A synthetic talking head with accurate lip synchronization to a given text or speech signal can enable

the scaling of LRT platforms to more identities, accents, languages, speed of speech, etc., making the

training process more rigorous. We take advantage of the massive progress made by the computer vision

4
lipreading.org

5
lipreadingpractice.co.uk
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community on synthetic talking head generation and employ a state-of-the-art (SOTA) algorithm [43],

as mentioned below.

We propose a novel approach to automatically generate a large-scale database for developing an

LRT MOOCs platform. We use SOTA text-to-speech (TTS) models [8] and talking head generators like

Wav2Lip [43] to generate training examples automatically. Wav2Lip [43] requires driving face videos

and driving speech segments (generated from the TTS in our case) to generate lip-synced talking head

videos according to the driving speech. It preserves the head pose, background, identity, and distance

of the person from the camera while modifying only the lip movements, as shown in Fig. 2.2.

2.1.4 Our Contributions

• Our approach can exponentially increase the amount of online content on the LRT platforms in an

automated and cost-effective manner, and can seamlessly increase the vocabulary and the number

of speakers in the database.

• We show that naively incorporating talking-head generator models for generating lipreading con-

tent is non-trivial, and design an audio-video alignment module that aligns the speech utterance

on the region with the mouth movements and adds silences around the aligned utterance.

• We propose a large-scale database for developing an LRT MOOCs platform and conduct an ex-

tensive user study on carefully thought out lipreading training exercises.

• We show through statistical analysis that (1) the users' performance on lipreading videos is not

signi�cantly different when switching from `real' to `generated' videos, and (2) the bene�t of

lipreading platforms in one's native accent through an extensive user study.

2.2 Our Proposal: A Synthetic Talking Head Database

Our lipreading training database generation pipeline: (1) Scrapes a set of face videos automatically

from the internet. This helps us cover a large number of identities, background variations, lip shapes,

etc. (2) Post-processes the scraped videos to �lter out invalid faces (such as drastic pose changes).

(3) Automatically curates a vocabulary of many words and sentences from various online sources. (4)

Generates synthetic speech utterances on the curated vocabulary. (5) Selects a driving face video and a

speech utterance to generate synthetic talking head videos using a SOTA talking head generation model,

Wav2Lip, in our case. Wav2Lip modi�es the lip movements of the driving video according to the speech

utterance. The rest of the video (background, pose, etc.) is retained. These synthetic videos (with or

without speech) are used to train humans in lipreading. The overall pipeline is illustrated in Fig. 2.3.
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Figure 2.3: Proposed pipeline for generating large-scale lipreading training platform:(a) Video Selection:
Videos are scraped from various online sources (such as YouTube) and invalid videos are �ltered out.(b) Audio
Selection: Synthetic speech utterances are generated using vocabulary curated from various online articles.(c)
Audio-Visual Alignment Module: A video and a speech utterance is selected and aligned on each other such that
the speech utterance overlaps with the region in the video with lip movements.(d) Wav2Lip: A state-of-the-art
talking head generation model that modi�es the lip movements of the video according to the speech utterance.(e)
User Evaluation: A validation step to ensure that users perform comparably on real videos and synthetic videos
generated using our approach.

2.2.1 Text-to-Speech System

We evaluate several TTS models: Fastspeech2 [8], Real time voice cloning [25], Glow-tts [29], and

Tacotron2 [49] trained on LibriTTS [71] and LJSpeech [24]. We evaluate them at different speeds -

1� , 1.5� , 1.7� , 2� , pitch, and volume variations. We collect qualitative feedback from30participants

without any hearing loss on the clarity of the generated speech and report the Mean Opinion Scores

(MOS) in the supplementary. For our experiments conducted on American-accented English, we use

Fastspeech2 with 1� speed con�guration pretrained on LJSpeech. For Indianised English accent, we

use an online TTS
7

with qualitatively similar performance to the speech generated by FastSpeech2. The

TTS models used in our pipeline are con�gurable plug-and-play modules and can be replaced with any

other TTS. This allows scalability and variations with little to no manual effort.

2.2.2 Synthetic Talking Head Videos

Since 2015, talking head generation models that modify the lip movements according to a given

speech utterance have gained much traction in the computer vision community [32, 19, 68]. While some

of these works generate accurate lip-sync, they are trained for speci�c speakers requiring large amounts

of speaker-speci�c data. [3] can be remodeled for generating talking heads but require far more manual

intervention limiting their use in our approach. Recent advances like LipGAN [26] and Wav2Lip [43]

are perfect for our approach since they work for any identity without requiring speaker-speci�c data.

Consequently, we adopt Wav2Lip in our pipeline. Wav2Lip takes a face video of any identity (driving

face video) and audio (guiding speech) as inputs. The model then modi�es the lip movements in the

original video to match the guiding speech, as shown in Fig. 2.2. The rest of the video features, such
7
http://ivr.indiantts.co.in/en/
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as the background, identity, and face pose, are preserved. The algorithm also works for TTS-generated

speech segments essential for our case.

2.2.3 Data Generation Pipeline

Data Collection Module: Random videos are �rst collected from various online sources such as

YouTube. These random videos introduce real-world variations a lipreader encounters in real life, such

as variations in the head-pose of the speaker, speaker's distance from the camera (lipreader), speaker's

complexion, and lip structure. We post-process these videos with a face-detection model to detect valid

videos. Valid videos are single-identity front-facing talking head videos with no drastic pose changes.

Speech utterances are generated using TTS models on vocabulary curated automatically from online

sources.

Audio-Video Alignment Module: In our next step, we randomly select a pair of driving speech and

a face video. To generate lip-synced videos using Wav2Lip, we match the video and speech utterance

length by aligning them and then padding the speech utterance with silence. Naively aligning the speech

utterance on the driving video can lead to residual lip movements, as shown in Fig. 2.4, `Misaligned

Video' row. Wav2Lip does not modify the lip movements in the driving video in the silent region. As a

result, the output contains residual lip movements (indicated in the red box) from the original video. This

can confuse and cause distress to the user learning to lipread. Our audio-video alignment module aligns

the speech utterance on the video region with lip movements, as shown in Fig. 2.4, `Aligned Video' row.

This way, Wav2Lip naturally modi�es the original mouth movements to correct speech-synced mouth

movements while keeping the regions with no mouth movements untouched.

We use lip-landmarks and the rate of change of the lip-landmarks between a prede�ned threshold of

frames to detect mouth movements in the face videos. Once we have detected lip movements, we align

the audio on the detected video region and add silences around the speech.

Data Generation: The aligned speech utterance and the face video are passed through Wav2Lip.

Wav2Lip modi�es the lip movements in the original video and preserves the original head movements,

background, and camera variations, thus allowing us to create realistic-looking synthetic videos in the

wild. Overall pipeline is illustrated in Fig. 2.3.

2.3 Evaluations: Human Lipreading Training

Lipreading is an involved process of recognizing speech from visual cues - the shape formed by

the lips, teeth, and tongue. A lipreader may also rely on several other factors, such as the context of

the conversation, familiarity with the speaker, vocabulary, and accent. Thus, taking inspiration from

lipreading.org and readourlips.ca
8
, we de�ne three lipreading protocols for conducting a user study to

evaluate the viability of our platform - (1) lipreading on isolated words (WL), (2) lipreading sentences

8
https://www.readourlips.ca/
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Figure 2.4:Audio-Video Alignment Module: Lip-sync models such as Wav2Lip modify the lip movements of
an `Original Video' (driving video) according to a given speech utterance. However, naively aligning the audio
and video before passing through Wav2Lip can result in a `Misaligned Video' with residual lip movements as
indicated in red-boxes. We design an audio-video alignment module that detects the mouth movements in the
original video. We then align the speech utterance on the region with the mouth movements and add silence
around the aligned utterance. Wav2Lip then generates an `Aligned Video' without any residual lip movements as
indicated in green boxes.
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Figure 2.5:Examples of different protocols used for our user study. (a) lipreading isolated words (WL): the
speaker mouths a single word, and the user is expected to select one of the multiple choices presented. (b)
lipreading sentences with context (SL): the speaker mouths an entire sentence. The user is presented with the
context of the sentence and is expected to select one of the sentences in multiple choices, and (c) lipreading
missing words in a sentence (MWIS): the speaker mouths an entire sentence. The user is presented with a sentence
with blanks (masked words); the user needs to identify the masked word from the video and sentence context and
answer in text format.

with context (SL), and (3) lipreading missing words in sentences (MWIS). These protocols rely on a

lipreader's vocabulary and the role that semantic context plays in a person's ability to lipread.

2.3.1 Lipreading on isolated Words (WL)

The ability to disambiguate different words through visual lip movements helps shape auditory per-

ception and speech production. Inword-level (WL) lipreading, the user is presented with a video of

an isolated word being spoken by a talking head, along with multiple choices and one correct answer.

When a video is played on the screen, the user must respond by selecting a single response from the

provided multiple choices. Visually similar words (homophenes) are placed as options in the multiple

choices to increase the dif�culty of the task. The dif�culty can be further increased by testing for dif�-

cult words - dif�culty associated with the word to lipread, e.g., uncommon words are harder to lipread.

For the purpose of our study, we test the users only on the commonly known words. The multiple an-

swer choices have been �xed to 5 options. An example of word-level lipreading is shown in Fig. 2.5

(a).

2.3.2 Lipreading Sentences with Context (SL)

In sentence-level (SL) lipreading, the users are presented with (1) videos of talking heads speak-

ing entire sentences and (2) the context of the sentences. The context acts as an additional cue to the

mouthing of sentences and is meant to simulate practical conversations in a given context. According

to [4], the context of the sentences can improve a person's lipreading skills. Context narrows the vo-

cabulary and helps in the disambiguation of different words. We evaluate our users in two contexts - A)

Introduction - `how are you?', `what is your name?', and B) Lipreading in a restaurant - `what would

you like to order?'. Like WL lipreading, we provide the user with a �xed number of multiple choices
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