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Abstract

This thesis explores the development and advancement of lip-to-speech synthesis techniques, ad-
dressing the challenge of generating speech directly from visual lip movements. Unlike text-to-speech
systems that rely on explicit linguistic information in the form of text tokens, lip-to-speech synthesis,
aims to interpret ambiguous visual cues, presenting unique challenges in mapping similar lip shapes that
can produce different sounds. Inspired by the chronological advancements in text-to-speech synthesis
the research goals are broken into single-speaker lip-to-speech where a specific model is trained for each
speaker with a large amount of speaker-specific data followed by multi-speaker approaches which aims

to train a single model which can work for any speaker in-the-wild.

The first work presented in this thesis deals with lip-to-speech generation problem in large vocabu-
lary in unconstrained settings albeit with a model trained for a particular speaker. In this work, a novel
sequence-to-sequence model was introduced that leveraged spatio-temporal convolutional architectures
to effectively capture the fine-grained temporal dynamics of lip movements and implemented a mono-
tonic attention mechanism that more accurately aligned the visual features with corresponding speech
parameters. Testing on the LRS2 dataset showed a 24% improvement in intelligibility metrics over base-
line methods. In this work, a new dataset was released providing sufficient speaker-specific data with
a diverse vocabulary of around 5,000 words to support the development of accurate, speaker-specific
models. While this approach showed promise, it was obviously limited to single-speaker scenarios and

failed to scale effectively to sentence-level multi-speaker tasks, necessitating further research.

To address these limitations, a Variational Autoencoder-Generative Adversarial Network (VAE-
GAN) architecture was developed for multi-speaker synthesis in unconstrained settings with a vocab-
ulary exceeding 50,000 words. This model was designed to overcome the inherent stochasticity in
lip-to-speech mapping and handle multiple speaker identities without speaker-specific training, requir-
ing only about 3 minutes of data per speaker compared to previous approach of over 600 minutes of
data for a particular speaker. A key contribution of this work was the use of variational autoencoders to
predict separate distributions for encoding speech content and lip movements and tieing them together
with a KL-divergence loss. Additionally a Wasserstein GAN was also used to enhance the speech qual-
ity. Extensive ablation studies validated the architecture components, showing that the model produced
more intelligible and realistic speech compared to existing approaches. However, significant quality lim-
itations remained, with Automatic Speech Recognition tests revealing approximately 90% Word Error

Rate, rendering it impractical for real-world applications.
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Building upon these findings and acknowledging parallel advancements in lip-to-text technologies, a
third approach was developed utilizing noisy text supervision. This method integrated a state-of-the-art
lip-to-text network to generate intermediate text from lip movements, followed by a visual text-to-speech
network that conditioned not only on the noisy text but also on the lip movements to produce speech
synchronized with the original lip movements while following the text content. The key contribution in
this case was a novel cross-attention mechanism in the visual TTS module that effectively aligned the
visual features with the text tokens. By addressing the synchronization challenges that would arise from
a simple lip-to-text followed by text-to-speech pipeline, this approach successfully maintained tempo-
ral alignment with the original visual input. Comprehensive experimentation demonstrated consistent
superiority across multiple challenging benchmarks, including LRW, LRS2, and LRS3 datasets, with
the model achieving notable improvements in all speech quality metrics (PESQ, STOI, ESTOI). Hu-
man evaluations further validated these findings, with particularly strong performance in intelligibility,
content clarity, and synchronization accuracy. The approach scored 3.31/5 in overall perceptual quality
compared to 2.96/5 for the baseline lip-to-text + TTS approach, and achieved a Word Error Rate of 26%
compared to 36% for competing methods. Detailed analysis through various ablation studies provided
deeper insights into the model’s behavior. Phoneme error rate analysis revealed that the model primarily
struggled with phonemes having minimal lip visibility (D, EH, K, N, and ER), an inherent limitation of
visual-only approaches. Additional testing across different demographics (gender, age, race) and varied
conditions (emotions, head poses) demonstrated the model’s robustness while identifying specific areas
for improvement. Most significantly, this approach was successfully demonstrated on an ALS patient
who could mouth words but had limited vocal cord function, generating intelligible speech with a Word
Error Rate of approximately 37%. This real-world application represents the first demonstration of auto-
matic lip-to-speech synthesis for an unseen speaker in an entirely out-of-domain scenario, highlighting
its transformative potential for assistive technology applications.

The research extended beyond basic lip-to-speech synthesis to explore practical applications, partic-
ularly in Audio-Visual Speech Enhancement. Two interconnected problems were investigated: audio-
visual speech super-resolution and audio-visual speech denoising, both conceptualized as extensions
of lip-to-speech synthesis incorporating additional noisy audio inputs. This exploration demonstrated
how integrating lip movement data with traditional speech processing techniques could significantly
improve speech signal quality and intelligibility in challenging environments where conventional audio-
only methods fall short. The visual cues from lip movements were leveraged to reconstruct and augment
low-quality audio data, achieving higher-resolution speech output and more effective noise reduction
in heavily contaminated environments. Throughout all approaches, extensive experimentation was con-
ducted to optimize model parameters. Resolution analysis revealed that 96 x 96 pixel inputs provided the
optimal balance between performance and computational efficiency, with higher resolutions (256 x 256)
showing decreased performance due to increased computational complexity and noise sensitivity. The
studies demonstrated that temporal modeling capacity was more critical than spatial resolution for ac-

curate lip-to-speech synthesis. All models were rigorously evaluated using multiple objective metrics
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(PESQ, STOI, ESTOI, and WER) and subjective listening tests, with particular attention to their poten-
tial in assistive technology applications.

Overall, this thesis contributes significant advancements to the field of lip-to-speech synthesis across
single-speaker and multi-speaker domains, progressively addressing limitations of each approach and
establishing new benchmarks in this rapidly evolving field. The research demonstrates the potential for
creating more accessible assistive technologies for individuals who retain lip mobility despite speech
impairment, as well as applications in media enhancement, silent communication interfaces, and audio-

visual processing systems.
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1.8 In recent years, the field of lip-to-speech synthesis has undergone remarkable advance-
ments, evolving from its initial focus on constrained single-speaker scenarios to more
complex and realistic settings. The journey commenced with studies centered on a
single speaker under controlled conditions, laying the foundational framework for the
domain. Subsequently, research efforts shifted to unconstrained single-speaker mod-
els, broadening the applicability and robustness of these systems by accounting for
variations in speech and facial expressions. Most recently, the frontier has extended
to unconstrained multi-speaker lip-to-speech synthesis, representing a quantum leap in
complexity and real-world relevance. This evolution underscores the significant strides
the field has made, moving closer to robust and versatile applications that can handle
Various SCENATIOS. . . . v v v v v v v e e e e e e e e e e e e e e e 11

2.1 In the figure, we present a comprehensive overview of the primary training strategies
employed in lip-to-speech networks over time. Early models addressing constrained
lip-to-speech synthesis typically utilized a standard encoder-decoder architecture. This
has since been improved by sequence-to-sequence learning models, which often lever-
age transformer architectures or other advanced sequence-to-sequence techniques. Ad-
ditionally, some recent works have ventured into mapping lip movements and speech
to interrelated distributions, aiming to achieve a more accurate and nuanced correspon-
dence between the two modalities. . . . . . . .. .. ... L oL oL 26
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Chapter 1

Introduction

For centuries, speech has been a fundamental aspect of human communication, social interaction,
and the transmission of knowledge and culture, captivating researchers from various disciplines. Re-
searchers have explored the complexities of speech, including its production, processing, acquisition,
development, and social implications. Speech production involves multiple components of the human
body, including the larynx (voice box), tongue, teeth, and nasal cavity. However, lip movements are
the most direct and observable link between speech and vision, making them particularly interesting to
the computer vision community, as they provide the only easily identifiable visual cue related to speech
production that can be captured and analyzed by vision systems. Lip movements and speech are closely
connected and work together to help us communicate better. This interesting link has caught the atten-
tion of researchers in artificial intelligence, leading to the creation of various technologies that involve
both lip movements and speech. Historically, the first significant contribution is Alexander Melville
Bell’s “The Visible Speech Manual,” [1] created in 1867 to teach lip-reading. His son, Alexander Gra-
ham Bell, and colleague David Murray later expanded upon this work in the early 20th century with
“The Visible Speech Movement” [2]. These pioneering studies laid the groundwork for understanding
the intricate relationship between lip movements and speech. Building on the groundwork laid by the
Bells, various researchers have delved deeper into the relationship between lip movements and speech.
In the early 20th century, neurosurgeon Wilder Penfield used electrical brain stimulation to identify re-
gions responsible for speech, including lip articulation [3]. Concurrently, linguist Benjamin Lee Whorf
explored how lip movements and the sounds of different languages could influence thought [4]. One
of the earliest specific studies [5] on this topic came in 1929 from Utzinger et al., who highlighted the

importance of lip movements in articulation and speech production.

1.1 Audio-Visual Perception in Humans

According to a study published in the Journal of Experimental Psychology - Frontiers in Devel-
opmental and Related Phenomena (JPD) [6], speech perception in infants as young as 4.5 months is
influenced by sensorimotor information related to lip movements, such as those associated with chew-

ing or sucking. Another study [7] suggests that even very young infants can detect when sounds and



lip movements do not match, even if they do not yet understand the meaning of spoken words. This
study found that the amount of inattention measured was not related to age or birth weight and that there
were no differences between trials, which may suggest that the awareness of the relationship between lip
movements and speech sounds is innate. According to [8], the function and structure of the dorsal audi-
tory stream play a crucial role in the visual enhancement of speech perception in noise. Lip movements
can improve the specificity of phoneme representations and enhance the network connectivity of the
dorsal stream, leading to improved speech perception. The influential paper “Hearing lips and Seeing
Voices” [9] by Harry McGurk and John MacDonald, published in 1976, demonstrated the impact of lip
movements on our hearing abilities. The McGurk effect illustrates that humans perceive the same sound
differently depending on the accompanying lip movements. Masapollo et al. conducted a study [10] us-
ing magnetic resonance imaging (MRI) to scan speakers’ mouths while they pronounced various vowel
sounds. The scans showed that the lips and tongue make distinct movements for each vowel sound and

that the movements of these muscles contribute significantly to the production of vowel sounds.

1.2 Multimodal Learning: Mirroring Human Perception

Multimodal deep learning has emerged as a subfield of artificial intelligence that focuses on inte-
grating multiple modalities or types of data to improve the performance of machine learning models.
One of the main goals of multimodal deep learning is to develop machine learning models that can
extract and use relevant information from multiple modalities to make better decisions or predictions.
This can be particularly useful in tasks where different modalities provide complementary information,
such as natural language processing, image and video analysis, or speech recognition. There has been
significant progress in multimodal research on several tasks that need to process and understand visual
and textual information, such as visual question answering (VQA) [11, 12] and image caption genera-
tion [13]. VQA involves answering natural language questions about visual content, such as images or
videos. Image caption generation creates textual descriptions of images, combining visual and language
information. While this task links static images with text, another interesting area explores the dynamic
relationship between visual and auditory information in human speech. The natural connection between
lip movements and speech has long fascinated researchers. This correlation makes it an exciting field
for artificial intelligence research. One key application is multimodal speech recognition [14], which
uses both audio and lip movement information to transcribe speech. This approach is particularly useful
in noisy environments where audio alone is insufficient. The strong link between lip movements and
speech not only improves such practical applications but also helps us better understand and replicate

human communication through artificial intelligence.

1.2.1 Why using lip movements and speech for multimodal deep learning is beneficial?

Researchers have formally characterized lip movements as a sequence of visemes, each representing

the visual aspects of speech production, such as the positioning and movement of lips and mouth. In
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Figure 1.1 The multimodal ecosystem of audiovisual speech processing. This diagram illustrates the
bidirectional relationship between visual information (lip movements) and auditory signals (speech
waveforms). At its center, audiovisual synchronization serves as the foundational mechanism con-
necting these modalities. The diagram showcases how information from one modality can generate or
augment another: lip movements can be synthesized into speech with varying degrees of complexity
(progressing from constrained single-speaker to unconstrained multi-speaker systems), while speech
audio can drive visual representations through both speaker-specific and speaker-agnostic lip synchro-
nization, as well as broader head movement generation. This circular architecture highlights how ad-
vancements in cross-modal synthesis enable increasingly natural human-computer interaction systems,
with each approach building upon shared principles of temporal alignment and modality translation.

contrast, the auditory aspect of speech is captured by a sequence of phonemes, which are the distinct

units of sound that differentiate meaning in language.

Phonemes: A phoneme is the smallest unit of sound in a language that can distinguish meaning.
Phonemes are abstract representations of sounds and do not necessarily correspond to a single, specific
sound; rather, they encompass a set of sounds that are perceived as equivalent within a given language.
For example, in English, the sounds represented by “p” in “pat” and “spat” are considered the same
phoneme, even though they are slightly different acoustically. Phonemes are crucial in understanding
the structure of languages and in the study of phonology, which is the study of how sounds are organized

and used in natural languages.

Visemes: Visemes, on the other hand, are the visual equivalent of phonemes. They refer to the set
of facial movements and positions (like lip shapes and tongue positions) that are used to produce speech
sounds. In lip reading (or speech reading), visemes are the units that are recognized and interpreted.

Since multiple phonemes can produce similar or identical facial movements, a single viseme may cor-



respond to multiple phonemes. For instance, the phonemes /p/, /b/, and /m/ might all be associated with
the same viseme involving closed lips.
It is well known that the two modalities can provide complementary information streams. For exam-
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ple, the visemes for the phonemes “ma,” “pa,” and “ba” are identical while sounding different, whereas
the phonemes “ma” and “na” sound similar but have distinct lip movements.

The research community has explored how lip movements and speech can be used to solve a variety
of problems in both the fields of computer vision and speech processing. The first fundamental problem
was, of course, to determine whether there is synchronization between lip movements and speech.
This is a critical issue because if the synchronization problem cannot be solved, it would be challenging
to tackle other related problems effectively. Ensuring that lip movements and speech are in sync is
essential for applications such as dubbed movies, video conferencing, and virtual avatars, where any
mismatch between the two can be highly noticeable and distracting.

The second most important problem that has been addressed using lip movements and speech is the
generation of lip movements from speech, also known as speech-to-lip synthesis. This task involves
predicting the corresponding lip positions for a given speech input. Lip movements and speech follow
a one-to-many relationship. In other words, multiple speech sounds can correspond to the same lip
position, making speech-to-lip synthesis a relatively straightforward problem to solve.

On the other hand, the reverse task of generating speech from lip movements, or lip-to-speech
synthesis, is considered to be far more challenging. Lip-to-speech synthesis faces the challenge of
one-to-many mapping between lip positions and speech sounds. This means that a single lip position
can correspond to multiple speech sounds, making it more difficult to predict the corresponding speech

accurately.

1.2.1.0.1 Applications of lip-to-speech Lip-to-speech synthesis is particularly motivating because
it can revolutionize how we interact with technology and each other. Imagine a world where silent lip
movements can be transformed into audible speech, enabling individuals who have lost their ability to
speak to communicate more effectively. Lip-to-speech synthesis could also enhance the naturalness of
voice assistants and create more engaging virtual reality experiences. Moreover, this technology could
be used to generate speech in different languages or accents, opening up new possibilities for cross-

cultural communication and language learning.

1.2.2 Overview of the thesis

This thesis addresses the challenging problem of lip-to-speech synthesis in detail. However, before
delving into the specifics of the approach and contributions, it is essential to provide a comprehensive
overview of the entire field that explores the interplay between lip movements and speech. This intro-
ductory chapter summarizes the major problems and research areas within this domain, setting the stage
for a better understanding of the overall landscape. By presenting a broad perspective on the various as-

pects of lip movements and speech, the author aims to contextualize the significance of the contributions



in this thesis. Furthermore, this chapter also highlights some of the other notable contributions made by
the research group, which, although not directly part of this thesis, have played a crucial role in shaping
the understanding and advancing the state-of-the-art in this field. Through this introduction, the author
strives to provide readers with a solid foundation and a clear picture of the challenges, opportunities,
and recent developments in the area of lip movements and speech.
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Figure 1.2 In this Figure, we show the different lip shapes (visemes) that are associated with particular
phonemes. Researchers have long envisioned using this association to solve several challenging tasks.

1.3 Audio-Visual Sync

1.3.1 Motivation:

While speech and lip movements are naturally correlated, it was paramount for a neural network
to learn the concept of “sync” between lip shapes (visemes) and phonemes in speech. Thus, the first
works in this space explored this relationship with great interest and attempted to learn it. The general
question was “can a deep learning network be trained to understand what is in sync and what is not?”. In
the realm of audio-visual speech technologies, understanding this synchronization between lip shapes
(visemes) and speech sounds (phonemes) is a foundational aspect. This synchronization forms the core
of accurately modeling tasks like lip-to-speech synthesis or speech-to-lip generation. The ability of a

network to discern and maintain this sync is beneficial and essential for the success of these tasks.
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Figure 1.3 SyncNet-like models are trained by creating positive and negative audio-visual pairs and are
trained with a contrastive learning strategy. The three most popular models improved the loss function
incrementally, improving the detection accuracy of sync between audio and video pairs.

Contrastive learning between lip movements and speech The first work to solve this problem was
SyncNet [15] in 2016, which used a standard contrastive learning approach.

SyncNet [15] helps to determine whether a given set of lip movements and an audio segment match
up. It uses a technique called contrastive learning [16] to achieve this. The system has two parts: a visual
encoder and an audio encoder. The visual encoder takes five consecutive frames of grayscale images
and processes them to produce a 256-dimensional vector. The audio encoder takes in a short chunk of
audio, represented as a set of numbers called Mel-frequency cepstral coefficients, and produces a 256-
dimensional vector. The system is trained by showing pairs of audio and video segments, with some
pairs being correctly matched (called positive samples) and others being mismatched (called negative
samples). SyncNet uses these pairs to learn how to differentiate between a matching and mismatched

pair.
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Figure 1.4 Detecting active speakers in a video is a major application of SyncNet-like networks.

During inference, any audio-visual pair is passed through the network, and the distance between the
embeddings determines whether the speech and lip movements are in sync or not.

Using a better loss function A version of SyncNet similar to the original was published in [17].
The network uses a SyncNet-like architecture with two key changes: instead of using a contrastive loss



between the audio and video embeddings, the authors propose to use a classification head with a binary
cross-entropy loss function, and they also use the L2-norm on the audio and video embeddings before
passing them to the classifier. The network uses the same training strategy as SyncNet, sampling positive
and negative pairs to classify.

Using multiple negatives The study published in [18] stands as one of the most effective methodolo-
gies for classifying audio-visual synchronization. Utilizing a dual-encoder architecture for processing
audio and video streams, the network is trained on the LRS2 dataset using multi-class cross-entropy
loss. A key innovation lies in the incorporation of multiple negative pairs during training. For each
video segment, N’ corresponding audio segments are sampled, only one of which is positively corre-
lated with the video. The rest are randomly selected to serve as negative pairs. The model computes
the L2 distance between the encoded audio and video features, which is then passed through a softmax
classifier. This classifier produces a one-hot vector, indicating the index of the positive pair, thereby
significantly enhancing the network’s performance. A brief graphical description of all three networks
is presented in Figure 1.3.

Practical Usage of SyncNet [15]: The high accuracy of these models helped in the collection of
large datasets like VoxCeleb, VoxCeleb2 use SyncNet [15] for detecting active speakers as shown in
Figure 1.4. Researchers ensured the large-scale datasets did not contain any out-of-sync segments by
automatically cross-checking the lip-sync accuracy using networks like SyncNet [15], saving hundreds
of human hours. Our research takes this concept further by employing networks like SyncNet as a
novel approach to evaluate synchronization. In the context of our thesis, which focuses on lip-to-speech
synthesis, SyncNet serves another purpose. It acts as a metric to assess the quality of synchronization.
This method lets us quantitatively measure how well the generated speech aligns with lip movements.
In the realm of speech-to-lip generation, SyncNet also plays a pivotal role as a discriminator, serving
both as a loss function during the training process and as a metric for evaluating the final output. This
dual functionality is crucial in fine-tuning speech-to-lip models to achieve high accuracy in generating

lip movements corresponding to a given speech.

1.4 Speech-to-Lip Synthesis

Speech-to-lip synthesis, the generation of talking head videos from speech, is a simpler task com-
pared to lip-to-speech synthesis due to the many-to-one relationship between speech sounds and lip
positions. This characteristic simplifies the learning process for neural networks and reduces the de-
pendency on long-term context. Research in this field has led to various approaches and methodologies
for creating realistic and synchronized lip movements from speech inputs [19-24]. Early works fo-
cused on speaker-specific models, training networks on substantial amounts of data from individual
speakers to capture the unique relationship between their speech and lip movements. These models
excel at generating personalized lip movements but often require extensive speaker-specific data and

computational resources. To address the limitations of speaker-specific models, researchers developed
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Figure 1.5 The general idea for the speaker-specific talking head generation works are presented in this
figure.

speaker-agnostic approaches that can generalize to new speakers without requiring individualized data.
These models, such as You-said-that? [25, 26], LipGAN, and Wav2Lip [27], are trained on diverse
datasets containing talking head videos from a wide range of speakers [28-32]. While they may lack
the nuanced expressiveness of speaker-specific models, they offer scalability and broader applicabil-

ity. Recent advancements in speech-to-lip synthesis have focused on improving the quality and resolu-
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Figure 1.6 The different training strategies of seminal speaker-agnostic lip sync generation works are
presented in this Figure. Each method made incremental improvements, leading to improved generation
quality.

tion of generated videos, as well as incorporating head movements and facial expressions. Works like
Wav2Lip-VQ [33] and VideoReTalking [34] have achieved higher fidelity lip movements and enhanced
visual quality by leveraging intermediate representations and face enhancement techniques. In addi-
tion to lip movements, researchers have explored generating realistic head motions, expressions, and
emotions from speech. Although more challenging due to the indirect relationship between speech and
head motion, works like MakeltTalk [35], Audio2Head [36], and PiRenderer [37] have made progress in
this area by predicting facial landmarks, trainable key-points, or 3D morphable model parameters from

speech [38-40]. Speech-to-lip synthesis has witnessed significant advancements, with models capable
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Figure 1.7 Networks designed to predict head motion from audio commonly employ intermediate rep-
resentations to capture facial nuances. These models typically use a sequential architecture to forecast
various forms of face representations from audio, such as face landmarks, learnable key points, and 3D
parameters. Subsequently, a separate rendering network takes a single RGB frame and morphs it in
accordance with the predicted intermediate representations, enabling more accurate and detailed simu-
lations of head movements.

of generating increasingly realistic and personalized talking head videos from speech inputs. However,
challenges remain in capturing the nuanced expressiveness of individual speakers and generating natural
head movements that align with the speech content [41,42].

In summary, the field of speech-to-lip synthesis has progressed from simpler to more complex chal-
lenges over time. Early works focused on speaker-specific models, often using sequence-to-sequence
architectures. Later, researchers developed multi-speaker approaches to generate lip movements for a
wider range of speakers. More recently, the field has tackled the even harder problem of audio-to-head
movement generation, which involves synthesizing lip movements, head gestures, and facial expres-
sions from audio. This is considered an ill-posed problem due to the many possible head movement
sequences for a given audio input.

In this thesis, the focus is on the reverse problem: lip-to-speech synthesis, which generates speech
from lip movements. While this task has its own challenges, inspiration is taken from the progress
made in speech-to-lip synthesis, adapting those techniques and ideas to effectively address lip-to-speech
synthesis. Progress in this field has guided the development and refinement of methods used in this

research.

1.5 Lip-to-Speech Synthesis: Contribution of this thesis

This thesis focuses on the challenging problem of lip-to-speech synthesis, which has received less at-
tention than the generation of talking face videos. The complexity of this task arises from the ambiguous
nature of lip movements, as a single viseme can correspond to multiple phonemes. Additionally, speech

generation itself presents its own set of challenges related to voice generation, maintaining prosody,



etc. Lip-to-speech synthesis is a cross-modal process where visual information from lip movements is
transformed into corresponding speech signals. Unlike text-to-speech systems that work with explicit
linguistic information, lip-to-speech must infer acoustic characteristics from visual cues alone, navi-
gating the inherent ambiguity where multiple sounds share identical lip shapes. This technology has
significant potential for applications ranging from assistive devices for speech-impaired individuals to
enhanced communication in noisy environments, making it an important yet underexplored area within

audiovisual speech processing.

1.5.1 Motivation for lip-to-speech synthesis

The human ability to interpret speech from lip movements is a natural phenomenon deeply ingrained
in our communication process. This innate skill becomes particularly prominent in situations where au-
ditory speech is absent or obscured. Lip-to-speech synthesis has numerous potential applications across
various domains. In assistive technology, it can aid individuals with speech impairments or disorders to
communicate more effectively. Speech therapists can use lip-to-speech synthesis to provide visual and
auditory feedback, helping patients improve pronunciation and speaking skills. In telecommunications,
it can fill in missing audio content during video calls or conferences with poor audio quality. The en-
tertainment industry can benefit from lip-to-speech synthesis by enhancing dubbing in foreign-language
films or creating realistic voice-overs for animated characters. In education, this technology can create
accessible learning materials for students who are deaf or hard of hearing. Furthermore, lip-to-speech
synthesis can contribute to the development of more natural and intuitive voice interfaces for virtual
assistants or smart home devices in the field of human-computer interaction. As research in this area
continues to advance, it is likely that even more innovative and impactful applications will emerge,
demonstrating the value and importance of lip-to-speech synthesis in improving communication and
accessibility across various sectors of society.

Early works on lip-to-speech synthesis, such as Vid2Speech [43], Improved Vid2Speech [44], Lip-
per [45], Lip2 AudSpec [46], and others [47-49], were groundbreaking in their approach to generating
speech from lip movements. However, these studies were typically conducted in controlled environ-
ments, which limited their applicability to real-world scenarios. The videos used in these works were
often recorded in laboratory settings, featuring talking heads with minimal head movement, restricted
vocabulary, and limited expression changes. While these controlled conditions allowed researchers to
focus on the fundamental challenges of lip-to-speech synthesis, they also introduced certain limitations.
The lack of natural head movement and expressions in the training data may have hindered the models’
generalization of more dynamic and realistic speaking scenarios. Additionally, the restricted vocabulary
used in these studies may have limited the models’ capacity to handle diverse speech content encoun-
tered in real-life situations. Furthermore, the laboratory setting in which these videos were recorded
may not have adequately captured the variations in lighting, camera angles, and background noise that
are common in real-world environments. As a result, the models trained on such data may struggle to

perform well when applied to videos captured in uncontrolled settings. Despite these limitations, early
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works on lip-to-speech synthesis laid a crucial foundation for future research in this field. They demon-
strated the feasibility of generating speech from lip movements and provided valuable insights into this
task’s challenges and potential solutions. These pioneering studies paved the way for subsequent re-
search efforts mentioned in this thesis to address the limitations of controlled environments and develop

more robust and generalized lip-to-speech synthesis models.
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Figure 1.8 In recent years, the field of lip-to-speech synthesis has undergone remarkable advance-
ments, evolving from its initial focus on constrained single-speaker scenarios to more complex and
realistic settings. The journey commenced with studies centered on a single speaker under controlled
conditions, laying the foundational framework for the domain. Subsequently, research efforts shifted
to unconstrained single-speaker models, broadening the applicability and robustness of these systems
by accounting for variations in speech and facial expressions. Most recently, the frontier has extended
to unconstrained multi-speaker lip-to-speech synthesis, representing a quantum leap in complexity and
real-world relevance. This evolution underscores the significant strides the field has made, moving
closer to robust and versatile applications that can handle various scenarios.

The first significant contribution of this thesis is the development of Lip2Wav [50], a novel ap-
proach that addresses the problem of lip-to-speech synthesis in unconstrained single-speaker settings.
Lip2Wav focuses on learning the speech patterns of a specific speaker by training on large amounts of
in-the-wild videos. It introduces sequence-to-sequence learning for this problem and uses a modified
Tacotron-2 network [51] to generate speech from lip movements. A follow-up work [52] builds upon
Lip2Wav by incorporating self-supervised speech representations and acoustic variance information to
improve speech synthesis quality.

The second contribution of this thesis is the development of a variational approach [53] for uncon-
strained multi-speaker lip-to-speech synthesis. This approach learns a mapping between lip movements
and speech distributions, using an ASR like DeepSpeech2 [54] to generate content embeddings and a
speaker-embedding from [55] to condition the decoder. Other notable works in this domain include
VCA-GAN [56], which employs a visual context attention module, and [57], which uses a conformer-
based architecture.

The third contribution of this thesis is the use of pre-trained lip-to-text models to assist in lip-
to-speech synthesis [58]. This approach generates text transcriptions from silent video input using

11



subword-level lip reading techniques and employs Visual Transformer Pooling (VTP) embeddings to
condition the subsequent text-to-speech (TTS) synthesis process. The TTS network, adapted from Fast-
Speech2 [59], is modified to incorporate these VTP embeddings, allowing it to be conditioned on both
the text and the lip movements. This dual conditioning enables the network to generate accurate, natural,
and high-quality speech output. For the first time, speech generated solely from lip movements from a
neural network is shown to be practically usable in this work.

The fourth and final major contribution of this thesis is the exploration of noisy speech-assisted
lip-to-speech synthesis, which extends the scope and applicability of lip-to-speech (L2S) technology.
We demonstrate the effectiveness of our approach in two types of speech enhancement: noise reduction
and super-resolution of speech signals. By leveraging the complementary information provided by
noisy speech and lip movements, our proposed method improves the robustness and practicality of L2S
technology in real-world scenarios.

In summary, this thesis makes four main contributions to the field of lip-to-speech synthesis. First, it
tackles challenges in single-speaker settings with approaches like Lip2Wav. Second, it addresses multi-
speaker settings using variational methods. Third, it explores the use of pre-trained lip-to-text models
to improve synthesis quality. Finally, it investigates the integration of noisy speech inputs to enhance
the practicality of lip-to-speech systems in real-world scenarios, demonstrating the effectiveness of this
approach in both noise reduction and speech signal super-resolution. While there is still room for im-
provement, these contributions collectively advance the state-of-the-art in lip-to-speech synthesis and

bring us closer to developing practical applications that can work well in various real-world situations.

1.6 Structure of the thesis

The thesis is systematically structured into seven chapters, each focusing on a distinct aspect of

lip-to-speech synthesis. The chapters are organized as follows.

1. Chapter 1: Introduction
This introductory chapter provides an overview of the research problem, its significance, and the

main contributions of the thesis.

2. Chapter 2: Background
This chapter provides a comprehensive background on the fields of lip-to-text, text-to-speech,
and lip-to-speech synthesis. It will summarize the key contributions of this thesis in the context

of lip-to-speech synthesis and highlight other contemporary work in these areas.

3. Chapter 3: Unconstrained Single-speaker Lip-to-Speech Synthesis
Focusing on single-speaker scenarios, this chapter details the development and nuances of the
Lip2Wav model. It delves into the technical aspects of the model, the sequence-to-sequence

approach, and the evaluation of its performance.

12



. Chapter 4: Towards Lip-to-Speech Synthesis for Arbitrary Identities in the Wild
This chapter discusses the novel VAE-GAN-based approach for multi-speaker lip-to-speech syn-
thesis. It examines the model architecture, its ability to handle the inherent ambiguity in lip

movements, and its performance across diverse speaker profiles.

. Chapter 5: Accurate Lip-to-Speech Synthesis for Arbitrary Identities in the Wild
The chapter explores an advanced approach for multi-speaker lip-to-speech, utilizing a lip-to-text
network to distill content and lip-shape information. This chapter describes the process of training

a visual text-to-speech system using this distilled information.

. Chapter 6: Adding Degraded Speech to Lip-to-Speech Synthesis setup
This chapter discusses how adding degraded speech inputs in lip-to-speech can enhance speech

quality, thereby extending the scope of lip-to-speech networks.

. Chapter 7: Conclusion
The final chapter summarizes the findings, discusses the research implications, and suggests di-

rections for future work in the field of lip-to-speech synthesis.
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Chapter 2

Background

This background chapter provides a comprehensive overview of three interconnected problems. The
chapter begins with a comprehensive overview of the primary datasets used in the field of speech and
lip movement analysis. It discusses the characteristics, strengths, and limitations of these datasets, pro-
viding context for their use in various research efforts. Following the discussion of datasets, the face
and speech representations used in several contributions of this thesis are examined in detail. These
representations play a crucial role in the lip-to-speech synthesis process and are fundamental to the
approaches developed in this research. Then, this chapter explores the task of lip-to-text synthesis, a
sister task to lip-to-speech. Next, the chapter delves into the advancements in text-to-speech technolo-
gies, tracing their evolution and current state-of-the-art approaches. This discussion provides crucial
context for understanding the challenges and possibilities in speech synthesis. Finally, it thoroughly ex-
amines the main works in lip-to-speech synthesis, the central focus of this thesis. In this subsection, the
progression of research in this field is chronicled, including the author’s published works. These contri-
butions are positioned within the broader context of the field, highlighting how they have advanced the

state-of-the-art and addressing the challenges they’ve overcome.

2.1 Audio-Visual Datasets

2.1.1 Self-supervision between Lip Movements and Speech

Self-supervised learning in machine learning is leveraged to utilize the inherent structure of unlabeled
data for training. In the context of lip movements and speech, one is used as the supervisory signal for
the other, eliminating the need for manual labeling. A rich source of self-supervised data is provided
by the abundance of talking face videos online, from lectures to interviews. These datasets, featuring
synchronized lip movements and speech from thousands of individuals, are considered valuable for
various tasks in this domain. In this survey, several public datasets are evaluated on key metrics like data
volume, speaker diversity, and vocabulary. The datasets are categorized into ’constrained,” collected in
a lab setting, and ’unconstrained,’” featuring in-the-wild videos. This information and other attributes

like text transcripts and video dimensions are summarized in Table 2.1 for easy comparison.
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2.1.2 Constrained Datasets

Early audio-visual datasets, such as GRID [60] and TCD-TIMIT [61], were recorded in a laboratory
setting with a limited vocabulary. The GRID [60] Corpus is a collection of audio and video recordings
of 34 different people speaking 1000 sentences each. The recordings are of high quality and are intended
to be used for research on speech perception. The corpus includes both audio and video recordings of
the talkers’ faces and consists of 18 male and 16 female talkers. The TCD-TIMIT [61] database is also
a collection of audio-visual recordings of continuous speech. While it includes 13826 video clips in
MP4 format, featuring 62 speakers reading 6913 sentences, videos from 3 professional lip speakers are
considered for most of the tasks. Both of these datasets consist of frontal talking face videos of a small
number of individuals without any head movement. They also include text transcripts alongside the
audio-visual data to aid in lip reading. The Multi-view Emotional Audio-visual Dataset (MEAD) [62] is
a comprehensive talking-face video corpus featuring 60 actors speaking with eight different emotions at
three different intensity levels, with the exception of neutral. The videos were recorded simultaneously
from seven different perspectives in a controlled environment to capture high-quality details of facial
expressions. The corpus comprises approximately 40 hours of audio-visual clips per person and view.

The constrained datasets also have a consistent illumination along with negligible pose variation.

2.1.3 Unconstrained Datasets

Unconstrained datasets are typically collected by scraping the internet for talking face videos recorded
in the real world. Several datasets, such as LRW [30], LRS2 [28], VoxCeleb [32], and VoxCeleb2 [31],
were collected from BBC TV programs, news reports, and interviews. Another dataset, LRS3 [29], was
similarly collected from TED talks. LRW [30] includes word-level annotations, with each video tagged
with a word label. LRS2 and LRS3 include sentence-level annotations with each video file. VoxCeleb
and VoxCeleb2 are extensive datasets containing over 2, 000 hours of talking face videos. These datasets
were collected using similar preprocessing involving detecting the active speaker and then tracking the
face. The face tracks are then used to create a loose bounding box around the face, which is cropped
and released, preserving pose changes, lighting, background changes, and other factors. All the videos
in the datasets are resized to the same dimensions (which vary between the datasets) and resampled to
25 fps. However, a drawback of these datasets is the low resolution of the videos, which varies from
160 x 160 to 256 x 256. During the same time period, Google released the AVSpeech dataset [63], which
consists of 4, 700 hours of talking face videos uploaded to YouTube. The videos vary in dimensions and
frame rate and do not include text transcripts. The dataset includes HD videos at 1080p, which is use-
ful for high-resolution video generation tasks. Similarly, a recent work introduced another HD talking
face video dataset called HDTF [38], significantly smaller than AV Speech but containing only 720p or
1080p videos. All the unconstrained datasets mentioned so far have been collected from thousands of

individuals and include only small amounts of speaker-specific data. A dataset with large amounts of
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speaker-specific data was released as Lip2Wav dataset [50]. This dataset contains over 10 hours of data

for each speaker and useful for learning personalized traits. The datasets are summarized in Table 2.1.

Table 2.1 Comparison of publicly available audio-visual datasets. The table presents key characteristics
of each dataset, including the total duration of data in hours, the number of unique speakers, vocabulary
size, presence of in-the-wild videos, availability of text transcripts, and average video dimensions. This
comparison provides an overview of the scope and content of various datasets used in audio-visual
research.

Name #hours | #identities | #vocab | in-the-wild? | High-Resolution?
GRID [60] 28 34 56 X v
TCD-TIMIT [61] 1.5 3 82 X v
Lip2Wav [50] 100 5 ~ 5000 v v
LRW [30] 160 100+ 500 v X
LRS2 [28] 200 500+ 50000 v X
LRS3 [29] 450 5000+ 51000 v X
VoxCeleb [32] 1000+ 1211 - v X
VoxCeleb2 [31] 2000+ 5994 - v X
HDTF [38] 15.8 300+ - v v
AVSpeech [63] 40004 150000 - v v

2.2 How are faces and speech represented in our works?

In this work, face and speech signals are represented using specific approaches tailored to neural
network processing. The researchers have adopted particular methods to effectively represent these
complex modalities -

For facial data, the focus is primarily on the lip region, which contains the most relevant information
for speech-related tasks. Lip movements are extracted from video frames and typically represented as
sequences of cropped images or as feature vectors derived from these crops. This approach allows for
the capture of temporal dynamics of lip movements while minimizing irrelevant facial information. In
terms of speech representation, the researchers utilize melspectrograms, which offer a balance between
capturing the frequency content of speech and mimicking human auditory perception. melspectrograms
provide a time-frequency representation of speech that is both computationally efficient and perceptually
relevant. Raw audio signals are processed to generate these spectrograms, which serve as the primary
input for the speech-related neural network models. These representations form the foundation of the
multimodal approaches employed in this work, enabling the models to effectively process and synthesize

speech from visual lip movement data.

2.2.1 Representing faces

The video of the speaker is often presented with extensive background, additional non-speaking

faces, and other types of distractions in the training datasets. Therefore, talking heads are generally
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extracted from the full videos using accurate face detectors like S3FD [64], MediaPipe [65], Reti-
naFace [66]. For each video file, the algorithm begins by opening the video stream and setting a frame
counter to zero. It then proceeds to read each frame of the video sequentially. A face detection function
is applied in every frame, utilizing a face detection model to identify and locate faces within the frame.
The function returns the coordinates of all detected faces. If multiple faces are detected in a frame, the
algorithm employs a process to determine the largest face by calculating the area of each detected face.
It selects the face with the largest area for cropping, ensuring focus on the most prominent face in the
frame. This step is crucial in scenarios where multiple faces are present, as it allows the algorithm to
prioritize the primary subject of the video. Once the largest face is identified, the algorithm crops the
frame to the region containing this face based on the provided coordinates. The cropped frame is then
saved, with the file name incorporating the frame number, allowing for easy identification and reference
of specific frames. In the event that no face is detected in a frame, the algorithm skips that frame and
continues to the next one. This process is repeated for all frames in the video, ensuring that only frames
containing the largest, most prominent faces are extracted and stored. The cropped frames, particularly
the lower half of the detected faces, are often used to extract the mouth region of the speaker, which
includes the lips and jaw. This method is instrumental in tasks that require focus on the mouth for lip
reading or speech analysis. Furthermore, researchers often need their networks to focus on more specific
areas of the face (like eyes, nose, etc.), which can be extracted through Face-Alignment [67], generating
face landmarks corresponding to different face regions. Face landmarks also serve as an excellent rep-
resentation of facial structure and are utilized in several tasks where only gross facial features like head
pose, gross expressions, etc., are required. The head pose is also often extracted using works like [68].
Deep Facial Features are also obtained using pretrained networks like FaceNet [69], VGGFace [70],
etc., that can be used instead of RGB frames or face landmarks as input to various audio-visual neural
networks. Recently, a lip-reading network [71] proposed a feature extraction network that specifically
attended to the lip region in a face image. This representation is used in Chapter 5 extensively to train a

state-of-the-art lip-to-speech network.

2.2.2 Representing speech

Audio signals are often directly represented using MFCC features [72], melspectrograms [73], and
linear spectrograms [74]. The algorithms to calculate a magnitude-phase linear spectrogram in Algo-
rithm 1 and a melspectrogram in Algorithm 2 are provided below. Both of these representations are used
extensively in this thesis, and thus, the algorithms for calculating both the representations are presented

in detail.

2.2.2.1 Capturing the content information in speech

Advanced speech recognition networks are employed to extract and process the information from
speech, primarily including what is being said. Models like DeepSpeech?2 [54] are specifically designed
to convert raw speech signals into textual representations, effectively transcribing spoken language. In
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Algorithm 1 Magnitude-Phase Representation of an Audio Signal

Require: Audio signal y[n], sampling rate sr, window size NV, hop length H, window function w[n]
Ensure: Magnitude and Phase matrices Magnitude[k, m] and Phase[k, m]
1: function STFT(y, N, H, w)

2: for m from 0 to M — 1 do

3: for k from Oto K — 1 do

4 STFT(y)[k, m] + SN yln] - wln — mH] - e 7"
5: end for

6: end for

7: return STFT(y)

8: end function

9: function MAGNITUDEPHASE(STFT)
10: for each element [k, m] in STFT do
11: Magnitude[k, m] <— |[STFT(y)[k, m]|
12: Phase[k, m] < arg (STFT(y)[k, m])
13: end for
14: return Magnitude, Phase

15: end function

16: STFT(y) - STFT(y, N, H, w)

17: Magnitude, Phase <— MAGNITUDEPHASE(STFT(y))
18: return Magnitude, Phase

this thesis, the authors use the DeepSpeech2 embedding for distilling content information from speech
in Chapter 4. They note that other models like Wav2Vec [75] and Wav2Vec?2 [76] have further advanced
this field by utilizing deep neural networks that learn complex temporal hierarchies of speech signals.

2.2.2.2 Capturing the style information in speech

For distilling the style of the speaker and capturing the accent, pitch, tone, and voice, speaker em-
beddings are utilized heavily. Speaker embeddings condense a speaker’s unique vocal attributes into a
concise vector representation. Speaker embeddings serve as instrumental tools in various applications,
including speaker verification [77, 78], where they facilitate precise authentication based on individual
vocal traits. Furthermore, in the context of multi-speaker text-to-speech (TTS) synthesis [55, 79, 80],
speaker embeddings assume a critical role in ensuring that the synthesized speech accurately conveys
both the intended linguistic content and the nuanced style and expressive characteristics specific to the
chosen speaker. Furthermore, speaker embeddings also find relevance in voice conversion [81], where
they contribute to transforming one speaker’s voice into another’s while preserving original content.
Consequently, the integration of speaker embeddings serves as a fundamental bridge between content
and style in spoken language, contributing significantly to advancements in speaker-centric speech tech-
nologies. In this thesis, the author has utilized SV2TTS speaker embeddings [55] to provide voice and
style information about speakers in multiple contributory works. These embeddings are employed in

the studies discussed in Chapters 3, 4, and 5.
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Algorithm 2 Compute Melspectrogram

Require: Audio signal y[n], sampling rate sr, window size N, hop length H, window function wn],
power p, Mel filter parameters Mpqrams

Ensure: Melspectrogram Melspec[k, m]

1: function COMPUTEMELSPECTROGRAM(y, s7, N, H, w, p, Mparams)
2: STFT(y) < STFT(y, N, H,w)

Magnitude,.. MAGNITUDEPHASE(STFT(y))

S[k, m| <+ Magnitude[k, m|P

M < CONSTRUCTMELFILTERBANK (57, Mparams)

for each m do
Melspec|:, m| + M - S[:,m]

end for

9: return Melspec

10: end function

11: Melspec - COMPUTEMELSPECTROGRAM(y, s7, N, H, w, p, Mparams)

12: return Melspec

® ;R

2.2.2.2.1 The GE2E loss used in SV2TTS The Generalized End-to-End (GE2E) loss is utilized to
train the SV2TTS framework for generating speaker embeddings. The author provides a background
for this loss in the thesis, as he uses SV2TTS speaker embeddings to provide speaker information for
multi-speaker lip-to-speech networks. This loss function generates and optimizes speaker embeddings
- vector representations of spoken phrases or sentences. In contrast to traditional methods like triplet or
contrastive loss, which consider pairs or triplets of samples, GE2E loss efficiently handles batches of
utterances from multiple speakers simultaneously. It calculates loss based on the similarity between each
embedding and the centroids of all speakers in the batch, with centroids being the mean of embeddings
for each speaker. The essence of GE2E loss lies in its optimization objective: to minimize the distance
between an embedding and its corresponding speaker’s centroid while maximizing the distance from
other speakers’ centroids. This approach ensures that the model learns discriminative features crucial
for differentiating between speakers, thereby enhancing the effectiveness of speaker verification systems

and making GE2E loss a preferred choice in modern speaker recognition solutions.

2.3 Recognizing content solely from lip movements: Lip-to-Text

Lip-to-text, often considered the sister task of lip-to-speech synthesis, has seen considerable advance-
ments in recent years. While both tasks revolve around interpreting and translating visual speech cues,
lip-to-text is relatively more straightforward, primarily because it involves mapping visual information
to a textual format rather than the more complex audio output. This relative simplicity has allowed for
more rapid progress in the field of lip-to-text, with deep learning technologies playing a pivotal role in

these advancements.
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2.3.1 The initial approaches for lip-to-text

The trajectory of lip-to-text technology has been marked by a series of evolutionary steps, each
building upon the advancements of its predecessors. The journey began with the implementation of
relatively simple GRU/LSTM networks, exemplified by systems like LipNet [82], which made strides
on constrained datasets such as GRID [60] and TCD-TIMIT [61].

2.3.2 Word-level lip-to-text approaches

As the field progressed, researchers expanded their focus to more complex and unconstrained data,
like the LRW dataset [30], which led to the development of word-level models using 3D CNNs [30]. The
introduction of these models marked a significant improvement, as they could classify a broader range
of visual speech data with greater accuracy. The subsequent integration of 3D CNNs with LSTM/GRU

models further enhanced the performance, enabling more nuanced and detailed lip-reading capabilities.

2.3.3 Sentence-level lip-to-text

The integration of Long Short-Term Memory (LSTM) [83] networks and Bahdanau attention mech-
anisms [84] marked a significant development in the field. LSTM networks, known for their efficiency
in handling sequential data, brought a new level of depth to lip-reading models [28,85]. These networks
excel in capturing temporal dependencies, a critical factor in accurately interpreting the sequential na-
ture of lip movements during speech. The LSTM’s ability to retain information over long sequences
suited it, particularly for the complexities inherent in lip reading, where understanding the context and
progression of lip movements is vital. In recent years, the advent of transformer-based models has
marked a significant leap in the field of lip reading and audio-visual speech recognition. These mod-
els [86,87], leveraging the powerful architecture of transformers, have shown remarkable proficiency in

deciphering speech from visual information.

2.3.4 Recent advances in lip-to-text

One of the most recent and significant developments in this field has been the introduction of AVHu-
bert [88] from Meta. This model represents a novel approach to lip reading, employing advanced audio
and visual representation learning. AVHubert first pretrains on a large dataset using video and audio
tokens, effectively creating a language model. This pretrained model is then fine-tuned specifically for
lip reading, resulting in unprecedented levels of accuracy and efficiency. Complementing this, research
focused on subword level lip reading [71] has made another significant advancement. This approach,
which trains on large volumes of data, utilizes a specialized attention-based lip encoder known as Vi-
sual Transformer Pooling (VTP). The key innovation in this method lies in its strategy to predict sub-
words rather than entire words. Subwords, which occupy a linguistic space between phonemes and full
words, offer a more granular level of analysis and recognition. By targeting these subword units, the

model achieves a finer balance between the specificity of phonemes and the broader context provided

20



by words. This shift towards subword prediction has resulted in a marked performance improvement,
further enhancing the model’s accuracy and efficiency.

In their latest work [89], Ma et al. demonstrate the effectiveness of using automatically generated
transcriptions from unlabelled datasets to augment training data for audio-visual speech recognition
(AV-ASR). By leveraging pre-trained ASR models to transcribe large unlabelled datasets and combining
them with manually labeled data, the authors achieve state-of-the-art performance on AV-ASR tasks
for the LRS2 and LRS3 datasets. Their approach notably achieves a 0.9% Word Error Rate (WER)
on LRS3, marking a 30% relative improvement over previous methods while using significantly less
training data than competing approaches. A more comprehensive analysis of lip reading models is

presented in [90].

2.3.5 Why is lip-to-speech important, when lip-to-text is accurate?

A comparison between lip-to-text and lip-to-speech synthesis reveals that lip-to-text is generally
an easier task to tackle. This is primarily due to the discrete nature of text outputs, which contrasts
with the continuous, time-varying nature of speech signals. Lip-to-text systems can more easily inte-
grate language models, providing powerful constraints and context to improve accuracy. Additionally,
the discrete text outputs can benefit significantly from post-processing techniques, especially with the
advent of Large Language Models (LLMs), which can refine and correct initial predictions. Text out-
puts are also more forgiving of minor errors, computationally more efficient to generate, and easier to
evaluate and iterate upon. In contrast, lip-to-speech synthesis must capture nuances in pronunciation,
intonation, and timing, making it inherently more complex. However, it’s crucial to recognize that text
alone does not convey all the information present in speech. Speech carries emotional nuances, tonal
variations, and subtle inflections that text cannot fully capture. This is one reason why movies often
resonate more deeply with audiences than books - the combination of speech and visual cues allows for
a more immersive and emotionally engaging experience. The richness of information conveyed through
speech underscores the importance of advancing lip-to-speech synthesis despite its challenges. By striv-
ing to generate accurate and natural speech from lip movements, we aim to create more comprehensive

and emotionally resonant communication systems that can better serve human needs and experiences.

2.4 Speech generation using text-to-speech algorithms

A survey of text-to-speech (TTS) technologies is crucial for advancing lip-to-speech synthesis. While
lip-to-text systems capture spoken words, they lack the nuances of human speech, such as voice quality,
articulation, tone, pitch, and emotion. To address these limitations, insights from TTS can be leveraged.
TTS is regarded as the standard speech generation task, offering valuable methodologies and techniques
that can be adopted or adapted for lip-to-speech synthesis. Advanced TTS models, particularly those
based on neural networks, have revolutionized speech synthesis, achieving unprecedented levels of nat-
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uralness and expressiveness. These models encompass sophisticated techniques for handling various
speech aspects, from basic articulation to complex emotional intonations.

In lip-to-speech synthesis, TTS advancements can be incorporated in several ways. At a minimum,
decoders from TTS systems, which are adept at generating realistic speech, can be utilized. Addition-
ally, techniques such as prosody modeling and emotion injection can be adapted to enhance the quality
of speech generated from lip movements. The parallels between TTS and lip-to-speech, including the
management of linguistic content, intonation, and expressiveness, underscore the importance of this sur-
vey. By examining TTS’s evolution, a deeper understanding is gained of how to translate lip movements
into coherent and natural speech, thereby enhancing the capabilities and effectiveness of lip-to-speech

systems.

2.4.1 Pre-deep learning TTS systems

The initial Text-to-Speech (TTS) systems employed classical approaches to speech synthesis, laying
the foundation for developing modern TTS technologies. These early systems [91, 92] aimed to gen-
erate speech from text input, focusing on achieving intelligibility and, to some extent, naturalness in
the synthesized speech. The earlier approaches to speech synthesis involved using a database of sound
units, where multiple variations of all possible sounds that could be uttered in a specific language were
recorded. The raw speech waveforms were generated by concatenating these small speech units in ap-
propriate order. However, the resulting speech was intelligible but not natural sounding. One of the
classical approaches [93,94] to speech synthesis was diphone-based synthesis, which involved connect-
ing two phones (simplest speech sounds) to form a diphone. Various signal processing techniques such
as Pitch Synchronous Overlap-Add (PSOLA) [95] were used in diphone-based approaches. These tech-
niques decomposed speech into smaller segments (at the level of diphones) and then combined them to
produce the expected output. The breakdown of text at the character level (graphemes or converted to
phonemes) served as the information for selecting the smaller speech unit. Even the most modern TTS

systems still uses similar representations for text.

2.4.2 Neural Text-to-Speech Systems

Contemporary neural TTS models typically employ a three-stage process. Initially, they transliterate
input graphemes to phonemes using a phonemizer. Subsequently, these phoneme sequences are trans-
formed into time-frequency representations, known as melspectrograms. The final stage involves gener-
ating raw speech waveforms from these melspectrograms. These models [51,96-98] harness the power
of deep learning, utilizing convolutional neural networks (CNNs), recurrent neural networks (RNNs),
and attention mechanisms to learn the complex mapping between text and speech. Recent literature
has been abundant with innovative architectures and techniques aimed at enhancing neural TTS models.
Notable examples include Tacotron 2 [51], which introduced an attention-based sequence-to-sequence

model for generating melspectrograms from text. FastSpeech [59] proposed a non-autoregressive ap-
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proach using transformers for parallel melspectrogram generation, substantially accelerating inference

time.

2.4.3 Vocodersin TTS

In the evolution of Text-to-Speech (TTS) systems, vocoders play a crucial role in converting melspec-
trograms into speech. These tools have undergone significant improvements over time. WaveNet [99],
developed by DeepMind, marked a major breakthrough with its complex system for generating highly
natural speech. Google’s WaveRNN [100] followed, offering a simpler and faster approach while main-
taining good quality. MelGAN [101] introduced a new direction using Generative Adversarial Networks
(GANG), sacrificing some quality for increased speed, which is particularly useful for real-time applica-
tions. HiFi-GAN [102] built upon MelGAN’s foundation, focusing on high-quality speech production
while balancing speed, and excelling in capturing both fine details and overall speech characteristics.
The most recent advancement, BigVGAN [103], offers versatility in handling diverse voices and speech
styles, with further improvements in naturalness and clarity. Each of these vocoders has contributed
uniquely to the field of TTS, with some prioritizing speech realism, others computational efficiency, and

some focusing on adaptability to various speaking styles.

2.5 Generating Speech Solely from Lip Movements: Lip-to-Speech Syn-
thesis

Lip-to-speech synthesis is explored in this thesis, a relatively new field where speech is generated
from lip movements. The first papers on this topic emerged only in 2017, marking it as a recent area
of research. Significant progress has been observed since then, with advancements moving from simple
lab-based models to complex systems capable of handling multiple speakers in real-world settings. A
comprehensive survey of these developments is presented, placing different works into perspective and
highlighting the rapid evolution of the field. This overview includes contributions made as part of this
thesis, alongside other significant works in the area. The challenges addressed, such as working with
different speakers and varied real-world conditions, are examined, illuminating the current state and

future potential of lip-to-speech synthesis.

2.5.1 The initial works: Constrained Single Speaker Lip-to-Speech Synthesis

CNN-based Encoder-Decoders In constrained single-speaker lip-to-speech, (1) The networks were
trained on highly constrained datasets. (2) The networks consisted of standard CNN-based encoder-
decoder architectures, which are unsuitable for speech generation in the wild. The first work [43]
for this problem was proposed in 2017. The network consisted of a simple 2D CNN-based encoder-
decoder architecture that required video frames (containing lip movements) as input and generated low-

level LPC features, which were then used to create raw waveforms. The networks were trained on
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the GRID dataset [60] that consisted of videos captured in a laboratory environment. Vid2Speech [43]
was improved in a follow-up work [44]. In this work, the authors replaced the LPC features with
high dimensional melspectrograms, which improved the speech generation quality. The authors also
proposed using optical flow as an additional input to the encoder. Ephrat et al. [44] also train on a
second speaker-specific dataset, TCD-TIMIT [61], which proves to be slightly more challenging than
the GRID dataset.

Adding multiple views of the speaker A very similar approach was also taken by a different work
called Lipper [45]. The authors of Lipper used a multiview dataset to train, which was also collected in
a laboratory setting. The multiview dataset contained multiple views of 4 speakers speaking different
phrases. In this work, all the views were fed in unison to the model, which uses a multi-class classi-
fier to decide the best view required for a particular video. The features from the best view are then
passed on to a bidirectional GRU-based model, which decodes both the audio and text from the given
input. This work also shows preliminary results on unseen speaker lip-to-speech synthesis and out-of-
vocabulary word generation. Akbari et al. [46] proposes a two-stage technique that first pretrains an
audio auto-encoder to encode spectrogram into a latent space. A separate GRU-based network is then
used to translate lip movements into this pretrained audio-latent space. However, collecting datasets
with multiple views remains a challenging aspect and thus was not explored much by followup works.

Adding a discriminator in a GAN-setup A Wasserstein GAN [104] based model was proposed
by [47], which adds a WGAN discriminator while training a standard 3D CNN-based network to convert
lip movements into raw waveform. Both [46] and [47] are trained on GRID and TCD-TIMIT datasets
in a speaker-specific fashion.

Mapping lip movements and speech into a joint distribution While most of these approaches
directly try to translate a sequence of lip movements into plausible speech, Yadav et al. [48] proposed
a newer approach involving a Variational Autoencoder setup [105]. In this approach, lip movement and
speech distributions are attempted to be jointly learned in a variational setup. During training, the lip
movements and corresponding speech are used to create two Gaussian distributions, both of which are
tangled with each other using a KL-divergence loss. Points are sampled from either of these distributions
and passed through a decoder (also jointly trained) to generate the final output. During inference, only
the lip movement’s distribution is used to generate speech. A newer version of this work was proposed

in [49] where transformer [106] layers were used to replace the convolution layers in the previous work.

2.5.2 Unconstrained Single Speaker Lip-to-Speech Synthesis

While the authors of [44] were able to improve the performance of the original Vid2Speech network,
the networks were still trained only on GRID [60] and the TCD-TIMIT [61] corpus which was both
recorded in laboratory settings. The absence of realistic head movements, the extremely constrained
vocabularies, and the overall lack of variations in these datasets made the task of lip-to-speech synthe-
sis relatively simpler, but less applicable to real-world scenarios. Recognizing this gap, our work with

Lip2Wav [50] was the first work that was primarily motivated to address and overcome these limita-
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tions. We were the first to develop a model that could handle more natural, varied, and realistic speech
scenarios, moving beyond the confines of laboratory settings.

Sequence-to-Sequence modelling of the problem One of the key contributions of this thesis, de-
tailed in Chapter 3, is the development of Lip2Wav [50], a novel approach to lip-to-speech synthesis.
This method is inspired by the observation that deaf individuals and professional lip readers find it easier
to lip-read familiar speakers. Instead of attempting lip-to-speech on random speakers in the wild, the fo-
cus is placed on learning the speech patterns of a specific speaker through extended observation of their
speech. Large amounts of in-the-wild videos are used for training, departing from previous CNN-based
encoder-decoder networks. Lip2Wav [50] introduces sequence-to-sequence learning for this problem,
utilizing a modified Tacotron-2 network [51] that processes lip movements instead of text. The model’s
architecture consists of a 3D face encoder for processing lip movements and a decoder for generating
mel timesteps. Long Short-Term Memory (LSTM) layers and Bahdanau’s attention mechanism [84] are
employed in the decoder to focus on specific input data parts while generating output mel timesteps.
The final melspectrogram is converted into a waveform using the Griffin-Lim [107] algorithm. Through
training on a large lip-to-speech dataset, Lip2Wav demonstrates the ability to generate high-quality,
natural-sounding speech when trained on specific speakers.

A follow-up work [52] by Kim et al. employs a multi-faceted approach built on Lip2Wav to improve
speech synthesis. Specifically, they incorporated two key elements: (1) self-supervised speech repre-
sentations to disambiguate homophones and (2) acoustic variance information to capture diverse speech
styles. To further refine and enhance the quality of the generated speech, the authors also utilized a
flow-based post-net designed to capture intricate details and add a layer of refinement to the synthesized

speech.

2.5.3 Unconstrained Multi-Speaker Lip-to-Speech Synthesis

Initial approaches The most challenging version of lip-to-speech synthesis is undoubtedly uncon-
strained and multispeaker settings. In this setting, a lip-to-speech model is expected to handle unseen
speakers, i.e., speakers not seen during training and work for videos captured in the wild. Here a multi-
speaker network indicates the network handles unseen speakers and not multiple speakers present in the
same video. While some constrained single-speaker works, such as [46,47], have attempted to tackle the
multispeaker Lip-to-Speech task, they only did so using the limited GRID dataset, which lacks variation
in terms of head motion, background change, speaking style, and vocabulary. As a result, these works
cannot be considered true multispeaker efforts. Lip movements mainly contain information regarding
the spoken content and prosody. However, attributes like the speaker’s accent and voice [108—112] can
only partially be determined from this source. Therefore, a multi-speaker lip-to-speech network will
require a sequence of lip movements as input and a style token containing a target voice and accent
information.

Using a pre-trained speaker embedding The proper multispeaker setup was first attempted in
Lip2Wav [50], which used the word-level LRW dataset to train a version of their model with an ad-
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Figure 2.1 In the figure, we present a comprehensive overview of the primary training strategies em-
ployed in lip-to-speech networks over time. Early models addressing constrained lip-to-speech syn-
thesis typically utilized a standard encoder-decoder architecture. This has since been improved by
sequence-to-sequence learning models, which often leverage transformer architectures or other ad-
vanced sequence-to-sequence techniques. Additionally, some recent works have ventured into mapping
lip movements and speech to interrelated distributions, aiming to achieve a more accurate and nuanced
correspondence between the two modalities.

ditional speaker embedding as an input. Lip2Wav was trained with a speaker embedding from a pre-
trained SV2TTS [55] network, which uses 1 — 5 seconds of speech from a target speaker to generate the
embedding.

Using visual context attention More recently, Kim et al. proposed VCA-GAN [56] that synthesizes
speech from local lip visual features by finding a mapping function from viseme to phoneme while incor-
porating global visual context in the intermediate layers of the generator to disambiguate the mapping,
which can be confused by homophene. To do this, VCA-GAN includes a visual context attention mod-
ule that encodes global representations from local visual features and provides the desired global visual
context to the generator through audio-visual attention. VCA-GAN also employs a sync loss (similar to
Wav2Lip [27] to synthesize speech that is synchronized with the input lip movements. VCA-GAN [56]
also attempted the problem in the same setup but did not use additional speaker embeddings. The cross-
modal attention used by the network learned an inherent mapping between a face and the voice, which
proved to be effective too. However, both of these works were limited to word-level generations, and
Lip2Wav had been shown to be extremely limited on sentence-level datasets like LRS2 [28].

Mapping content from lip movements and speech into a joint distribution This led to the de-
velopment of newer approaches that attempted to learn a mapping between lip movements and speech
distributions. Hegde et al. [53] approached this problem in a variational setup like [48]. Hegde et al.,
too, learned an audio distribution and an entangled lip distribution during training while using only the
lip distribution during inference. However, unlike Yadav et al. [48], the authors did not directly learn

a distribution from the speech. Instead, they first used an ASR like the DeepSpeech2 [54] to generate
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content embeddings, which were then used to learn a “content” distribution. The lip movements were
used to learn a similar distribution, tied with a local and global KL-divergence loss. The decoder then
sampled from either of these distributions during training (only from the lip movement’s distribution
during inference) and used a speaker-embedding from [55]. An improved Wasserstein GAN setup [113]
discriminator was further utilized to enhance the quality of the generations. The generated melspectro-
grams were then converted back to the raw wave format using the Griffin-Lim [107] algorithm. The
outputs from the VAE-GAN are clearer and louder thus helping the user understand the spoken con-
tent. However, these outputs were still gargled to an extent and did not have have maintain linguistic

correctness throughout the generated speech. Chapter 4 of this thesis is dedicated to this work.

A separate work from [57] used a similar approach to Lip2Wav [50] but replaced the sequence-to-
sequence model with a conformer [114] based architecture for multispeaker lip-to-speech. This ap-
proach from Mira et al. [57] used a pretrained ResNet18 [115] as a feature extractor for the mouth
features and SV2TTS [55] for extracting target speaker’s voice information. Both of these were passed
through a conformer block, generating a melspectrogram. However, the authors used a Parallel Wave-
GAN [116,117] to generate the final raw audio outputs.

Using multi-task learning to improve the clarity of generated speech Kim et al. introduced Multi-
task Lip-to-Speech [118] that uses multi-task learning with both text and audio as supervisory signals
to overcome limitations in word representation. The result is a system capable of synthesizing speech
with the correct content for multiple speakers and unconstrained sentences.

Pre-trained lip-to-text assisted lip-to-speech synthesis The research conducted by our group, par-
ticularly in the study [58] which is a part of this thesis, represents a significant advancement in the do-
main of lip-to-speech synthesis. This approach uniquely employs pre-trained lip-to-text models, specif-
ically utilizing the subword level lip reading technique discussed earlier. By feeding silent video input
into these models, we generate text transcriptions, which, although imperfect, serve as a crucial inter-
mediate step in speech synthesis. A key innovation in [58] is the use of Visual Transformer Pooling
(VTP) embeddings, derived from the lip reading network, as visual features. These features play a vital
role in conditioning the subsequent text-to-speech (TTS) synthesis process. Our TTS network, inspired
by and adapted from the FastSpeech?2 [59] architecture, is modified to incorporate these additional VTP
embeddings. This modification allows the network to be conditioned not only on the text but also on
the lip movements. The dual conditioning on both the predicted text and the lip movements equips the
network with a nuanced understanding of speech generation. It knows what phonemes to utter based
on the lip-derived text and precisely when to utter them, guided by the lip movements. This synergy
between text prediction and lip movement timing significantly enhances the quality of the synthesized
speech. During inference, this network effectively converts lip movements to speech with this interme-
diate text generation step. The result is a more accurate, natural, and high-quality speech output, closely
mirroring the nuances of natural speech. This work is presented as a contribution in Chapter 5 of this

thesis.
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In a contemporary work by Yemini et al. [119], pre-trained lip-to-text models are also employed
in the pipeline, but with a significantly different approach. Rather than using a pre-trained lip-to-text
model to generate text that is subsequently converted into speech through a lip movement-conditioned
TTS system, a different strategy is adopted. The pre-trained lip-to-text model is utilized more as a
guiding mechanism in their lip-to-speech system. At the core of this method is MelGen, a diffusion-
based speech generation module that directly translates lip movements into speech. To ensure accuracy
and coherence of the generated speech, an additional verification step is incorporated. A pretrained
Automatic Speech Recognizer (ASR) is used to transcribe the generated speech, and this transcription

is then compared with the text derived from silent lip videos using the pre-trained lip-to-text network.

Notably, this work employs diffusion models and uses text for classifier guidance-based conditioning
in diffusion, while also offering a classifier guidance-free version. The use of diffusion models and the
innovative application of text-based guidance have contributed to this work’s current status as the state-
of-the-art in lip-to-speech generation, demonstrating superior performance in terms of speech quality

and accuracy.

2.6 Lip-to-Speech synthesis conditioned on low-quality speech

Lip-to-speech synthesis can be enhanced by the incorporation of noisy speech inputs, a concept
that can also be viewed as the integration of lip movements into speech enhancement processes. This
approach, known as Audio-Visual Speech Enhancement (AVSE), is essentially an extension of plain lip-
to-speech synthesis. In AVSE, the challenge of generating speech from lip movements is compounded
by the need to account for and mitigate background noise in the audio signal. This methodology is par-
ticularly relevant in scenarios where audio quality is compromised but visual information remains clear.
By combining visual cues from lip movements with noisy auditory inputs, AVSE models offer a more
comprehensive approach to speech synthesis and enhancement, potentially improving the performance

of speech systems in challenging acoustic environments.

Breakthroughs in this domain were marked by three seminal studies in 2018 [63, 120, 121]. Each of
these approaches begins with a mixed speech signal where multiple speakers are talking simultaneously.
Utilizing an encoder-decoder architecture, these studies employ both a speech encoder and a visual
encoder focused on lip movements, followed by a speech decoder. The underlying assumption is that
the lip movements are inherently synchronized with the speech of the individual speaker in question,
thus offering a pathway to isolate that speaker’s speech. To train these sophisticated systems, authors
artificially introduce superimpose speeches from multiple speakers onto a clean signal. This noisy audio
is then fed into the speech encoder while a separate, parallel visual encoder processes the lip movements
of the target speaker. The outputs of both encoders are subsequently fused and passed to the speech
decoder. This decoder is specifically trained to generate a clean speech signal that aligns with the lip

movements. Through this innovative architecture, the network effectively learns the intricate correlation
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between speech and lip movements, resulting in a model capable of separating a speech matching the

lip movements from the mixed speech.

2.6.1 Adding visual input for speech super-resolution and denoising

In Chapter 6 of this thesis, significant contributions to the fields of speech super-resolution and
speech denoising are presented. The integration of lip movements has been shown to enhance speech
denoising and affect other speech tasks, notably speech super-resolution. In the work by Mukhopad-
hyay et al. [122], which forms a key contribution of this thesis, a remarkable advancement in speech
super-resolution was demonstrated. A 16-fold increase in performance was achieved, significantly out-
performing traditional audio-only methods. This substantial improvement was primarily attributed to
the novel integration of lip movements with low-frequency speech inputs in the algorithm. As a result
of this innovation, the audio-visual speech super-resolution algorithm has been established as state-of-
the-art, capable of super-resolving at much higher scale factors than previously attainable. Following
the success in speech super-resolution, the research was extended to the field of speech denoising. A
similar hypothesis was employed, leveraging the synergy between audio and visual components. This
exploration into audio-visual speech denoising was driven by the premise that visual cues, particularly
lip movements, can significantly enhance the process of isolating clean speech from noisy environments.
Both of these contributions, representing significant advancements in audio-visual speech processing,
are thoroughly discussed in Chapter 6 of this thesis.
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Figure 2.2 A visual representation of the general idea utilized by all the audio-visual denoising works.
We also depict the use of a synthetic visual stream generated from the noisy speech to replace the real

visual stream, allowing the standard audio-visual models to extend to audio-only settings where a visual
stream is not naturally present.
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Chapter 3

Unconstrained Single-speaker Lip-to-Speech Synthesis

3.1 Introduction

The first contribution of this thesis addresses lip-to-speech synthesis for individual speakers in un-
constrained environments. Prior to this work, research in this field was primarily conducted in controlled
laboratory settings, focusing on specific speakers. This contribution extends the paradigm to “in-the-
wild” scenarios while maintaining a speaker-specific approach, thereby bridging the gap between con-
trolled experiments and real-world applications.

Lip movements play a crucial role in human communication and speech perception. Infants observe
lip movements intently when learning to speak [123], while adults rely on visual cues to enhance speech
comprehension in noisy environments. Individuals with hearing impairments often develop the ability to
lip-read familiar speakers over time [124], facilitating more fluid conversations. These observations nat-
urally lead to the question of whether a computational model can be developed to generate speech from
lip movements by “observing” a speaker for an extended period. Such a model would have significant
advantages, requiring only videos of people talking without additional manual annotation. However,
one of the fundamental challenges in this domain is the presence of homophones — visually similar lip
shapes corresponding to different, auditorily distinct phonemes. This phenomenon significantly com-
plicates the task of lip-to-speech synthesis, as it introduces a high degree of ambiguity in interpreting lip
movements. Recognizing this a unique approach was formulated to focus on learning speech patterns
from extended observation of individual speakers, inspired by the enhanced abilities of professional lip
readers and individuals with hearing impairments to understand familiar speakers. The potential ap-
plications of this technology are diverse and impactful, ranging from enhancing video conferencing in
silent environments to recovering high-quality speech from noisy backgrounds [120]. It could also be
utilized for long-range surveillance, generating voices for individuals with aphonia, and even “voice
inpainting” [125] to replace corrupted speech segments. This chapter focuses on the development of
such a model for single-speaker lip-to-speech synthesis in unconstrained environments, addressing the
challenges and opportunities presented by this novel approach to speech generation.

Utilizing this dataset, Lip2Wav, a state-of-the-art sequence-to-sequence model, has been developed

for generating natural, accurate speech that aligns with the lip movements of specific speakers. This
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Figure 3.1 A sequence-to-sequence architecture named “Lip2Wav” is proposed for accurate speech
generation from silent lip videos in unconstrained settings for the first time. The text in the bubble is
manually transcribed and is shown for presentation purposes.

approach represents a departure from earlier works, offering enhanced intelligibility and naturalness in
the generated speech. The model’s effectiveness is supported by extensive quantitative and qualitative

evaluations, including human studies that demonstrate its superior performance over previous models.

The key contributions of this chapter can be summarized as follows:

* A comprehensive investigation has been conducted on the silent lip video-to-speech generation

problem in large vocabulary, unconstrained settings, marking a first in this field.

* The Lip2Wav dataset has been released, providing an unprecedented volume of data per speaker,
coupled with a diverse vocabulary, to support the development of accurate, speaker-specific lip-

to-speech models.

» Lip2Wav, a novel sequence-to-sequence model, has been introduced, significantly outperforming

existing models in terms of intelligibility and naturalness in unconstrained environments.

This chapter aims to present the proposed novel approach and findings and set a new benchmark in
the field of single-speaker lip-to-speech synthesis, paving the way for future research and applications

in this exciting and rapidly evolving domain.
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3.2 Speaker-specific Lip2Wav Dataset

As mentioned in Section 2.1, The datasets for lip-to-speech (or) text were at the two opposite ends
of the spectrum: (7) small, constrained narrow vocabulary like GRID [60], TCD-TIMIT [61] or (i)
unconstrained, open vocabularies multi-speaker like LRS2 [28], LRW [30] and LRS3 [29]. The latter
class of datasets contains only about 2 - 5 minutes of data per speaker, making it significantly harder
for models to learn speaker-specific visual cues that are essential for inferring accurate speech from lip
movements. Further, the results would also be directly affected by the existing challenges of multi-
speaker speech synthesis [55,97]. Conversely, the single-speaker lip-to-speech datasets [60,61] do not
emulate the natural settings as they are constrained to narrow vocabularies and artificial environments.
Thus, neither of these extreme cases tests the limits of the unconstrained single-speaker lip-to-speech

synthesis.

A new benchmark dataset for unconstrained lip-to-speech synthesis has been introduced, tailored
towards exploring the following line of thought: How accurately can an individual’s speech style and
content be inferred from his/her lip movements? To create the Lip2Wav dataset, a total of about 120
hours of talking face videos across 5 speakers has been collected. The speakers were selected from
various online lecture series and chess analysis videos. English was chosen as the sole language of the
dataset. With approximately 20 hours of natural speech per speaker and vocabulary sizes over 5000
words! for each of them, this dataset is significantly more unconstrained and realistic than GRID [60]
or TIMIT [61] datasets. It is thus considered ideal for learning and evaluating accurate person-specific
models for the lip-to-speech task. The features of the Lip2Wav dataset are compared with other stan-
dard single-speaker lip-reading datasets in Table 3.1. It should be noted that a word is included in the
vocabulary calculation for Table 2.1 only if its frequency in the dataset is at least five.

Dataset Num. speakers | Total #hours | #hours per speaker | Vocab per speaker | Natural setting?
GRID [60] 34 28 0.8 56 X
TIMIT [61] 3 1.5 0.5 82 X

Lip2Wav (Ours) 5 120 ~ 20 ~ 5K v

Table 3.1 The Lip2Wav dataset is the first large-scale dataset tailored towards acting as a reliable bench-
mark for single-speaker lip-to-speech synthesis.

3.2.1 Steps to collect the dataset

The dataset collection process was systematically executed through a custom-designed script, which
automated key tasks such as video downloading and segmentation. This methodological approach en-
sured consistency and efficiency in data gathering, a critical aspect of this research. The process com-

prised three main phases.

Lapproximate; texts obtained using Google ASR API
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Directory Structure Initialization A target directory was specified as an input argument for all
operations. Within this, a subdirectory was automatically created for storing downloaded videos, estab-
lishing a structured data repository.

Video Acquisition Videos were acquired using a command-line tool interfaced with an online plat-
form. The acquisition process was guided by predefined text files containing URLSs for training, valida-
tion, and testing sets. All downloaded content was systematically stored in the designated video storage
subdirectory.

Video Segmentation Each acquired video file was subjected to a segmentation process. This in-
volved dividing the videos into uniform segments of specified duration using a multimedia processing
tool. The resulting segmented files were stored in a separate directory, with a naming convention de-
signed for easy identification and retrieval.

This automated workflow facilitated efficient handling of large volumes of video data, rendering it
suitable for subsequent tasks such as speech recognition and lip movement analysis. The following
section presents a detailed examination of the script used, providing insight into the technical imple-

mentation of these procedures.

3.3 Lip2Wav: Speaker-specific lip-to-speech synthesis in unconstrained

environments
Given a sequence of face images I = (I, Io, ..., Iy) with lip motion, the goal is to generate the
corresponding speech segment S = (S1,S9,...,S57. Here N is the total number of video frames,

and T is the number of speech time steps corresponding to those N frames. Numerous key design
choices are made in the proposed Lip2Wav architecture to obtain natural speech in unconstrained set-
tings. Below, the differences with the previous lip-to-speech approaches compared to the proposed one
are highlighted.

3.3.1 Problem Formulation

In prior works on lip-to-speech synthesis, speech representation has been treated as a 2D-image [43,
47] for melspectrograms or as a single feature vector [43] in the case of LPC features. A 2D-CNN
has been employed to decode these speech representations in both cases. This approach, however,
violates the sequential ordering of speech data modeling, as future time steps are allowed to influence
the prediction of the current time step. In contrast, the problem is formulated in this work within the
standard sequence-to-sequence learning paradigm [126]. Specifically, each output speech time-step S
is modeled as a conditional distribution of the previous speech time-steps S, and the input face image

sequence I = (Iy, I, ..., In). The probability distribution of each output speech time step is given by:

P(S|I) = Tk (Sk|S<k, I) (3.1)
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Lip2Wayv, as shown in Figure 3.2 consists of two modules: (i) Spatio-temporal face encoder and
(i1) Attention-based speech decoder. The modules are trained jointly in an end-to-end fashion. The
sequence-to-sequence approach enables the model to learn an implicit speech-level language model that

helps it to disambiguate homophones.

3.3.2 Speech Representation

There are multiple output representations from which intelligible speech can be recovered, but each
of them has its trade-offs. The LPC features are low-dimensional and easier to generate. However, they
result in robotic, artificial-sounding speech. At the other extreme [47], one can generate raw waveforms,
but the high dimensionality of the output (16000 samples per second) makes the network training process
computationally inefficient. Inspired by previous text-to-speech works [51, 98] the proposed approach
aims to generate melspectrograms conditioned on lip movements. The raw audio is sampled at 16kHz.
The window-size, hop-size, and mel dimensions are 800, 200, and 80, respectively. The algorithm to
calculate melspectrograms is given in Algorithm 2 (Section 2.2). The ground-truth melspectrogram is
represented by Y7 7. Here T is the number of melspectrogram timesteps. In the setup, for 1 second of
speech, there are 77 = 16000 samples in the raw waveform while there are 7' = 80 mel timesteps.

Extracted features

Melspectrogram
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0, W 1

—>| Decoder RNN 4‘\’ Decoder RNN 4‘\' Decoder RNN
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Figure 3.2 Lip2Wav model for lip-to-speech synthesis. The spatio-temporal encoder is a stack of 3D
convolutions to extract the sequence of lip movements. This is followed by a decoder adapted from [51]
for high-quality speech generation. The decoder is conditioned on the face image features from the
encoder and generates the melspectrogram in an auto-regressive fashion.
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3.3.3 Spatio-temporal Face Encoder

The visual input is presented as a short video sequence of face crops. The fine-grained sequence of
lip movements must be extracted and processed by the model. 3D convolutional neural networks have
been shown to be effective [47,127,128] in multiple tasks involving spatio-temporal video data. In this
work, the spatio-temporal information of the lip movements is encoded using a stack of 3D convolutions
followed by a stack of Bi-LSTM layers (Figure 3.2). The input to the network is a sequence of facial
images of the dimension N X H x W x 3, where N is the number of time-steps (frames) in the input
video sequence, and H, W correspond to the spatial dimensions of the face image. The input is denoted
as Iy n. The corresponding speech melspectrogram to this segment is selected as the ground truth
and is denoted by Y7 7. The spatial extent of the feature maps is gradually down-sampled while the
temporal dimension N is preserved. Residual skip connections [115] and batch normalization [129] are
employed throughout the network. Each Conv3D block is followed by a ReLU activation. A single
D-dimensional vector is output by the encoder for each of the /V input facial images to obtain a set of
spatio-temporal features N x D. In the experimental setup, the spatio-temporal features are of shape
90 x 384. Information about future lip movements is also contained in each time step of the embedding
generated from the encoder, which aids in the subsequent generation. The overall structure of the 3D
CNN-based encoder is presented in Table 3.2.

Table 3.2 Structure of the Spatio-Temporal Encoder of the Lip2Wav Model

Layer Kernel Size | Strides | #Filters/#Units | Residual | Input Size | Output Size
Conv3D S5Xx5%x5 [ 1x2x2 32 No N x96 x 96 | N x 48 x 48
Conv3D 3x3x3 | 1Ix1x1 32 Yes N x 48 x 48 | N x 48 x 48
Conv3D I x3x3 | 1x2x2 64 No N x 48 x 48 | N x 24 x 24
Conv3D 1 x3x3 1x1x1 64 Yes Nx24x24 | Nx24x24
Conv3D I x3x3 | 1x2x2 128 No N x24x24 | Nx12 x 12
Conv3D 1 x3x3 1x1x1 128 Yes Nx12x 12 | Nx 12 x 12
Conv3D I x3x3 | 1x2x2 256 No Nx12x12| Nx6x6
Conv3D I x3x3 | 1x1x1 256 Yes Nx6x6 Nx6x6
Conv3D 1 x3x3 1 x2x2 512 No N Xx6x6 Nx3x3
Conv3D Ix3x3 | 1x1x1 512 Yes Nx3x3 Nx3x3
Conv3D 1 x3x3 1 x3x3 512 No Nx3x3 Nx1x1
Bi-LSTM - - 256 - Nx1xl N x 256

The extracted spatio-temporal features are processed through a Bi-LSTM-based RNN encoder. These

bidirectional LSTM layers excel in assimilating information from both antecedent and subsequent
frames. This dual-directional processing endows the model with a comprehensive temporal context,
which is crucial for accurately synthesizing speech from lip movements. To enhance the robustness of
the model and mitigate the risk of overfitting, a zoneout regularization technique is integrated within
these LSTM layers. This approach not only aids in preventing overfitting but also improves the model’s

generalization capabilities. The output from the LSTM layers is a concatenated representation of the
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forward and backward sequence data, thereby enriching the model’s interpretative capacity regarding
complex spatio-temporal patterns inherent in visual speech data. Each of these layers comprises 256-
dimensional Bi-LSTM units. The final encoded representation is denoted by Ency of the dimension
90 x 256.

3.3.4 Attention-based Speech Decoder

To achieve high-quality speech generation, multiple recent breakthroughs [51, 98] in text-to-speech
generation are exploited. The Tacotron 2 [51] decoder is originally used to generate melspectrograms
conditioned on text inputs. In this work, the decoder is conditioned on the encoded face embeddings
from the previous module instead of text. The architecture of the decoder block comprises the following

components -

* Decoder Cell: A decoder cell has multiple different components added consecutively, one after

the other. They are listed below.

— Prenet: The Prenet within the proposed architecture is a streamlined component consisting
of two fully connected layers, each designed to function as an effective information bot-
tleneck for the attention mechanism. These layers are identical in size, featuring 256 units
each, which allows for a comprehensive yet efficient processing of input data. The activation
function employed in both layers is ReLU (Rectified Linear Unit), known for its effective-
ness in introducing non-linearity and mitigating the vanishing gradient problem in neural
networks. A notable aspect of Prenet’s design is the incorporation of dropout at a rate of
0.5 in both layers. This dropout rate plays a crucial role in enhancing the model’s general-
ization capability and introducing variability in the generation process, which is particularly

important during the inference phase.

— Attention Mechanism: In the proposed model, the Location-Sensitive Attention mechanism
is finely tuned with specific parameters to optimize its performance in speech synthesis.
The query and key projection layers are crucial for aligning the dimensions of the decoder
output and encoder outputs with the attention space; both are transformed to an attention
dimension of 128. The Location Features Layer takes the previous alignment, processes it
with 32 convolutional filters of a 31—sized kernel, and projects the output to the same atten-
tion dimension. This alignment is essential for the mechanism to account for the sequence’s
positional context. The Score Calculation Layer then uses these 128 —dimensional vectors
to compute attention scores for each encoder timestep. These scores are normalized by
the Smoothing Normalization Layer, maintaining the sequence length. The context vector
calculation Layer creates a context vector from the encoder outputs, weighted by the nor-
malized attention scores. Finally, the Attention Integration Layer merges this context vector
with the current decoder output, effectively combining content and context information. The

attention mechanism accumulates weights over timesteps, facilitating a smoother transition
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and focus across the input sequence, a key feature for accurate and coherent speech synthesis

in the proposed system.

— Decoder LSTM: The DecoderRNN in the proposed model is a vital component, structured
with a series of LSTM layers specifically designed for effective decoding in speech synthe-
sis. This decoder comprises two unidirectional LSTM layers, each equipped with the Zo-
neout regularization technique. The number of layers is set to 2. Each LSTM layer within
the DecoderRNN contains 1024 units, providing substantial capacity to capture complex

patterns in the data.

— Frame Projection: The Frame Projection class in the proposed model serves as a vital pro-
jection layer, transforming the decoder’s output to a specific dimensionality suited for sub-
sequent processing stages in speech synthesis. This layer features a dense (fully connected)
layer that transforms the input into a shape of 80 units. This transformation is crucial for en-
suring that the decoder’s output is in the correct format, enabling effective further processing
and synthesis within the proposed speech generation model. The simplicity and precision
of the Frame Projection layer make it an essential component in the model’s architecture,

ensuring consistency and accuracy in the output dimensionality.

* Postnet: The Postnet plays a critical role in refining the speech synthesis process in the proposed
architecture. Functioning as a residual network, it takes the initial melspectrogram prediction
from the Frame Projection layer and applies further processing to enhance its quality. The Post-
net’s output is effectively an adjustment or correction to the initial prediction. When added to the
initial melspectrogram, this adjustment results in the final, enhanced melspectrogram. The addi-
tion of the Postnet’s output to the initial prediction ensures a more accurate and higher-quality
melspectrogram, crucial for generating natural-sounding speech. This mechanism demonstrates
the importance of residual learning in speech synthesis, where slight modifications to an ini-
tial prediction can significantly improve the final output. In the proposed model, the Postnet
is intricately designed with a series of convolutional layers to enhance the quality of the final
melspectrogram. It consists of five convolutional layers, each contributing to refining the initial
predictions from the decoder. These layers employ kernels of size 5, which are instrumental in
processing the sequential data and extracting relevant temporal features. Each convolutional layer
in the Postnet has 512 channels, indicating the number of filters used for feature extraction at each
layer. A frame projection (dense layer) is then used at the end of the Postnet to ensure the final
feature dimension of 80.

A summary of the different layers utilized in the decoder is presented in Table 3.3. The activation

functions employed in various components of the decoder are as follows: The dense layers in the Prenet

are equipped with the ReLU (Rectified Linear Unit) activation function. Within the Attention mecha-

nism, the Conv1D layer and the Dense layer both incorporate the tanh (hyperbolic tangent) activation

function. The LSTM layers in the DecoderRNN inherently integrate sigmoid and tanh functions within
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Table 3.3 Decoder Components and Their Specifications

Decoder Component | Layer | Kernel Size | Strides | #Filters/#Units | Input Size | Output Size
Prenet Dense - - 256 1 x 256 1 x 256
Prenet Dense - - 256 1 x 256 1 x 256

Attention ConvlD (31, 1 32 1 x 256 1x 32
Attention Dense - - 128 1 x 32 1 x 128
DecoderRNN LSTM - - 1024 1 x 128 1 x 1024
DecoderRNN LSTM - - 1024 1 x 1024 1 x 1024
FrameProjection Dense - - 80 1 x 1024 1x80
Postnet ConvlD 5, 1 512 1 x 80 1 x 512
Postnet ConvlD (5, 1 512 1 x 512 1 x 512
Postnet ConvlD (5, 1 512 1 x 512 1 x 512
Postnet ConvlD (5, 1 512 1 x512 1 x512
Postnet ConvlD (5, 1 512 1 x 512 1 x 512
FrameProjection Dense - - 80 1 x 512 1 x 80

their architecture. The dense layer in the frame projection operates without an external activation func-
tion, serving as a linear projection. Finally, the Conv1D layers in the Postnet are implemented with
the tanh activation function. This configuration of layers and activation functions has been carefully
designed to optimize the decoder’s performance in the lip-to-speech synthesis task.

In the model, the decoder operates in a sequence-to-sequence fashion, decoding one speech timestep
at a time. For the ¢-th timestep of the melspectrogram, ¥;, the decoder uses either Y;_; or y;_1 as input,
depending on whether teacher forcing is active. Specifically, if teacher forcing is on, Y;_; (the ground
truth speech’s previous timestep) is used; otherwise, the previously generated timestep ;1 is utilized

as shown in Equation 3.2.

y; = Decoder_cell(teacher forcingison ? Y;_1 : y;—1, Ency) (3.2)

To initiate the generation process, a start token is used in place of y;_; when ¢ = 1. This approach
ensures that the decoding at each step is informed by the appropriate past output and the overall con-
text provided by the encoded sequence Ency, leading to coherent and contextually accurate speech
synthesis. The decoder cell is presented in more detail next.

In the sequence-to-sequence decoding process of the proposed model, the output from the Prenet
for the i-th timestep is denoted as p;. This output is determined based on whether teacher forcing is
active. The Prenet processes either the ground truth speech’s previous timestep Y;_; or the previously
generated timestep y;_1, as described by the following equation:

p; = Prenet(teacher forcing ison ? Y;_1 : y;—1) 3.3)

In the proposed sequence-to-sequence model, the context vector for the previous timestep is denoted
as c¢;—1. This context vector, calculated by the attention mechanism, plays a crucial role in decoding. For

each timestep 7, the output of the DecoderRNN denoted as d;, is obtained by concatenating the Prenet
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output p; with the previous timestep’s context vector ¢;—; and then feeding this combined input into the

DecoderRNN. This operation can be represented by the following equation:
d; = DecoderRNN(p;||c;—1) (3.4)

where || denotes the concatenation operation. The context vector ¢;_1 is a result of the attention mech-
anism applied to the encoded sequence and the previous decoder outputs, providing the necessary con-

textual information for the current decoding step.

The context vector ¢; for each decoder timestep ¢, where ¢ ranges from 1 to 7', is computed through
an attention mechanism. In this mechanism, the set of keys is represented by Encpy, where N is the
number of encoder timesteps, and the query for each timestep is the output of the DecoderRNN, d;. The

following equations can represent the attention mechanism:

The calculation of the attention energy at each decoder timestep ¢ and for each encoder timestep j is

given by:

ei; = AttentionEnergy(d;, Enc;) (3.5)

where j ranges from 1 to IV, with IV being the number of encoder timesteps. Here, ¢; ; represents the
energy between the query d; (the output of the DecoderRNN at timestep 7) and the j-th encoder output

Enc;.

The alignment scores or attention weights are then computed using a softmax function over these
attention energies:

o= oxplei) (3.6)

(2 E N
> k=1 exP(€ik)

where «; ; represents the attention weight for the j-th encoder output at the i-th decoder timestep.

Finally, the context vector ¢; for each decoder timestep is computed as a weighted sum of the encoder

outputs:
N
C; = Z Qg g - ETLC]' (37)
j=1
This context vector c; captures the attended information from the encoder outputs relevant to the current
decoding step and is utilized in conjunction with the Prenet output for further decoding operations.

The final step in the decoding process involves computing the ¢-th generated melspectrogram timestep,
y;. This is achieved by concatenating the output of the DecoderRNN at timestep ¢, d;, with the context
vector at the same timestep, c;, and then passing this concatenated vector through the Frame Projection

layer. The operation can be expressed as:

y; = FrameProjection(d;||c;) (3.8)
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where || denotes the concatenation operation. The Frame Projection layer reshapes this combined input
to produce the final melspectrogram output for timestep ¢, denoted as y;. This output y; represents
the synthesized mel chunk at that particular timestep, which in turn represents the synthesised speech.
The above-mentioned steps are repeated 71" times to generate the full melspectrogram. The generated
melspectrogram is denoted by y. This melspectrogram is then provided to the Postnet to calculate a
residual and improve output quality. First, the residual is obtained by passing the decoder output y
through the Postnet.

residual = Postnet(y) (3.9

Next, this residual is projected to match the dimensions of the melspectrogram:
residual_projection = FrameProjection(residual) (3.10)

Finally, the enhanced melspectrogram output, denoted as 3/, is computed by adding the initial mel-

spectrogram output y to the projected residual:
y/ = y + residual_projection 3.11)

This step, involving the Postnet and Frame Projection, effectively adds refinement and detail to the
initial melspectrogram, resulting in ¢/, the final generated high-quality melspectrogram. The generated

melspectrogram is used to calculate the standard L loss function as given in Equation 3.12.

Lyloss = |[Y — /|| (3.12)

A brief discussion on adapting Tacotron 2’s decoder for Lip2Wav In adapting the Tacotron 2
decoder for the specific application of lip-to-speech synthesis, a significant alteration was made: the
removal of the stop token prediction mechanism. This modification is driven by the nature of the input
and output sequences, which are of a constant size. In the original Tacotron 2 model, the stop token
prediction is crucial for determining the end of the speech generation process, especially since the
length of the output speech could vary depending on the input text. However, in the proposed model,
the lengths of the input video sequence and the corresponding output speech are predefined and fixed.
As a result, the need for a dynamic stopping criterion, such as a stop token, is not required, leading
to a more streamlined and efficient decoding process that runs for a set number of iterations based on
the predetermined sequence length. This adjustment simplifies the model’s architecture and aligns the

decoding process more closely with the fixed structure of the lip-to-speech synthesis task.

3.3.5 Gradual Teacher Forcing Decay

In the initial stages of training, up to approximately 30K iterations, teacher forcing is employed,
similar to the text-to-speech counterpart. It is hypothesized that this enables the decoder to learn an

implicit speech-level language model to help disambiguate homophones. Similar observations have
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been made in lip-to-text works [86], which employ a transformer-based sequence-to-sequence model.
Over the course of the training, the teacher forcing is gradually decayed to enforce the model to attend
to the lip region and to prevent the implicit language model from over-fitting to the train set vocabulary.

The effect of this decay is examined in sub-section 3.5.3.

3.3.6 Context Window Size

A larger visual context window for inferring the current speech time-step is employed to help the
model disambiguate homophones [43]. The context size used in this work is approximately 6 times
larger than in prior works. It is shown in sub-section 3.5.1 that this design choice results in significantly
more accurate speech. A context window size of 3 seconds is utilized to achieve the best results in the

experiments conducted.

3.4 Benchmark Datasets and Training Details

3.4.1 Datasets

The primary focus of the proposed work is on single-speaker lip-to-speech synthesis in uncon-
strained, large vocabulary settings. The Lip2Wav model is also trained on the GRID corpus [60] and the
TCD-TIMIT lip speaker corpus [61] to compare with previous works. Next, the model is trained on all
five speakers of the newly collected speaker-specific Lip2Wav dataset. Unless specified, all the datasets
are divided into 90 — 5 — 5% train, validation and unseen test splits. In the Lip2Wav dataset, these splits
are created using different videos, ensuring that no part of the same video is used for both training and

testing. The train and test splits are also released with this work? for fair comparison in future works.

3.4.2 Training Methodology and Hyper-parameters

A training input example is prepared by randomly sampling a contiguous sequence of 3 seconds,
which corresponds to 7' = 75 or T' = 90, depending on the frame rate (FPS) of the video. The effect of
various context window sizes is studied in Section 3.5.1. The face is detected and cropped from the video
frames using the S3F'D face detector [64]. The face crops are resized to 48 x 48. The melspectrogram
representation of the audio corresponding to the chosen short video segment is used as the desired
ground truth for training. The hidden dimension is halved to prevent over-fitting for training on small
datasets like GRID and TIMIT. The training batch size is set to 32, and training is continued until the mel
reconstruction loss plateaus for at least 30K iterations. Convergence for unconstrained single-speaker
experiments was achieved in about 200K iterations. Adam [130] is used as the optimizer with an initial
learning rate of 1073. The model with the best performance on the validation set is chosen for testing
and evaluation. More details, specifically a few minor speaker-specific hyper-parameter changes, can
be found in the publicly released code?.

https://github.com/rudrabha/Lip2Wav
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3.4.3 Speech Generation at Test Time

During inference, only the sequence of lip movements is provided, and the speech is generated in an
auto-regressive fashion. It should be noted that speech can be generated for lip sequences of any length.
Consecutive N frame windows are taken, the speech for each of them is generated independently, and
they are concatenated together. A small overlap across the sliding windows is maintained to adjust for
boundary effects. The waveform is obtained from the generated melspectrogram using the Griffin-Lim
algorithm [107]. Griffin-Lim algorithm itself does not work directly on melspectrograms. It expects
a normal linear frequency magnitude spectrogram. To apply the Griffin-Lim algorithm, we take the
predicted melspectrogram and apply an approximate inverse of the mel filter bank using a pseudo inverse
of the mel filter matrix, to recover an approximate linear magnitude spectrogram. Once we have this
approximate linear magnitude, we can run the standard Griffin-Lim algorithm on it to iteratively estimate
the phase and reconstruct the waveform. It was observed that neural vocoders [99, 116, 117] perform
poorly in this case as the generated melspectrograms are significantly less accurate than state-of-the-art
TTS systems. Finally, the ability to generate speech for lip sequences of any length is worth highlighting,
as the performance of the current lip-to-text works trained at sentence level deteriorates sharply for long

sentences that barely last over just 4 - 5 seconds [86].

3.4.4 Metrics used to measure the quality of the generated speech from different meth-
ods

In this section, the metrics used to measure the quality of generated speech are described. These
metrics are not only employed in this chapter but also serve as a mainstay throughout the thesis, being
utilized in subsequent chapters as well. The quality of generated speech from different methods is mea-
sured using three standard speech quality metrics: Short-Time Objective Intelligibility (STOI) [131],
Extended Short-Time Objective Intelligibility (ESTOI) [132], and Perceptual Evaluation of Speech
Quality (PESQ) [133].

3.4.4.1 Short-Time Objective Intelligibility (STOI)

STOI is designed to estimate the intelligibility of speech, which is particularly useful in assessing
speech clarity. In this algorithm, both the reference and processed speech signals are divided into short
time frames. These frames are transformed into a time-frequency representation. The correlation be-
tween corresponding time-frequency units of the reference and processed signals is calculated by STOI,
and these correlations are averaged to yield an intelligibility score. A higher STOI score indicates better
speech intelligibility. The STOI value ranges between 0 — 1.

3.4.4.2 Extended Short-Time Objective Intelligibility (ESTOI)

ESTOI is developed as an extension of STOI, specifically tailored for non-stationary noise condi-

tions. The STOI algorithm is modified by introducing a normalization step and different weighting of
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the time-frequency units. A correlation-based score reflecting speech intelligibility is computed by the
algorithm, making it more sensitive to variations in noisy environments. ESTOI is effectively used in
assessing speech enhancement techniques and communication systems in challenging acoustic settings.
The ESTOI value ranges between 0 — 1.

3.4.4.3 Perceptual Evaluation of Speech Quality (PESQ)

PESQ is employed to measure the quality of speech, accounting for both distortion and noise. In
this algorithm, a reference speech signal is compared with a degraded version to provide a quality
score. Key steps include time alignment of the signals, psychoacoustic modeling, and calculation of
a disturbance value quantifying the perceptual difference between the reference and degraded signals.
PESQ is widely used in the evaluation of telecommunication systems and speech codecs, offering a
comprehensive measure of speech quality as perceived by human listeners. The PESQ value ranges
between —0.5 — 4.5.

3.4.5 Lip to Speech in Constrained Settings

The evaluation of the proposed approach against previous lip-to-speech works is initiated with con-
strained datasets, specifically the GRID [60] corpus and TCD-TIMIT lip speaker corpus [61]. The mean
test scores for 4 speakers are reported for the GRID dataset, which are also presented in the previous
works. The results for GRID and TIMIT datasets are summarized in Tables 3.4 and 3.5, respectively.

Method STOI ESTOI PESQ | WER

Vid2Speech [43] | 0.491 0.335 1.734 | 44.92%
Lip2AudSpec [46] | 0.513 0.352 1.673 | 32.51%
GAN-based [47] 0.564 0361 1.684 | 26.64%
Ephratet al. [44] | 0.659 0.376 1.825 | 27.83%
Lip2Wav (ours) 0.731 0.535 1.772 | 14.08%

Table 3.4 Objective speech quality, intelligibility and WER scores for the GRID dataset unseen test
split.

Method STOI ESTOI PESQ | WER
Vid2Speech [43] | 0.451 0.298 1.136 | 75.52%
Lip2AudSpec [46] | 0.450 0.316 1.254 | 61.86%
GAN-based [47] | 0.511 0321 1.218 | 49.13%
Ephrat et al. [44] | 0.487 0.310 1.231 | 53.52%
Lip2Wav (ours) | 0.558 0.365 1.350 | 31.26%

Table 3.5 Objective speech quality, intelligibility and WER scores for the TCD-TIMIT dataset unseen
test split.
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Method Speaker | STOI ESTOI PESQ
GAN-based (471 [, o 10192 0.132 1.057
Ephrat et al. [44] 0.165 0.087 1.056
Lip2Wav (ours) | “¢™"®5 | 0.416 0284 1.300
Eptmateral (41| "% | o184 0008 1139
Lip2Wav (ours) | A7“D5i5 | 0418 0290  1.400
RSl ot oo 1
F,) ) Learning | ' ’ '

Lip2Wav (ours) 0282 0.183 1.671
gt e . 441 | P 010> ont 1043
Lip2Wav (ours) | “<“ | 0.446 0311 1.290
ot eral 441 | E79 |03 Qosa 106
Lip2Wav (ours) | "“K"8 | 0360 0220 1.367

Table 3.6 In unconstrained single-speaker settings, Lip2Wav model achieves almost 4 x more intelligi-
ble speech than the previous methods.

A significant margin of improvement can be observed in the proposed approach compared to com-
peting methods across all objective metrics. The difference is particularly noticeable in the TIMIT [61]
dataset, where the test set is characterized by a high proportion of novel words unseen during training.
This aspect of the test set is especially noteworthy, as it challenges the model’s ability to generalize
to new vocabulary. The superior performance of the proposed model in this context demonstrates that
correlations across short phoneme sequences are effectively captured, leading to better pronunciation of
new words compared to previous methods. This capability to handle unseen words is a crucial advance-

ment in lip-to-speech synthesis.

3.4.6 Lip to Speech in Unconstrained Settings

The evaluation of the proposed approach is now extended to unconstrained datasets, which are char-
acterized by a significant amount of head movements, much broader vocabularies, and substantial peri-
ods of silence or pauses between words and sentences. It is in this context that a more vivid difference
between the proposed approach and previous approaches can be observed. Our model is independently
trained on all 5 speakers of the newly collected Lip2Wav dataset. The training details are provided in
sub-section 3.4.2. For comparison with previous works, the best performing models [44, 47] on the
TIMIT dataset, based on STOI scores, are selected and their performance after training on the proposed
Lip2Wav dataset is reported. The same metrics for speech intelligibility and quality that are used in
Table 3.5 are computed. The scores for all five speakers for the proposed method and the two competing

methods across all three metrics are presented in Table 3.6.
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Much more intelligible and natural speech is produced by the proposed approach across different
speakers and vocabulary sizes. Notably, more accurate pronunciation is achieved by the proposed model,

as evidenced by the increased STOI and ESTOI scores compared to the previous works.

3.4.7 Human Evaluation

In addition to speech quality and intelligibility metrics, it is important to manually evaluate the

speech as these metrics are not perfect [44] measures.

3.4.7.1 Objective Human Evaluation

In this study, human participants are asked to manually identify and report (A) the percentage of
mispronunciations, (B) the percentage of word skips, and (C) the percentage of mispronunciations that
are homophones. Word skips denote the number of words that are either completely unintelligible due
to noise or slurry speech. Ten predictions from the unseen test split of each speaker in the Lip2Wav
dataset are chosen to get a total of 50 files. The mean numbers of (A), (B), and (C) are reported in Table
3.7.

Model (A) (B) ©)
GAN-based [47] | 36.6% 243% 63.8%
Ephratet al [44] | 43.3% 27.5% 60.7%
Lip2Wav (ours) | 21.5% 8.6% 49.8%

Table 3.7 Objective Human evaluation results. The participants manually identified the percentage of
(A) Mispronunciations, (B) Word skips and (C) Homophene-based errors in the test samples.

Far fewer mispronunciations are made by the proposed approach compared to the current state-of-
the-art method. Words are also skipped 3x less frequently; however, the key point to note is that the
issue of homophones remains a dominant cause for errors in all cases, indicating that there is still scope

for improvement in this area.

3.4.7.2 Subjective Human Evaluation

Human participants, 15 in number, are asked to rate the different approaches for unconstrained lip-
to-speech synthesis on a scale of 1 — 5 for each of the following criteria: (i) Intelligibility and (ii)
Naturalness of the generated speech. Using 10 samples of generated speech for each of the 5 speakers
from the Lip2Wav dataset, the following approaches are compared: (i) The proposed Lip2Wav model
(ii) Current state-of-the-art lip to speech models [44,47] (iii) Manually transcribed text followed by a
multi-speaker TTS [51,55] to demonstrate that even with the most accurate text, lip to speech is not
a concatenation of lip-to-text and text-to-speech. And finally, (iv) Human speech is also added for
reference. In all cases, the speech is overlaid on the face video before being presented to the rater. The

mean scores are reported in Table 3.8.
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It is important to note that, ultimately, the generated speech is intended for human consumption.
Thus, human evaluation is considered absolutely necessary for any of these works, as it provides crucial

insights into the perceived quality and naturalness of the synthesized speech.

Approach Intelligibility | Naturalness
GAN-based [47] 1.56 1.71
Ephrat et al. [44] 1.34 1.67
Lip2Wav (ours) 3.04 3.63
MTT + TTS [51] 3.86 3.15

Actual Human Speech 4.82 4.95

Table 3.8 Mean human evaluation scores based on speech quality and intelligibility for various ap-
proaches for lip to speech. MTT denotes “manually-transcribed text”. The penultimate row simulates
the best possible case of an automatic lip-to-text followed by a state-of-the-art text-to-speech system. In
this case, the drop in naturalness score illustrates the loss in speech style and prosody.

In line with the previous evaluations, it can be observed that significantly higher quality and legible
speech is produced by the proposed approach compared to the previous state-of-the-art [47]. It is ob-
served that a baseline approach using lip-to-text followed by plain text-to-speech (TTS) is implemented
in this evaluation. While this method produces linguistically accurate content, it is noted that the gen-
erated speech is completely out of sync with the lip movements. This lack of synchronization is due to
the TTS component operating independently of the visual input. As a result, this approach is not con-
sidered a viable solution for lip-to-speech synthesis. It is worth noting that in Chapter 5 of this thesis,
an improved approach is proposed that addresses this limitation. In the advanced method, the TTS com-
ponent is conditioned on lip movements, thereby maintaining synchronization between the generated
speech and the visual input. This development represents a significant improvement over the baseline
method evaluated here, highlighting the importance of integrating visual information throughout the

speech synthesis process.

3.4.7.3 Qualitative results

Qualitative results are presented in the form of a video linked in Figure 3.3, providing a dynamic
and illustrative demonstration of the research findings. This video offers an auditory representation
of the results, complementing the textual and quantitative analyses provided elsewhere in this thesis.
However, it should be noted that to access this feature, opening the document in Adobe Acrobat Reader
is essential, as other PDF viewers may not support the interactive multimedia functionality.

It is important to mention that this region may appear empty in the printed version of the thesis.
Readers are strongly encouraged to refer to the online version of the thesis to access the video. It is
emphasized that listening to this video is extremely important for a thorough understanding of the gen-
eration quality achieved by the proposed method. The auditory aspects of the lip-to-speech synthesis can
be fully appreciated only through this multimedia presentation, providing crucial insights into the qual-
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Figure 3.3 A video is presented in this link: https://youtu.be/8VnEHcRa214. This video
contains qualitative results and comparisons from the proposed proposed Lip2Wav model. This image
is presented as the thumbnail for this video.

ity and naturalness of the generated speech that may not be fully conveyed through text or quantitative
metrics alone.
The experimental section concludes here, demonstrating significant improvements over previous lip-

to-speech works. In the next section, ablation studies on the model are conducted.

3.5 Ablation Studies

In this section, different aspects of the Lip2Wav approach are probed. All results presented are

calculated using the unseen test predictions on the “Hardware Security” speaker of the Lip2Wav dataset.

3.5.1 Larger context window helps in disambiguation

As stated before, the lip-to-speech task is highly ambiguous and can be inferred solely from lip move-
ments. To combat this, reasonably large context information is provided to the model to disambiguate
a given viseme. Previous works, however, have used only about 0.3 — 0.5 seconds of context. In this
work, close to 6 times more context is used, providing a context of 3 seconds. This allows the model
to disambiguate by learning co-occurrences of phonemes and words, and the resulting improvement is
evident in Table 3.9.

48


https://youtu.be/8VnEHcRa2l4

Context Window size || STOI | ESTOI | PESQ
0.5 seconds 0.264 | 0.193 1.062
1.5 seconds 0.321 | 0.226 | 1.080
3 seconds 0.446 | 0.311 | 1.290

Table 3.9 Larger context information consistently results in more accurate speech generation. The
window size is limited to 3 seconds due to memory constraints.

3.5.2 Model is highly attentive to the mouth

A simple test is performed to empirically show that the model is highly attentive towards the lip and
mouth region despite large changes in face pose and expressions. The top half of the face is blurred in
one case, and the bottom half containing the mouth region is blurred in the second case. The blurred
regions are virtually incomprehensible to the human eye. In Table 3.10, a drastic drop in the metrics is

observed when the mouth region is blurred, which is not the case when the top half of the face is blurred.

Blur Type STOI | ESTOI | PESQ
No blur 0.446 | 0.311 | 1.290
Top Half 0.312 | 0.139 | 1.195
Bottom half || 0.226 | 0.068 | 1.164

Table 3.10 Blurring the mouth region drastically affects the generated speech compared to blurring the
top half of the face.

The activations of the penultimate layer of the spatio-temporal face encoder are plotted in Figure 3.4
to show that the encoder is highly attentive towards the mouth region of the speaker. The attention
alignment curve in Figure 3.5 shows that the decoder conditions on the appropriate video frame’s lips

while generating the corresponding speech.

3.5.3 Teacher Forcing vs Non-Teacher Forcing

To accelerate the training of a sequence-to-sequence architecture, the previous time step’s ground
truth (instead of the generated output) is typically given as input to the current time step. While this
is highly beneficial in the initial stages of training, it was observed that gradually decaying the teacher
forcing from ~ 30K iterations significantly improves results and prevents over-fitting to the training vo-
cabulary. A similar improvement was also observed in lip-to-text works [86]. In Table 3.11, a significant

improvement in test scores is shown by gradually decaying teacher forcing.

3.5.4 Effect of different spatio-temporal encoders

While a 3D-CNN was used as the spatio-temporal encoder in Section 3.3.3, achieving the best results
in the experiments to capture both spatial and temporal information in unconstrained settings, the effect

of using different kinds of encoders is also reported in Table 3.12. The encoder module was replaced
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Figure 3.4 The activations of the penultimate layer of the face encoder and the attention alignment from
the decoder are plotted. It is observed that the face encoder is highly attentive towards the mouth region.

Teacher-forcing || STOI | ESTOI | PESQ
Always forced || 0.221 | 0.162 | 1.141
Gradual decay || 0.446 | 0.311 | 1.290

Table 3.11 Gradually decaying the teacher forcing enables the model to generalize to unseen vocabulary
by forcing it to look at the visual input and not just predict from the previously uttered speech.

while keeping the speech decoder module intact. It is observed that the best performance is obtained
with a 3D-CNN encoder.

Encoder STOI | ESTOI | PESQ
2D-CNN 0.291 | 0.211 | 1.112
2D-CNN + ID-CNN || 0.298 | 0.223 | 1.170
3D-CNN (ours) 0.446 | 0.311 | 1.290

Table 3.12 Lip2Wav employs a 3D-CNN encoder to capture the spatio-temporal visual information and
is the superior choice over the other alternatives.

3.5.5 Effect of resolution of the input face crops

The input resolution for the face crops to the network was selected to be 96 x 96. However, this
resolution was inspired by other parallel works like [134]. Therefore, the input resolution is varied to
understand the effect of this property. The visual encoder is modified accordingly to handle the different
input dimensions. The output of the visual encoder is unchanged and thus the rest of the network is not

modified. The results from this experiment are given in Table 3.13.
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Figure 3.5 The decoder alignment curve illustrates that the model is generating speech by strongly
conditioning on the corresponding lip movements.
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Resolution || STOI | ESTOI | PESQ
48 x 48 0.442 | 0.308 | 1.285
96 x 96 0.446 | 0.311 | 1.290

128 x 128 || 0.449 | 0.314 | 1.293

256 x 256 || 0.389 | 0.275 | 1.198

Table 3.13 Analysis of different input resolutions. It is to be noted that, in fact, 128 x 128 shows
marginally better performance. However, there is a drop in performance as the resolution is increased
to 256 x 256

3.6 Multi-speaker Word-level Lip-to-Speech

In the field of speech synthesis, the concept of single-speaker models involves training on an exten-
sive dataset from one individual speaker. While this approach allows for highly accurate lip-to-speech
synthesis for that specific speaker, it inherently limits the model’s effectiveness when applied to in-
dividuals with different vocal characteristics and lip movements. Consequently, a model trained on
a single speaker typically fails to generalize to other identities, presenting a significant constraint in
broader, real-world applications. Recognizing this limitation, the scope of the proposed Lip2Wav ap-
proach is extended to address the challenge of multi-speaker lip-to-speech synthesis. The objective is
to train models capable of effectively handling speech synthesis for any arbitrary identity encountered
in diverse settings. This expansion aims to create a more versatile and universally applicable model,
transcending the constraints of single-speaker dependencies.

This chapter introduces the first multi-speaker adaptation of the Lip2Wav model, marking a signifi-
cant transition in the research focus of this thesis. As a natural and logical progression from the single-
speaker setup explored till now, this preliminary extension into multi-identity scenarios represents an
important step towards more versatile and generalizable lip-to-speech synthesis. The multi-speaker ap-
proach aims to capture not only the general principles of lip movement and speech correlation but also
to incorporate the unique vocal characteristics and articulation styles of different speakers. This initial
foray into multi-speaker synthesis lays the groundwork for the more advanced multi-speaker approaches
that will be explored in depth in the subsequent two chapters, underscoring the evolving complexity and
broader applicability of lip-to-speech technology.

The formulation of the problem is modified for the multi-speaker scenario. The goal is to gen-
erate a speech segment S = (S1,Ss,...,577) corresponding to a sequence of lip movements I =
(I1, I, ..., In). Additionally, a speaker identity vector V' is taken to generate S in the voice of V.

The approach presented in [55] is adapted, and a speaker embedding is fed as input to the model.
The process for generating this speaker embedding is detailed in Section 2.2.2.2.1 from the previous
chapter. During training, the speaker embedding V' is generated using a 1—second speech segment from
the ground-truth video. This approach enables the unique characteristics of the speaker’s voice to be
captured by the model. During inference, the flexibility to generate speech in different voices is offered

by the model by utilizing a speaker embedding from any arbitrary speech segment. This adaptability
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enhances the model’s utility for diverse voice synthesis applications. A visual reference of the changed

model is provided in Figure 3.6.
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Figure 3.6 Lip2Wav model for the multi-speaker lip-to-speech synthesis scenario. A speaker embedding
is added to the network to provide additional target voice information to the network.
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Baseline results on the LRW [30] dataset, intended for word-level lip-reading, are reported, i.e., it
is used to measure the performance of recognizing a single word in a given short phrase of speech.
Demonstration on the LRS2 dataset [28] is not provided as its clean train set contains just 29 hours
of data, which is quite small for multi-speaker speech generation. For instance, multi-speaker text-to-
speech generation datasets [135] containing a similar number of speakers contain several hundreds of
hours of speech data.

In Table 3.14, the speech quality and intelligibility metrics achieved by the multi-speaker Lip2Wav
model on the LRW test split are reported. As none of the previous works in lip-to-speech tackle the
multi-speaker case, comparisons with them are not made. The WER is also reported by getting the text
using the Google ASR API and comparing the WER of the baseline lip-to-text work on LRW [30] as
well as a current word level state-of-the-art lip-to-text work [136]. Note that the speech metric scores
shown in Table 3.14 for word-level lip-to-speech cannot be directly compared with the single-speaker

case, which contains word sequences of various lengths along with pauses and silences.

3.7 Summary

In this study, the challenge of synthesizing speech from lip movements with a focus on single speak-

ers was tackled. The approach hinged on a data-driven learning method, underpinned by the creation
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Method STOI ESTOI PESQ | WER

Lip2Wav (Ours) 0.543 0344 1.197 | 34.2%
Chung et al. [30] NA NA NA 38.8%
TCN (Current SOTA) [136] | NA NA NA 11.64%

Table 3.14 Objective speech quality and intelligibility scores on the LRW dataset. WER is also calcu-
lated after using an ASR on the generated speech. Our model outperforms the baseline method proposed
in [30] without any text-level supervision. The speech metrics are not applicable for [30, 136] as they
are lip-to-text works.

of a comprehensive benchmark dataset tailored for single-speaker, unconstrained, large vocabulary lip-
to-speech synthesis. The task was approached as a sequence-to-sequence problem, resulting in speech
synthesis that surpasses previous methods in both accuracy and naturalness. The model was rigorously
evaluated using a suite of quantitative metrics along with human studies. In the spirit of open research
and collaboration, all code and data from the study have been made publicly accessible’?. This chap-
ter fully focused on single-speaker scenarios, adapting a single-speaker TTS to the lip-to-speech task.
More practical scenarios involve multi-speaker tasks. Word-level multi-speaker synthesis was achieved;
however, it is shown in the next chapter that this approach does not scale to sentence level, necessitating
further work. Therefore, the next two chapters focus on multi-speaker lip-to-speech synthesis. The next
chapter addresses the sentence-level version of multi-speaker lip-to-speech, and the chapter after that

presents a much-improved version that is practically usable.
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Chapter 4

Towards Lip-to-Speech Synthesis for Arbitrary Identities in the Wild

4.1 Introduction

Following the in-depth exploration of single-speaker lip-to-speech synthesis in Chapter 3, the focus
of this thesis now shifts to the more complex domain of multi-speaker lip-to-speech synthesis. While the
previous chapter laid the groundwork with individual speaker models, this chapter expands the scope
to address the challenges of synthesizing speech from lip movements across multiple speakers. It’s
worth noting that near the conclusion of the last chapter, a preliminary discussion on multi-speaker
lip-to-speech at the word level was introduced. Building upon that initial exploration, this chapter
presents the first comprehensive approach to multi-speaker lip-to-speech synthesis at a sentence level.
The core challenge addressed here is the development of a universal model capable of interpreting and
synthesizing speech from a diverse array of lip movements and speech patterns, accommodating the
unique characteristics of various individuals. This transition from single to multi-speaker synthesis
represents a significant advancement in the field, aiming to create more versatile and broadly applicable

lip-to-speech technology.

4.1.1 Lip2Wav fails to learn the attention alignment

Lip2Wav, the sequence-to-sequence model with attention proposed for the single-speaker lip-to-
speech task in the previous chapter. The attention mechanism lets the decoder look at the correct frame’s
lip movements while decoding. The model learns diagonal attention upon convergence.

We observed that when training on challenging sentence-level, multi-speaker datasets such as LRS2 [28]
with a vast number of voices and vocabulary, it fails to learn the temporal attention alignment. We add
the final alignment plots of the trained model in Fig 4.2 to clearly show the failure of this model to learn

audio-visual correspondence in such unconstrained settings.

4.1.2 Overcoming Challenges in Lip-to-Speech Synthesis

Building upon the limitations observed in Lip2Wav, particularly its inability to learn proper attention

mechanisms for multi-speaker scenarios, the broader challenges inherent in lip-to-speech synthesis are
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Figure 4.1 The problem of generating speech from silent lip videos for any speaker in the wild is
addressed in this work. In previous works, training was conducted either on large amounts of data
of isolated speakers or in laboratory settings with a limited vocabulary. Conversely, in this approach,
speech can be generated for the lip movements of arbitrary identities in any voice without additional
speaker-specific fine-tuning. A new VAE-GAN approach is introduced, which allows strong audio-
visual associations to be learned despite the ambiguous nature of the task.
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Figure 4.2 Attention alignment plots at various training stages indicating that Lip2Wav fails to learn
temporal attention in the unconstrained multi-speaker setting.
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now addressed. The failure of Lip2Wav to learn alignment in multi-speaker contexts underscores the
complexity of the task at hand. The challenges in lip-to-speech synthesis are multifaceted. Foremost
among these is the inherent ambiguity in lip movements, where homophones — different sounds sharing
visually similar lip shapes — present a substantial barrier to accurate speech generation. This ambiguity
is further compounded in a multi-speaker context, where variations in voices, accents, and speaking
styles add layers of complexity. While commendable results are achieved in controlled environments,
existing single-speaker methods, including Lip2Wav, fail to address these stochastic variations and scale
to the diverse identities encountered in real-world scenarios. In Table 4.1, the task at hand is contrasted
against the previous approaches. Most of the earlier works function under one or more constraints. As
it will be shown later, these methods do not scale to the case of ’generating speech for any identity in
any voice”. The reasons are discussed, and how the proposed novel approach addresses these issues,

overcoming the alignment challenges faced by methods like Lip2Wav, is described.

Table 4.1 Major differences between the proposed approach and the existing approaches. As shown in
this table, this work deals with the most challenging task in this space.

Approach vocab. | natural |training data per| zero-shot gen.

size |setting?| spkr (in mins.) |(unseen spkrs.)
Vid2Speech [43] 56 X 48 X
Ephrat et.al [44] 82 X 30 X
GAN based [47] 82 X 30 X
Lip2AudSpec [46] 56 X 48 X
Lip2Wav (Presented in Chapter 3) | ~ 5K v 1200 X
Ours 50K+ v 3 v

This chapter introduces a novel approach to multi-speaker lip-to-speech synthesis. The goal is to
generate speech for any identity from silent videos, in any voice, without speaker-specific training.
This approach addresses the question: "How accurately can an individual’s speech style and content be
inferred from their lip movements?”

A VAE-GAN architecture is proposed to capture lip and speech sequence correlations across various
speakers. This model is designed to handle the ambiguities in lip-to-speech synthesis and represents a
significant advancement in speech synthesis for unconstrained settings.

Key contributions of this chapter include:

» Formulation of lip-to-speech synthesis for unconstrained settings, without limits on speaker num-

bers or vocabulary.

* Introduction of a VAE-GAN architecture to align speech content with lip movements.

Establishment of a new benchmark in multi-speaker lip-to-speech synthesis.
* Demonstration of the model’s ability to fine-tune to specific speakers efficiently.
The proposed model’s performance is evaluated through experiments and compared with existing base-

lines. This work sets a new standard in the field of multi-speaker lip-to-speech synthesis.
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4.2 Essential Background

This section provides a brief overview of key concepts used in the proposed approach.

4.2.1 Variational Autoencoders (VAESs)

VAE:s consist of an encoder and a decoder. The encoder maps input data x to a latent space distribu-
tion:
@, log(X) = Encoder(x) 4.1)

Here, 1 € R% and 3 € R%*? denote the mean and (typically diagonal) covariance of the approximate
posterior over the latent variable z € R,

The decoder reconstructs the input from a latent sample:
% = Decoder(z), z=p+ %" %e (4.2)

where € ~ N(0,1), and x is the reconstructed version of x.

4.2.2 Generative Adversarial Networks (GANS)

GAN:Ss consist of a Generator GG and a Discriminator D trained adversarially:
mGin max V(D,G) = Eympiaa(x) [log D(x)] + Ezpy(z) [log(1 — D(G(z)))] 4.3)

Here, pgaa (x) denotes the distribution of real data, p,(z) is a prior distribution over latent noise (e.g., a
standard normal), and V' (D, G) is the standard GAN value function.

4.2.3 Wasserstein GAN (WGAN)

WGAN uses the Wasserstein distance as the loss function:

mGln anEal)?( VW(Dv G) = EXdim(x) [D(X)} - IEZsz(Z) [D(G(Z)>] (44)

where D is the set of 1-Lipschitz functions. The model (or generator) distribution is denoted by p,,
induced by sampling z ~ p,(z) and mapping through G.

4.2.4 Wasserstein GAN with Gradient Penalty (WGAN-GP)

WGAN-GP adds a gradient penalty term to enforce the Lipschitz constraint:

L =Vi(D,G) 4 ABsgp [(| V& D(X)||2 — 1)?] (4.5)
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where X is sampled uniformly along straight lines between pairs of points from pga. and py, px denotes

the distribution of these interpolated samples, and A > 0 is the penalty coefficient.
4.2.5 VAE-GAN
VAE-GAN combines VAE and GAN architectures. The objective function is:

Lyar-Ggan = Lvag + a - Lgan (4.6)

where Lyag includes reconstruction and KL divergence losses, Lgan is the adversarial loss, and o > 0

is a scalar weight balancing the two terms.

4.2.6 KL Divergence for Multivariate Gaussians

For multivariate Gaussian distributions p(z) = N (p;,X1) and ¢(z) = N (4, X2), the KL diver-

gence is:
1 39 _ _
Drx(a(2)llp(z)) = 5 |log ;21; (35 80) + (g — )" By (pp — ) —d| (A7)
where d is the dimensionality of the distributions, | - | denotes the determinant, and tr(-) is the trace of a
matrix.

4.3 VAE-GAN architecture for multi-speaker lip-to-speech

4.3.1 Formulating the task

As defined in Chapter 3 (Section 3.6), the goal is to take a sequence of lip movements I = (13, I, ..., Ix)
to generate speech segment S = (S, Sa, ..., S7v) corresponding to the lip movements /. We also take a
speaker identity vector V' to generate S in the voice of V. The issues of the previous approaches are ex-
amined and appropriate changes to enable learning in a significantly more unconstrained multi-speaker
setting are proposed. As mentioned previously in Chapter 3, melspectrograms are used to represent

speech. The melspectrogram is represented as Y = (Y1, Y5, ..., Y7).

4.3.2 Fundamental issues in Previous Works
4.3.2.1 Stochastic Nature in Lip-to-Speech Synthesis

All of the previous works aim to map the input lip sequence to a single speech sequence, i.e., they do
not account for the stochastic nature of the task. The stochasticity arises due to inadequate priors, i.e.,
the speech cannot be entirely inferred from the lip movements due to the homophone ambiguity. But ad-

ditional ambiguities are introduced as the overall set up is changed from laboratory settings to utterances
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Figure 4.3 A novel VAE-GAN architecture is proposed for this task. Unlike previous approaches that
enforce a one-to-one mapping between lip and speech sequences, this model addresses the task’s ambi-
guities by mapping the speech content (ASR representations) and lip sequence to similar distributions.
A decoder then generates realistic speech outputs from this latent space. Additional discriminators are
used to enable high-fidelity generation in unconstrained settings.

in real-world videos, as shown in Chapter 3, where even the single-speaker case becomes challenging
when the speech is “freely uttered”: it can have varying decibel levels (no concrete correlation to lips),

stress on particular phonemes, and even transient lip motion during pauses.

4.3.2.2 Scaling to Multi-speaker Lip-to-Speech

Moving further into the multi-speaker case, the task becomes severely ill-posed and extremely chal-
lenging. Given only the lip movements and a voice token, there are many stochastically varying factors
that cannot be inferred from either of the inputs. In addition to the ambiguities mentioned in Sec-
tion 4.3.2.1, each speaker can have distinct speaking styles and lip shapes in the multi-speaker setting.
The large variation in voices and accents also influences how the phonemes are uttered. Such variations
cannot be adequately captured in the voice token input. None of the existing models handle these issues,

even in the single-speaker case, so they do not scale well to multi-speaker lip-to-speech.

4.3.2.3 What ‘““Space” is Right to Learn these Ambiguous Audio-Visual Correspondences?

In the unconstrained multi-speaker scenario, existing models struggle to learn effectively due to their
reliance on learning signals from raw spectrograms. This limitation is attributed to the prevalent use of
a visual encoder - speech decoder approach with only an L reconstruction loss in most current models.

Given the large number of stochastic variations in both visual and speech modalities, it is argued that
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learning speech-lip correspondences in the feature space would be beneficial, a concept well-studied
in the literature [16, 137-140]. The intuition behind this approach is that low-level variations are more
meaningfully represented in the feature space. For instance, matching the lip shapes of “ma” with its
instances in speech across different voices would be considerably easier in a feature space that is voice-
invariant and contains only the content information from the speech sequences. This intuition serves as

the foundation for the core idea presented in this work.

4.3.3 The core idea of this chapter

The core idea presented in this work is two-fold. Firstly, the distributions (Figure 4.1) of (i) the
lip sequence and (ii) the content from the speech sequence are matched in the latent feature space to
allow the model to handle the aforementioned stochastic variations. Secondly, a decoder is learned that
decodes meaningful speech samples from this latent space while also conditioning on a speaker identity
embedding that provides the voice information.

Concretely, each input lip sequence is first represented as a distribution (instead of a single vector)
and matched to the corresponding speech content distribution. The intuition for matching at the level
of distributions is that it allows the ambiguities to be meaningfully represented by allowing a “one-
to-many” correspondence. Once such a shared latent space is established, the second step involves
decoding samples from this latent distribution to generate meaningful speech.

These ideas are realized in the following manner: A standard automatic speech recognition (ASR)
model is used to extract content information from the input speech sequences. A variational auto-
encoder [105] is then employed to map the speech content information to a shared latent space and
decode the samples from this latent space to real speech sequences. An additional visual encoder is
utilized to map the lip sequences to the same shared latent space. These two latent distributions are tied
together using the KL divergence loss [141], as illustrated in Figure 4.3. Finally, points are sampled from
these distributions and fed to a speech decoder along with the speaker identity embedding to generate

intelligible speech sequences. Each of the modules is discussed in detail in the subsequent sections.

4.3.4 Key changes to melspectrogram formation

In the transition from Chapter 3 to this chapter, a significant modification was implemented in the
melspectrogram parameters, driven by the need to achieve a more synchronous alignment between au-
dio and video data. In Chapter 3, the audio processing parameters were configured such that one second
of audio, equating to 16000 raw wave samples (sampled at 16000 Hz), was converted into a melspectro-
gram of dimensions 80 x 80. However, given the video data’s frame rate of 25 FPS, this setup resulted
in a less optimal relationship between the audio and video frames. To address this issue, key changes
were introduced in this chapter: the n_f ft parameter was increased from 512 to 800, hop_size was
adjusted from 160 to 200, and win_size was altered from 400 to 800. As a result, the melspectrogram
for each second of audio in this chapter was resized to 100 x 80, establishing a more congruent relation-

ship with the 25 FPS video frame rate, where a grouping of 100 frames in the spectrogram corresponds
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more effectively to 25 video frames. These adjustments in the audio processing parameters were deemed
critical for achieving better synchronization between audio and visual data and were instrumental for
the fully convolutional architecture adopted in this chapter. This architectural shift marks a departure
from the sequence-to-sequence learning paradigm employed in the previous chapter, underscoring the
necessity of such key parameter adaptations to align with the model’s evolving structural and functional

requisites.

4.3.4.1 Visual Encoder

The visual encoder used in several previous models that aim to learn audio-visual correspondence [15,
18,120, 142] is adopted. This encoder consists of 3D convolutional layers, with only the first layer hav-
ing a temporal receptive field of 5 frames. A good trade-off between speed and capturing short-range
temporal information is provided by this configuration. A spatio-temporal volume I : (N, 96,96, 3) is
input to the visual encoder, and 1D embeddings [ : (/V,512) are output at each time-step. 4x temporal
upsampling is performed using nearest-neighbor interpolation on N to match the speech time-steps 7.
This is made possible due to the reasons mentioned in Section 4.3.4. The visual encoder’s architecture
is engineered to process the input I through a series of Conv3D blocks, each of which is comprised of
a 3D convolutional layer and a batch normalization layer, followed by a ReLU non-linearity. Residual
connections are selectively employed in these blocks to facilitate gradient flow and improve training ef-
ficiency. A time upsampling layer is also incorporated into the architecture, which quadruples the time
dimension from N to T, enhancing the temporal resolution of the data. Following the convolutional
stages, the architecture converges into a dense layer. The spatial dimensions are retained by this layer,
but the feature depth is transformed to 512 units, effectively consolidating the extracted features into
a compact and representative form. The network’s final output is [, with dimensions 7" x 512. This
configuration, detailed in Table 4.2, is optimized for robust spatio-temporal data processing, balancing

feature extraction, temporal resolution, and feature consolidation.

4.3.4.2 Speech Content Encoder

Lip movements are considered to primarily represent the content information present in a speech
sequence. Thus, before matching with the lip distribution, the content from the speech segment needs
to be distilled. This is achieved using a standard pre-trained ASR network [54]. The melspectrogram
is passed through this frozen encoder to generate a 7' x 1024 dimensional embedding denoted by c.
In this way, the voice information is separated from the speech representations, which is crucial to the
training strategy, as will be seen later. The architecture of this content encoder begins with a GRU (Gated
Recurrent Unit) layer containing 256 units, which is designed to handle sequential data. It processes
an input of size T x 1024 and produces an output of size 7' x 512. Following the GRU, a Dense layer
with 512 units is employed. This layer maintains the input-output size from 7' x 512 to T' x 512,
ensuring consistent information flow. The final component is a ReLU activation layer, which applies a
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Table 4.2 Architectural details for the visual encoder. Each row represents a layer in the network,
showing how the input size is transformed into the output size. Notably, the time upsampler layer

upsamples the time dimension from N to 4N, denoted as 7" in the presented setup

Layer Kernel Size | Stride | #Filters | Residual | Input Size | Output Size
Conv3D (5,5,5) (1,2,2) 32 X N x 96 x 96 | N x 48 x 48
Conv3D (3,3,3) 1 32 v N x 48 x 48 | N x 48 x 48
Conv3D (1,3, 3) (1,2,2) 64 X N x48 x 48 | N x 24 x 24
Conv3D (1,3,3) 1 64 v N x 24 x24 | N x 24 x 24
Conv3D (1, 3,3) (1,2,2) 128 X Nx24x24 | Nx12x 12
Conv3D (1,3,3) 1 128 v Nx12x 12 | Nx 12 x 12
Conv3D (1,3,3) 1,2,2) 256 X Nx12x12| Nx6x6
Conv3D (1,3,3) 1 256 v Nx6x6 Nx6x6
Conv3D (1,3,3) 1,2,2) 512 X Nx6x6 Nx3x3
Conv3D (1,3, 3) 1 512 v Nx3x3 Nx3x3
Conv3D (1, 3,3) (1,3,3) 512 X N x3x3 Nx1xl1
Conv3D 1,1, 1 1 512 X Nx1xl1 Nx1xl

Time Upsampler - - - X Nx1x1 4N x 1 x 1
ConvlD 3 1 512 X Nx1x1 Tx1x1
Dense - - 512 X Tx1x1 T x 512

non-linear transformation to the data without altering its dimensions, keeping the size at 7' x 512. A

tabular overview of this architecture is presented in Table 4.3.

Table 4.3 The architecture for the speech content encoder

Layer | #Units Input Size Output Size
GRU 256 T x 1024 T x 512
Dense 512 T x 512 T x 512
ReLU - T x 512 T x 512

4.3.4.3 Variational Auto Encoder Based Approach & Latent Distribution Matching

Both lip and speech content embeddings, [ and ¢, are now mapped to Gaussian distributions with
a diagonal covariance matrix: N (u, 0;) and N (i, o), where (p, 07), (e, 0¢) are obtained using
two projection modules P, and P.. Both these modules contain a bi-directional GRU [143] followed
by a ReLU-activated fully-connected layer. Contextual information in both directions at each time
step is captured by the bi-directional GRU. Now that two distributions have been obtained, one cor-
responding to the speech content and another corresponding to the lips, random points ¢, and [, are
sampled from these distributions using the re-parametrization trick [105]. Brief information about the
re-parametrization trick is provided in Section 4.2.1. It can be clearly seen that a ”single value” for each
input lip or speech sequence is no longer present, but rather two probability distributions for these inputs

are now available.
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The final step is to tie these distributions together, i.e., to ensure that the lip distribution N (y;, 07)
is close to the speech content distribution A (p., o). By doing so, a decoder can be trained to decode
speech samples from the content distribution N (.., o.) and also to decode from points in the lip distri-
bution. Therefore, the Kullback-Leibler Divergence (KL) loss [141] between these two distributions is

minimized.

N
1
Lyagope = N Z KLIN (prei, e [IN (1,35 01,4)] (4.8)
=1

The term Ly;,,,,,, 1s referred to as the global KL-divergence loss since the distributions are created
by considering the complete speech and lip movements sequence. To further improve the alignment, and
inspired by [144], random corresponding temporal segments of the distributions are taken and aligned by
minimizing a “local” KL-divergence loss (Figure 4.4). For each batch sample, R = 10 small temporal
segments are chosen, and their (1", 0”) are used to minimize Equation 4.9. This approach marks a small

but significant contribution to enhancing alignment.

N R
1 r r T r
Lkllocal = N Z Z KL [N(N’C,Z" O’C,i)‘ |N(MZ,’L’ Jl,l)] (49)

i=1 r=1

Here, N (u",0") are 7" random patches sampled from the lip and content distributions along the
temporal dimension. Binding the distributions at the local level is crucial as phoneme-viseme mappings
occur locally rather than globally. The importance of employing both local and global KL-divergence
losses shown in Table 4.9. Since the two distributions are aligned using the KL-divergence loss, it is
possible to sample from the lip distribution during inference while sampling from the speech content

one during training.

4.3.44 Speaker Embedding

While the visual/content encoder specifies “what to utter,” input for “which voice to utter in” is
also needed. Representing each speaker in the dataset with a one-hot vector does not generalize to
new speakers during inference. Instead, a recent advancement [55] in training multi-speaker text-to-
speech models is adopted, where a pre-trained identity network! containing the embedding with voice
information is used. The speaker embedding can be obtained for any voice, given just one second of the
voice sample. For each video in the dataset, a 256-dimensional speaker embedding is generated using
a random one-second segment of the audio. A ReLU-activated fully-connected layer is applied to this
pre-trained speaker embedding input V' before it is fed to the decoder. For more information about the
speaker embedding, please refer to Section 2.2.2.2.1 in Chapter 2.

'github.com/CorentinJ/Real-Time-Voice-Cloning
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Figure 4.4 In addition to using a global KL-divergence loss to tie the lip and speech content distributions,
these distributions are also enforced to be temporally aligned by minimizing a local KL-divergence loss
on random smaller time segments. The intuition is that lips and speech are locally aligned in time in the
form of visemes and phonemes.

4.3.4.5 Speech Decoder

The final step involves training a module to generate speech segments given points sampled from the
previously created joint latent space. At test time, points from the lip distribution need to be fed, as the
speech is not available. During training, three ways of sampling the points are utilized: (i) only from the
lip distribution, (ii) only from the speech content distribution, and (iii) alternately sampling from both
distributions. It is hypothesized that learning with points from (ii) is far easier and allows the network
to learn excellent latent representations of the speech content. As the distributions are matched in the
latent space, learning accurate, meaningful representations of one of them is quite beneficial for learning
the joint space. Indeed, good convergence and intelligible speech, both at training and test time, were
observed only when the decoder was trained on points sampled from the speech content distribution.
The points are sampled using the re-parameterization trick [105] and are of the shape (7', 256). Along
with the sampled points from the content (c,) or lip distribution (l,,), the speaker embedding input V' is
ingested by the decoder, which concatenates the sampled points. The concatenated content-voice feature
vectors [(¢cp|lp); V] = (T,512) contain information on both “what to utter” and “the voice to utter in.”
A bi-directional LSTM layer followed by 3 dense layers is used to decode the melspectrogram segment

(T, 80) from the concatenated feature vector. The architecture of the decoder is summarized in Table 4.4.
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Table 4.4 Architecture of the speech decoder

Layer #Units Input Size | Output Size

LSTM 128 (x2 for bidirectionality) | T x 512 T x 256
Dense - 1st Layer 256 T x 256 T x 256
Dense - 2nd Layer 128 T x 256 T x 128
Dense - 3rd Layer 80 T x 128 T x 80

During training, the generator G ingests speech content ¢ and speaker embedding V' and minimizes the

L reconstruction loss between the generated speech and the ground-truth speech melspectrogram Y':

N
1
L = N;HG(%V» = Yilh (4.10)

Note that during training, the generator network is essentially a VAE for the speech with an additional
KL loss constraint on its latent space. Because of the KL loss, sampling from the speech distribution
during training is possible, and during inference, when the speech is absent, points can be sampled
and decoded from the lip distribution. Therefore, G(I, V) is predicted as the output during inference.
Since a content encoder is employed during training, the decoder is forced to condition on the speaker
embedding for the voice information. The content encoder distills only the content information from a
speech sequence and does not leak the voice information, allowing good voice quality to be maintained
even at test times when decoding from the lip distribution. Additional discriminators that will be used
along with the generator to improve the quality and accuracy of the generated speech outputs are now
described.

4.3.4.6 Enforcing Realism with a VAE + GAN

In the experiments, it was observed that generating realistic samples for such diverse voices, accents,
and speaking styles, using a plain L; reconstruction loss, produced unrealistic, unintelligible samples
(Table 4.8). It is hypothesized that this occurs because of the known issue of the L loss regressing to
the mean. Multiple works in the past [145, 146] also point to the benefits of using a GAN along with a
VAE. It was found that it is highly beneficial to train a WGAN-GP [113] critic in a GAN setup along
with the VAE architecture. The critic consists of a series of 1D convolutional layers that take an audio
spectrogram segment of shape T" x 80 as input and output a single number as the score. The generator
G and the critic D optimize the Wasserstein objective [147] along with the gradient penalty [113] in the
equations below, where Y contains all linear interpolates between Y and G(I,V):

Lady = Egny [D(2)] = Eprngr,v)[D(2)] (4.11)
Lgp =E, ¢ [(IV:D(@)[| - 1)? (4.12)
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4.3.4.7 Improving Voice of the Generated Speech

To ensure that the model learns the voice and other style attributes, the pre-trained identity network
described in Section 4.3.4.4 is used to penalize the generated speech segments if they do not match
the voice/style attributes of the ground-truth speech segment. The discriminator network is trained to
maximize the cosine similarity L. between the embeddings of the generated (Vye,,) and the ground-

truth (V) speech segments.

1 & Vg

genz T
o = } 4.13
VO ce 2:1 max H V H VGT}Z 6) ( )

4.3.5 Training Settings & Inference

The complete loss function to train the network is the weighted summation of all the above losses:

LG = )\’I‘Ll‘ + )\kglobalLKLglobal + /\klocalLKLlocal + >\v0iceLv0ice (414)

Loan = mén max Lagy + AgLgp (4.15)

Here, L, is the reconstruction loss, Lk, and Lk, are the global and local KL divergence
terms on the latent distributions, and Lyeice €ncourages the correct speaker identity. The term L4, de-
notes the adversarial (Wasserstein) loss and Ly, is the gradient penalty term, with G and D representing
the generator and discriminator (critic) networks, respectively. The scalars Ar, Ak ;o015 Mijgear> Avoices
and \g control the relative weight of each loss component.

In the experiments, we set A, = 10, A =9, Mypewr = 9> and Ayoice = 5. The pre-processing

lobal
procedures of Lip2Wav [50] were followedgto detect and extract face crops from training videos. Video
inputs were created by randomly sampling a window of N = 25 contiguous face crops (corresponding
to 1 second of video at 25 fps), each resized to 96 x 96 pixels. The corresponding audio segment was
sampled at 16,000 Hz, resulting in 77 = 16,000 waveform samples for 1 second of audio. The short-
time Fourier transform (STFT) was computed with a hop length of 10 ms and a window length of 25 ms.
From this, melspectrograms with 80 mel bands and 7" = 100 mel time steps per second were obtained.
We used a batch size of 32 and the RMSProp [148] optimizer with an initial learning rate of 0.00005
for both the generator and the discriminator, following the recommendations for WGAN-GP train-
ing [113]. The generator was updated once every five discriminator updates, as in [113]. Since this
is a WGAN-style setup, the discriminator (critic) loss was used to monitor training progress and was
found to correlate well with the perceptual quality of generated samples. Training was stopped once the
discriminator loss did not improve for 10 consecutive epochs.
At inference time, the decoder is conditioned on the speaker embedding and the lip latent distribution
instead of the content distribution. Because the model accepts a variable number of time steps as input,

it can generate speech for arbitrary-length video sequences without any further architectural changes.

67



4.3.5.1 Datasets and Training Strategy

The primary focus is on synthesizing speech for silent lip videos in unconstrained settings, with
the intention to make the model identity-agnostic and capable of working with a larger vocabulary.
However, to compare with previous works, the model was also trained on the lab-recorded constrained
GRID [60] and TCD-TIMIT [61] datasets. The speaker-independent train-test setting as described
by [47] for GRID and the single-speaker lip-to-speech setting as used in the previous chapter by the
Lip2Wav model for the TCD-TIMIT dataset were utilized. For unconstrained evaluation, the model
was first trained on the word-level LRW data [30]. Next, the complete LRS2 dataset [28] (both train
and pre-train sets) was used, which contains sentences and phrases as opposed to specific words. The
LRS2 data comprises thousands of speakers from BBC programs with a vocabulary of 59k and 2M
word instances. The large number of speakers and the vast vocabulary covered in both of these datasets

encourage the model to be speaker-agnostic and pose no limitations on the vocabulary size.

4.3.5.2 Computation cost

The network is trained using 4 NVIDIA 2080 Ti GPUs. The network consists of 18M parameters
and takes 0.5-seconds to generate 1-second of speech.

4.4 Experiments

The model is evaluated against various baseline methods in (i) laboratory-setting videos and (ii)

in-the-wild videos.

4.4.1 Evaluation in Constrained Settings
4.4.1.1 Baselines

The model is compared with the following existing lip-to-speech methods: (i) Improved Vid2Speech [44],
(i1) GAN-based [47], and (iii) the Lip2Wav model proposed in Chapter 3. Note that the same settings
as Lip2Wav for the TCD-TIMIT dataset were used for training, so the paper scores for all the compar-
ison methods are reported. Similarly, the scores from [47] for the GRID dataset (speaker-independent

training settings) are used.

4.4.1.2 Metrics

The model is evaluated using the standard speech metrics as discussed in the previous chapter, Sec-
tion 3.4.4: Perceptual Evaluation of Speech Quality (PESQ) and short-time objective intelligibility mea-
sure (STOI). PESQ measures the overall perceptual quality of speech, and STOI correlates with the
intelligibility of speech. Additionally, to specifically evaluate the voice quality of the generated sam-
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ples, the distance (L) between the speaker embeddings of the generated and the ground-truth samples

(termed speaker embedding distance (SED)) is measured.

4.4.1.3 Results

Table 4.5 shows the results of different models on GRID and TCD-TIMIT datasets. It is observed
that the approach, designed specifically for the unconstrained scenario, performs slightly better or is
comparable to other methods when used in constrained settings. Additionally, it can be observed that
in terms of voice quality (SED metric), the method outperforms existing approaches, indicating that the

voice of the identity is preserved to a large extent.

Table 4.5 Quantitative results on the constrained GRID [60] and TCD-TIMIT [61] datasets.

Dataset GRID [60] TCD-TIMIT [61]
Method PESQT STOIf SEDJ ||PESQt STOIT SED,|
Imp. Vid2Speech [44]| n/a n/a n/a 123 049 n/a
GAN-based [47] 124 044 n/a 122 032 n/a
Lip2Wav 1.20 038 4.38 1.35 0.56 4.64
Ours 128 045 376 || 1.35 055 4.36

Table 4.6 All models are pre-trained on the LRW dataset and then trained on LRS2. All the comparative
methods are outperformed, especially on the challenging LRS2 data, which contains unseen speakers,
words, poses and a large vocabulary.

Dataset LRW [30] LRS2 [28]

Method PESQt STOIt SED| FDSD| KDSDJ LSE-Ct LSE-D| || PESQf STOIt SED] FDSD| KDSDJ] LSE-Ct LSE-D|
Imp. Vid2Speech [44] 0.65 0.09 6.01 5.645 10.2 1.782 10.43 0.59 030 625 4.275 3.1 2.009 8.424
GAN-based [47] 0.72 0.10 590 5.189 9.1 1.983 9.426 0.80 040 6.13  3.626 1.8 2.503 8.489
Lip2Wav 1.19 0.54 573 1831 1.1 2.526 8.286 0.58 028 622 10.71 15.5 1.874 11.48
Seq2seq baseline 1.01 0.50 6.16  4.306 7.7 2.396 8.412 0.97 043 647 3.840 2.8 1.991 8.532
Non seq2seq baseline 1.05 049 617 4.112 7.1 2.282 8.441 0.96 044 643 3.803 2.3 2.078 8.536
Ours w/o Content Encoder | 0.53 0.14 589 2941 34 2.531 8.205 0.45 032  6.02 2.856 1.2 2.385 8.230
Lip-to-text [71] + TTS [55] \ 0.60 0.09 591 1.056 0.5 2.181  14.160 H 0.48 0.11 6.17 0.984 0.1 2.024  19.012
Ours \ 0.78 0.15 5.65 1.638 0.8 2.538 8.173 H 0.60 034 595 1273 0.2 2.507 8.155

4.4.2 Evaluation in Unconstrained Settings
4.4.2.1 Baselines

As no prior works in multi-speaker lip-to-speech synthesis train on such unconstrained datasets,
previous models [44, 47, 50] were extended with the same speaker embedding used in the proposed
model and all of them were trained on the same dataset as ours. On the LRW dataset, the publicly
released multi-speaker Lip2Wav model is evaluated. Additionally, to highlight the importance of the
novel modules and facilitate more direct comparison, the following baselines were implemented: (i) a
non-sequence-to-sequence encoder-decoder architecture, (ii) a sequence-to-sequence model with only

L1 reconstruction loss and without the VAE-GAN setup, (iii) a standard speech encoder trained from
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scratch instead of the pre-trained content encoder, and (iv) Lip-to-text [71] followed by text-to-speech
(TTS) [55] model.

4.4.2.2 Additional metrics

Explicitly modeling the problem’s stochastic nature is one of the major contributions of this work.
Naturally, this allows the model to generate speech samples that differ from the original ground-truth.
Thus, along with the standard speech evaluation metrics (PESQ, STOI) and the voice quality metric
(SED), which directly evaluate the generated speech against a fixed ground-truth, the model is also
evaluated using perceptual metrics. Specifically, following the recent GAN-based TTS systems [149],
it is proposed to use: Frechet DeepSpeech Distance (FDSD) and Kernel DeepSpeech Distance (KDSD)
to evaluate the perceptual quality and the linguistic aspect of the generated speech. Note that KDSD
scores are multiplied by 103 for better readability. Further, it is also evaluated whether the output
speech matches the lip movements using LSE-C (measures the confidence of lip-syncing) and LSE-D
(measures an embedding level distance between the speech and lip movements) metrics of [27]. The

public implementations of these metrics are used for reliable comparison and reproducibility.

4.4.2.3 Results

Table 4.6 compares the model with different methods on the LRW and LRS2 datasets. Existing
approaches [44,47] and the baseline methods are outperformed by a significant margin in perceptual
metrics. Thus, although underperformance in standard speech metrics (PESQ and STOI) is observed,
it is argued that the method is superior because perceptual metrics are more correlated with human
judgment of intelligibility and speech quality. This fact is further supported by providing qualitative
results in the demo video on the project website and conducting a human evaluation (Table 4.7). The
standard metrics PESQ and STOI enforce one-to-one mapping and thus are not ideal for evaluating
this method. Additionally, GRID and TIMIT are constrained datasets with very few variations. On the
other hand, LRW and LRS2 are more challenging and unconstrained datasets, and this method is more
effective on such challenging data. State-of-the-art perceptual metric scores are achieved on the LRS2
dataset where single-speaker methods such as Lip2Wav fail to learn the audio-visual alignment. The
reader is encouraged to view the demo video for qualitative comparisons demonstrating the superiority
of this approach.

4.4.2.3.1 Lip-to-text + TTS baseline An additional baseline involves using a state-of-the-art lip-
to-text model [71] and converting the predicted text transcripts to speech using a multi-speaker TTS
model [55]. This type of baseline was also shown in the previous chapter. From the scores reported in
Table 4.6, several deductions can be made. The lip-to-text model trained on text transcripts is naturally
far more accurate in predicting the word tokens than any lip-to-speech model, achieving the best results

regarding intelligibility and perceptual quality metrics such as FDSD and KDSD. The fact that the lip-
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to-speech model comes close to the lip-to-text baseline for the same metrics shows that the approach
captures the speech content most accurately.

However, for other metrics like LSE-D that measure if the generated speech is in sync with the
video, it is observed that the output of the lip-to-text baseline is not in sync with the lip movements.
This issue is critical, as the speech is high quality but not in sync, a key aspect of the task being solved.
The same content can be uttered differently (speeds, accent, prosody, voice), and the lip-to-text + TTS
baseline cannot capture this. All lip-to-speech models achieve this to different extents, which is an
essential condition for the lip-to-speech task. Thus, the approach presented is the best for the task of
lip-to-speech synthesis.

To address the synchronization issue, one potential strategy is to condition the TTS on lip movements
such that it gets the content from text but lip movements guide it to utter the text at a certain time. This

strategy is extensively used in the next chapter to improve multi-speaker lip-to-speech synthesis.

4.4.2.3.2 Qualitative results Qualitative results for the VAE-GAN-based approach are presented
through a linked video, in Figure 4.5. This dynamic visualization offers an illustrative demonstration
of the research findings, showcasing the effectiveness of the VAE-GAN model in speech synthesis. To
fully appreciate the nuances of the synthesized speech, it is recommended to use headphones while
viewing the video, as it will allow for a clearer and more detailed auditory experience.

Since the results are ultimately meant for human consumption, providing them in a format that allows
for proper judgment of the work’s quality is necessary. For the printed version, this area may appear

blank. It is requested that the reader check the online version for the final results from this work.

4.4.3 Human Evaluations

Human evaluations were performed with the help of 20 participants. The participant group consisted
of members aged 22 — 40 years with an almost equal male-female ratio. 15 random samples from
the LRS2 dataset [28] were chosen, and the results for all the comparison models were generated.
Participants rated the speech segments on a scale of 1 — 5 based on: (A) Intelligibility (is the speech
meaningful?), (B) Perceptual Quality, (C) Sync Accuracy (is the generated speech in sync with lip
movements?), and (D) Voice Match. The participants’ mean scores are summarized in Table 4.7. In line
with the quantitative evaluations, the speech generated by the approach is of considerably higher quality
and is more legible and natural. A Student’s T-Test was also performed for Table 4.7, and the p-value

was computed to be ~ 0.035, indicating that the differences are statistically significant.

4.5 Adapting to Single-Speaker Lip-to-Speech

The previous sections in this chapter discussed the development of a multi-speaker lip-to-speech
model, highlighting its benefits and applications. Despite the advantages of a multi-speaker model, some

applications still require single-speaker models. Obtaining the necessary 20 hours of single-speaker data
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Figure 4.5 A video is presented in this link: https://youtu.be/iYehW3sd33k. This video
contains qualitative results and comparisons from the proposed VAE-GAN architecture. This image is
presented as the thumbnail for this video.
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Table 4.7 (A) Intelligibility (is the speech meaningful?), (B) Perceptual Quality, (C) Sync Accuracy, (D)
Voice Match. The proposed approach outputs meaningful, intelligible speech that matches lip move-
ments and voice of the target person.

Method (A) 3B) ©) (D)
Imp. Vid2Speech [44] 202 198 1.74 1.13
WGAN-based [47] 217 243 219 201
Lip2Wav 1.07 1.02 125 1.03
Seq2seq baseline 198 210 186 1.83
Non seq2seq baseline 201 223 192 1.84
Ours w/o Content Encoder  2.51 2.62 2.01 1.76
Ours 322 298 228 2.69

to produce impressive results remains a significant challenge. Therefore, it is imperative to reduce the

amount of data needed even for single-speaker models.

The VAE-GAN model proposed in this chapter is capable of generating speech for arbitrary speakers.
However, in some cases, obtaining a small amount of data on a target speaker for fine-tuning is possible.
Therefore, in this section, it is shown that the pre-trained multi-speaker model can be fine-tuned on a
small amount of speaker-specific data to achieve impressive personalized results. By using only 25% of
the training data (5 hours), the performance can nearly match that of the single-speaker model trained
with 20 hours.

The network was fine-tuned on the speakers in the Lip2Wav dataset. The number of hours in the train
set was varied, and the current single-speaker state-of-the-art Lip2Wav model and the fine-tuned multi-
speaker model were trained. The variation of the FDSD metric with the training data size is plotted
in Figure 4.6. Pre-training on multi-speaker data in the low data regime vastly outperforms the best
single-speaker model trained from scratch.

4.6 Ablation Studies

Multiple ablation studies are performed as a part of this work. These are described and listed in this

section.

4.6.1 Impact of each discriminator

The final model uses two discriminators: one for enforcing better voice and style attributes and
another for enforcing realistic speech. The importance of using each of them is assessed in Table 4.8.
It can be observed that, despite achieving a minor improvement in lip-sync metrics, both discriminators

enforce better overall speech generation as indicated by the speech metrics.
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Figure 4.6 Fine-tuning the proposed pre-trained multi-speaker model consistently outperforms the cur-
rent best single-speaker model (FDSD lower is better) in the low data regime.

4.6.2 Importance of Local and Global Alignment

Table 4.9 shows that optimizing both local and global KL-divergence together improves the align-
ment between lip and content distributions, thus improving the overall performance. Training with either

of the losses in isolation leads to inferior results.

4.6.3 Additional comparisons on LRS3 dataset

The work was compared on the LRS3 [29] test split. The LRS3 dataset, collected from TedX videos,
consists of a large vocabulary and mostly profile face videos. Additionally, the videos have very differ-
ent lighting conditions and extreme head motions compared to the LRS2 [28] dataset. It should be noted
that the model was not fine-tuned on the LRS3 dataset, thus evaluating it highlights the model’s gener-
alization ability and robustness on completely unseen speakers. As seen in Table 4.10, the method per-
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Table 4.8 The discriminators enforce the proposed model to produce meaningful and realistic speech
outputs.

Method FDSD| KDSD| LSE-Ct LSE-D|
Ours w/o both Discs  4.055 2.9 2.188 8.199
Ours w/o WGAN 3.916 2.7 2.294 8.194
Ours w/o Voice Disc  4.310 3.6 2.319 8.189
Ours 1.273 0.2 2.507 8.155

Table 4.9 Optimizing both the global and local KL-divergence loss improves the overall quality of the
results.

Method FDSDJ| KDSD, LSE-Ct LSE-DJ
Ours w/o local KL div. ~ 2.883 32 2340  8.249
Ours w/o global KL div  5.040 6.8 2.003  8.937
Ours 1.273 0.2 2.507 8.155

forms well on LRS3 videos containing unseen vocabulary, identities, voices, and profile views, clearly
indicating the robustness of the approach.

Table 4.10 Quantitative comparison on the LRS3 dataset [29]. It can be seen that all competitive meth-
ods are outperformed, even in the very different setting of LRS3, which contains unseen speakers,
words, and a large number of profile views. Note that the model is not fine-tuned on the LRS3 dataset.

Dataset LRS3 [29]

Method FDSD| KDSD| LSE-C{ LSE-DJ
Imp. Vid2Speech [44] 5.286 54 1.929 8435
GAN-based [47] 4.589 4.2 2.031 9.372
Lip2Wav 12.663 16.2 1.632  11.465
Seq2seq baseline 4.821 4.8 1.880  8.568
Non seq2seq baseline 4.766 4.2 1.874  8.579
Ours w/o Content Encoder | 4.054 2.9 2.041  8.312
Ours 3.148 1.8 2.063 8.256

4.6.4 Near Frontal vs. Non-frontal Videos

The extent to which the performance deteriorates if the face view moves towards a non-frontal profile
view is studied in this section. As expected and also observed in past lip-reading works [86], room for
improvement when handling non-frontal talking faces is noted for the proposed VAE-GAN model.

4.6.5 What Kind of Visual Input is the best?

Different forms of visual inputs, such as feeding only the lower half of the face or even pre-trained
face embeddings [69], are compared. As shown in Table 4.12 and reflected by activation maps near

the eye regions in Figure 4.8, providing the full face crop performs the best. Another pre-trained
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Table 4.11 Comparison of performance between frontal and non-frontal views. Similar to other lip-
reading models [86], a drop in performance is observed in non-frontal views, indicating room for im-
provement in handling such cases.

Method LSE-Ct LSE-D| FDSD| KDSD|

Near frontal  2.608 8.016  1.351 0.3

Non-frontal  2.491 8.058 3.473 1.0

transformer-based embedding [150] was tried, but no legible results were obtained. Therefore, the

results are not discussed.

Table 4.12 Feeding the full face crop produces the best results.
Method LSE-Ct LSE-D| FDSD| KDSD,|
Facenet emb [69] 1.931 7.664 8.641 8.7
Lower half (ours) 2.338 8.173 3.224 2.8
Full face (ours) 2.507 8.155 1.273 0.2

4.6.6 Sampling strategy of VAE at train-time

In this work, it has been previously mentioned in Section 4.3.4.5 that there are three ways of sam-
pling the points to decode from during the training: (i) only from the lip distribution, (ii) only from
the speech content distribution, and (iii) alternately sample from both the distributions. It was stated
that good convergence and intelligible results are obtained only by following (ii) because it allows the
network to learn excellent latent representations of the speech, which can help overall learning. This is
experimentally verified in Table 4.13 by demonstrating that sampling from other distributions, i.e., (i)
Lip distributions and (iii) Alternately sampling from both distributions, leads to far worse results.

Table 4.13 Sampling solely from the speech distribution during training enables the decoder to learn to
generate realistic, accurate outputs.

Method LSE-Ct LSE-D| FDSDJ) KDSD,

Lip dist. 2261  8.195 4.036 2.7

Speech content dist.  2.507  8.155  1.273 0.2

Alternate sampling  2.241 8.320 3.487 2.4

4.6.7 Auto-encoder vs. VAE

The importance of mapping the lip and content distributions using a VAE is assessed. In Table 4.14,
it is shown that the removal of the variational aspect and the use of a naive auto-encoder approach
results in poor speech generation. Interestingly, while the network learns comparable audio-visual cor-
respondence, the speech is found to be neither intelligible nor meaningful, as indicated by the speech

metrics.
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Table 4.14 Using a VAE enables the model to generate meaningful, high-fidelity speech outputs.
Method FDSD, KDSDJ] LSE-Ct LSE-D|
Auto-encoder  6.015 53 2.002 8.431
Ours (VAE) 1.273 0.2 2.507 8.155

4.6.8 Model’s variation across speaker attributes

In Table 4.15, the performance of the proposed model is evaluated across the gender of the identities.
The LRS2 test set is automatically classified into male and female speakers using a gender detection
tool [151]. From the table, it can be clearly observed that there is no significant variation in performance

across the genders of the identities.

Table 4.15 There is no distinctive variation of performance across the genders of the speakers.
Gender LSE-Ct LSE-D| FDSD| KDSD|
Female 2.549 8.138 1.633 0.8
Male 2424 8.233 1.703 0.8

4.6.9 Generative Strength of the proposed Lip-to-Speech Model

Lip-to-speech synthesis is a highly ambiguous task, with multiple possible speech outputs for the
same input lip sequence. Variations in voice, speech amplitude, intonation, prosody, and emotion are
not clearly correlated with lip movements. Additionally, the content to be generated is also ambiguous
due to the presence of homophones. The VAE-GAN model presented is the first architecture capable of
modeling these variations in the latent space. Different output speech sequences can be generated for

the same input lip sequence by sampling different points from the lip distribution.

The evaluation of the generative capabilities of a VAE and GAN has been explored in previous
work [152], and the same metric is adopted here. The ”Generative Strength” metric is used to determine
the average percentage of unique speech samples generated for every input lip sequence. To compute
this metric, N points (N = 100, 300, 500) are sampled for each input lip video from the test set of
LRS2, resulting in N speech outputs for every LRS2 test video. A generated spectrogram output is
considered "unique” if its Ly distance from the remaining N — 1 spectrograms is at least § = 0.5. It is
noted that this is a sufficiently high Lo threshold, as the generated audio samples are clearly distinct to

hear.

In Figure 4.7, the average count of unique speech outputs per input lip video is plotted at different
stages of the model training. It is observed that the model captures more variations for the same input

lip sequence as the training progresses.
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Figure 4.7 The average number of unique speech outputs generated by the model for each input lip video
is plotted. This “generative strength” [152] is shown at different stages of training. It can be observed
that as the training progresses, the model captures more variations in the latent space, indicating an
increase in the diversity of generated outputs over time.
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Figure 4.8 Activation maps of the visual encoder shows that the model strongly attends to the lip region
while generating speech, despite variations in head pose and lip location.

4.6.10 Where does the model attend in the visual front-end?

Figure 4.8 contains the plotted activation maps from the visual encoder to highlight that the model
predominantly attends to the lip region.

4.6.11 Plotting the distributions

Multiple instances of different words from both the content and lip distributions were plotted. Em-
beddings from videos and audio for particular instances of different words were taken and then used to
create a 2-dimensional TSNE plot. The plot is shown in Figure 4.9. Homophones were also plotted in
the same graph. It was observed that the content and lip distributions for particular words are closer to
each other. Additionally, homophones like “Million” and ”Billion” were found to lie close to each other,
which aligns with the intended approach.

4.7 Summary

In this chapter of the thesis, the problem of unconstrained lip-to-speech synthesis is explored for
the first time. The complexities inherent to this task are examined, and the reasons why existing meth-
ods struggle in such unconstrained environments are discussed. A VAE-GAN model is proposed as
a solution specifically designed to handle the stochastic nature of lip-to-speech synthesis. The pro-
posed approach maps both lip movements and speech content into distributions during training. A
KL-divergence loss between these distributions is employed to tie them together. During inference,
only the lip movements are available, resulting in only the lip distribution being used. This variational
step in the pipeline allows for the handling of randomness inherent in the task. Through extensive ab-
lation studies, the components of the architecture are validated, demonstrating that the model produces
speech outputs that are more intelligible and realistic compared to existing models. However, significant
limitations are noted, particularly in the quality of the synthesized speech. Despite advancements, the
quality often falls short of expectations. A critical aspect of evaluating the model’s effectiveness in-
volves comparing its output with the ground truth (GT) audio. This comparative requirement highlights
the need for further improvements in speech synthesis quality. It is observed that while the model was

able to generate speech that sounded like the ground truth, it was still considerably different from it. An
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Automatic Speech Recognition (ASR) test on the generated speech resulted in around 90% Word Error
Rate (WER), rendering it virtually unusable in practical applications. Recognizing these limitations,
alternative approaches are considered, taking into account recent advancements in related fields. It is
noted that lip-to-text technologies have progressed significantly in parallel, and text-to-speech (TTS)
systems continue to improve. The most straightforward solution to the lip-to-speech problem might
appear to be a combination of lip-to-text followed by text-to-speech. However, as discussed in the pre-
vious chapter (refer to Chapter 3), this approach presents a critical issue: the generated speech would
not be synchronized with the video. A novel approach is proposed in the next chapter to address this
synchronization challenge while leveraging the advancements in both lip-to-text and TTS technologies.
This approach introduces a visually conditioned TTS (VTTS) system that is specifically designed to
condition on lip movements. By implementing a two-step process of lip-to-text followed by VTTS, it
is shown that both the quality of speech generation and its synchronization with the visual input can be
significantly improved. This innovative method aims to combine the accuracy of lip-to-text conversion
with the flexibility and naturalness of advanced TTS systems, all while maintaining crucial temporal

alignment with the original lip movements.
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Figure 4.9 TSNE plot of multiple instances of different words from both content and lip distributions,
including homophones. The plot shows that content and lip distributions for particular words are close to
each other. Additionally, homophones like Million” and "Billion” lie close to each other, demonstrating
the approach’s effectiveness.
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Chapter 5

Accurate Lip-to-Speech Synthesis for arbitrary identities in the wild

5.1 Introduction

The development of multi-speaker lip-to-speech synthesis is an important step towards practical
audio-visual communication systems. Such models are relevant in several realistic settings, for exam-
ple as a component in assistive communication devices, as a tool for recovering missing or corrupted
audio in constrained forensic scenarios, or as a fallback mechanism in telecommunication and video
conferencing when the audio stream is degraded but the video is still available. In all of these cases, it is
desirable to handle multiple speakers without requiring a large amount of speaker-specific training data,
and to produce speech that is intelligible and reasonably consistent with the original speaker’s voice and
articulation, rather than aiming to “solve” any of these application domains outright. In the previous
chapter, we took a first step towards this goal by extending lip-to-speech synthesis from a single speaker
to the multi-speaker setting. There, we used a VAE-GAN style formulation to jointly model a latent
distribution over lip movements and the corresponding speech, with the aim of capturing a shared rep-
resentation that can generalise across speakers. While this approach reduced some of the ambiguity in
the mapping from lips to speech, the supervision signal still came solely from the raw speech waveform.
As a result, many factors such as voice characteristics, accents, and prosody remained entangled with
linguistic content, and the overall quality and stability of the generated speech were still limited.

In this chapter, we build on that multi-speaker framework and introduce an additional level of struc-
ture by explicitly separating content and style. Noting the significant progress made by recent lip-
reading models, which benefit from large-scale datasets and strong language modelling components, we
propose to use lip-to-text generation as an intermediate step. Concretely, we first employ a pre-trained
lip-to-text model to obtain noisy text transcriptions from the input lip video. A visual text-to-speech
(TTS) system is then conditioned on three elements: the generated text to specify linguistic content, the
lip movements to guide timing and some aspects of prosody, and a speaker embedding to control voice
characteristics. This design aims to reduce the burden on the model to implicitly learn a language model
from raw audio alone, and instead leverages explicit textual supervision while still retaining visual and
speaker cues. By combining the strengths of advanced lip-reading models with a carefully conditioned

multi-speaker TTS system, this chapter presents a more structured approach to multi-speaker lip-to-
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Figure 5.1 Overview of the proposed multi-speaker lip-to-speech system. Instead of learning a lan-
guage model directly from raw speech, which provides only weak supervision due to acoustic variability
(voice, accents, prosody), we leverage recent lip-to-text models to obtain noisy text transcriptions and
condition a visual TTS network on both the text and the lip video.

speech synthesis. The focus is on empirically improving robustness and intelligibility over the previous
VAE-GAN:-based method, rather than on claiming a complete solution to all potential application areas.

5.1.1 Contributions

In this chapter, a novel approach is introduced that integrates noisy text supervision into the multi-
speaker lip-to-speech synthesis process. A state-of-the-art lip-to-text network is used to generate text
from lip movements, and a visual text-to-speech network then uses this text to produce speech that is
more accurate in terms of content while remaining aligned with the lip video. This intermediate textual
representation improves content distillation and makes it easier to incorporate linguistic structure, while
the visual and speaker conditioning help to maintain reasonable prosody and speaker identity. The

contributions of this chapter are threefold:

1. We analyse the limitations of relying solely on speech supervision in multi-speaker lip-to-speech
generation, as in the previous VAE-GAN-based chapter, and motivate the need for an explicit

textual intermediate representation.

2. We detail a method that uses noisy text transcriptions from a pre-trained lip-to-text model to guide
speech synthesis, conditioning a visual TTS system jointly on text, lip movements, and a speaker

embedding to better disentangle content from speaker- and style-related factors.

3. We demonstrate, through experiments and ablation studies, that the proposed approach improves
over the previous multi-speaker baseline in terms of intelligibility and alignment, and discuss its

applicability in realistic assistive and communication-oriented scenarios.
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In the following sections, each of these contributions is delved into. This exploration highlights the

potential of multimodal learning in deep learning and its significant impact on enhancing human lives.

5.2 Issues and challenges in existing works

The challenges present in standard lip-to-speech systems, similar to those discussed in Chapters 3

and 4, are first discussed.

5.2.1 Learning language from speech

As previously discussed, speech is directly generated from lips in all current lip-to-speech works.
It is known that learning a language model is crucial for accurately reading lips. However, current
multi-speaker lip-to-speech models are sub-par because a language model is attempted to be learned in
the speech modality, which contains a large diversity of speaker identities, styles, accents, and prosody.

Thus, it is argued that some other way of incorporating language knowledge is needed.

5.2.2 The missing block of lip-to-speech: lip-to-text

Two tasks are involved in Lip-to-Speech synthesis models: (i) inferring the content from lips and (ii)
inferring the style in which that content is spoken. If the content being spoken is known, then the task
is reduced to just generating speech that matches the silent lip video. This is the premise of this chapter.
But how can this text information be obtained, especially when only a silent lip video is available as
input? It is shown that this text information can be obtained from pre-trained lip-to-text models: a class
of models closely related to the task at hand but largely ignored in previous works on lip-to-speech
synthesis. An approach is designed that can build upon current works [71, 86] in lip reading, i.e., pre-

trained lip-to-text models, to generate far more accurate speech outputs.

5.2.3 Achieving accurate lip-sync

Now that the text is available, the next step is to generate the “right” kind of speech output. That
is, the generated speech must match the input lip sequence. It is noted that a sentence can be uttered in
many ways, but only one will match the input lip video. Thus, it is worth noting that a trivial text-to-
speech will not serve this task. Instead, a text-to-speech model that is also conditioned on video input is

needed.

5.3 Essential Background

Before delving into the proposed approach, it is necessary to provide a concise overview of the key
concepts and technologies that underpin this work. This section aims to familiarize the reader with the

essential background knowledge required to fully comprehend the subsequent discussions.
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5.3.1 Pre-trained Lip-to-Text

As detailed in Chapter 2, an extensive background on lip-to-text technology has been provided. In
this context, the focus is placed on the state-of-the-art subword level lip reading model [71], a promi-
nent advancement in the transcription of silent talking face videos. Significant progress in transcribing
spoken content from visual cues with remarkable accuracy is exemplified by this model. Two primary
attributes by which this model is distinguished are: its data efficiency, essential for training on pub-
licly available datasets, and its robust visual backbone, adept at accurately extracting lip features. The
model’s effectiveness is not confined to lip reading; utility in related tasks such as visual keyword spot-
ting [153] and identifying mouth movements in sign language [154] has also been demonstrated. The
adoption of sub-word units for text representation is particularly advantageous, as a more refined ap-
proach to managing the inherent ambiguities of lip reading than traditional character-based models is
offered. A language prior is provided by these semantically meaningful sub-word tokens, enhancing
overall performance. Moreover, the model’s visual representations, called the Visual Transformer Pool-
ing (VTP) features, skillfully track and aggregate spatio-temporal features of lip movements, largely
due to its sophisticated attention-based pooling mechanism. Therefore, this model has been selected for

generating text and visual features from silent lip videos in this research.

5.3.2 A transformer-based TTS model: The FastSpeech2

To contextualize the proposed approach, we briefly summarize FastSpeech2 [59], which we use as
the backbone for our modified text-to-speech (TTS) module. The model is built around a feed-forward
Transformer block that combines multi-head self-attention with 1D convolutions over a sequence of
phoneme embeddings, transforming them into a hidden representation suitable for speech generation.
A key component is the variance adaptor, which augments this hidden sequence with explicit dura-
tion, pitch, and energy information. The duration predictor, trained with an MSE loss, estimates how
long each phoneme should be voiced; phoneme-level durations are obtained from forced alignment us-
ing the Montreal Forced Aligner [155], reducing the mismatch between input and output timing. For
pitch, instead of predicting the raw contour directly, the model applies a continuous wavelet transform
(CWT) [156] to obtain a smoother pitch spectrogram as the prediction target. Energy is computed at the
frame level from the melspectrogram, quantized, and then injected into the hidden sequence. Both the
pitch and energy predictors share the same structure: a two-layer 1D convolutional network with ReLU
activations, followed by layer normalization, dropout, and a final linear layer. By explicitly modelling
duration, pitch, and energy, the variance adaptor helps reduce the one-to-many mapping problem in TTS
and offers better control over prosody. This setup forms a practical and well-tested starting point, which

is built on in this chapter for our visual (lip-conditioned) speech synthesis experiments.
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Figure 5.2 An overview of the proposed approach is presented. Visual features and text predictions are
first extracted from a pre-trained lip-to-text network. Speech outputs that synchronize with the silent
video input are then generated using a visual text-to-speech (TTS) model. The visual and textual (in the
form of phonemes) inputs are encoded and aligned in time by the visual TTS using scaled dot-product
attention. For each query video time-step, the phoneme to be uttered at that time is retrieved using
this attention mechanism. After the addition of the speaker identity embedding, these are upsampled
and decoded into melspectrograms. Finally, the melspectrograms are converted into natural waveforms
using a pre-trained vocoder.

5.4 The proposed approach

As defined in the previous two chapters, the goal is to take a sequence of lip movements | =
(I1, I, ..., IN) to generate a speech segment S = (51, S2, ..., S7v) corresponding to the lip movements
1. A speaker identity vector V' is also taken to generate S in the voice of V. The discussion is started by
examining the issues in previous methods, and appropriate changes are proposed to enable learning in
a significantly more unconstrained multi-speaker setting. As mentioned previously in Chapter 3, mel-
spectrograms are used to represent speech. The melspectrogram is represented as Y = (Y1,Ys, ..., Y7).
A state-of-the-art lip-to-text model [71] is used to obtain the lip features and noisy text transcriptions
for the given silent lip video W = Wy, Wy, ..., Wiy, A visual text-to-speech model is designed, condi-
tioned on (i) the noisy text and (ii) the lip features, to produce high-quality speech outputs Y that are in
sync with the input silent lip video. This solves the task of lip-to-speech synthesis. An overview of the

proposed two-stage framework is depicted in Figure 5.2.

5.4.1 Adopting VTP for the lip-to-speech task

The lip-reading model employed processes a sequence of lip movements denoted as I = (I3, Io, ..., Iv),
where each individual frame is initially passed through a spatio-temporal residual CNN block. Foun-
dational visual features from each frame are extracted by this block. Following this initial feature

extraction, these frame-wise features are further refined in a visual transformer pooling block. The fea-
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tures are enhanced through a self-attention mechanism by this block, comprised of several transformer
layers. The output of this processing is a self-attended feature map, represented as zy. A spatially
weighted average of the map itself is resulted when this feature map zpy is integrated with a learnable
query vector (Qq:t. A series of compact, per-frame visual representations is the outcome of this inte-
gration. These representations are then methodically arranged along the temporal dimension to form a
temporal embedding sequence g, expressed as g € RV*74 where fd represents the dimensionality of

the transformer feature space.

The visual representations encapsulated in g are then fed into a transformer encoder-decoder net-
work. The textual output in the form of sub-word tokens is predicted by this network, adhering to an
auto-regressive model. To enhance the accuracy and coherence of the final output, advanced decoding
strategies are employed by the model, including beam search [157] and language model rescoring [158],
culminating in the final sentence outputs W = Wy, W, ..., Wy, with N’ denoting the number of words

in the sentence.

The architectural specifics of the VTP network have not been delved into deeply in this discussion,
as it is not one of the primary contributions. Instead, this network is employed off-the-shelf, focusing
on how its outputs integrate with and enhance the proposed model. This approach allows concentration
on the innovative aspects of the work, particularly the synthesis of speech that is in synchrony with lip

movements, leveraging the strengths of the VTP network to bolster the system’s performance.

This module operates on feature maps extracted from the video frames by a spatio-temporal residual
3D CNN encoder. The process begins with sub-clips of the video, each consisting of 5 frames, being
transformed into spatial feature maps by the CNN. These feature maps are then individually processed
by the VTP block for every frame. The overall structure of the 3D CNN encoder is given in Table 5.1. It
should be noted that each Conv3D block consists of a Conv3D layer followed by a batch normalization
layer. A residual connection is added inside the block optionally. The final output of the block is passed
through a ReL.U activation function.

In the VTP module, each feature map undergoes a flattening and projection step to align it with a
predefined Transformer feature dimension. This step is crucial as the feature map is prepared for further
processing. Once the feature map is in the correct format, spatial positional encodings are added. These
encodings are essential for the Transformer to understand the spatial relationships within the data. The
core of the VTP module is an encoder composed of several Transformer layers. The feature map is
enhanced by this encoder by applying self-attention mechanisms, a process that allows the model to
focus on the most relevant parts of the feature map for each frame. After encoding, a key step involves
the use of a learnable query vector. A visual attention mask is produced by the interaction of this vector
with the encoded feature map. This mask essentially highlights the areas of each frame that are most
important. The final step in the VTP module is the aggregation of these attention-weighted features.
This is achieved through a weighted average calculation, which condenses the information from each
frame into a compact representation. By stacking these representations over time, a comprehensive

spatio-temporal embedding for each frame in the video is created by the VTP module. This embedding
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captures the essential visual characteristics of the video, making it a powerful tool for further analysis or
processing in the pipeline. For those interested in a more detailed exploration of the model’s architecture

and its specific training strategies, a comprehensive description is available in [71].

In the work presented in this chapter, the pre-trained VTP (Visual Text Prediction) network is utilized,
primarily for two purposes: (i) to generate text predictions, denoted as the final decoded output W of
the model, and (ii) to acquire per-frame visual representations, represented by g. These text predictions
are then directly fed into the speech generation module. Crucially, the visual representations act as
a conditional element for the speech generation process, ensuring that the synthesized speech aligns

accurately with the movements in the silent input video.

Table 5.1 This table outlines the architecture of the Conv3D feature extractor, detailing each layer’s
configuration, including the type, kernel size, stride, number of filters, presence of residual connections,
and the input and output sizes.

Layer Type | Kernel Size Stride # Filters | Residual Input Size Output Size
Conv3D S5x5%x5 | 1x2x2 64 X 96 x 96 x 3 48 x 48 x 64
Conv3D 1 x3x3 1 x2x2 128 X 48 x 48 x 64 | 24 x 24 x 128
Conv3D 1x3x3 |1x1x1 128 v 24 x 24 x 128 | 24 x 24 x 128
Conv3D I1x3x3 | 1x2x2 256 X 24 x 24 x 128 | 12 x 12 x 256
Conv3D I x3x3 | 1x1x1 256 v 12 x 12 x 256 | 12 x 12 x 256
Conv3D 1x3x3 |1x1x1 256 v 12 x 12 x 256 | 12 x 12 x 256
Conv3D 1 x3x%x3 1 x2x2 512 X 12 x 12 x 256 6 X6 x512
Conv3D I1x3x3 |Ix1x1 512 v 6 x6x512 6 x6x512
Conv3D 1 x3x3 I x1x1 512 v 6 X6 x512 6 X6 x512

The architecture of the VTP module combines transformer blocks and patch projectors within its
architecture. Patch projectors first convert spatial feature maps into patch representations, either through
rearrangement of data dimensions or by applying a dense layer. These patches are then sequentially fed

into transformer blocks, each tailored to handle specific data resolutions and dimensions.

5.4.2 Visual Text-to-Speech

Once accurate text predictions have been obtained, the next step is to generate the corresponding
speech melspectrogram sequence Y, which is in sync with the input video clip I. As explained in Sec-
tion 5.2.3, out-of-sync speech that does not match the input video would be generated if state-of-the-art
TTS models were directly used to synthesize speech from text inputs. A TTS network is thus designed
by conditioning the model on the input video features. The visual TTS network majorly comprises five
components: (i) Text Encoder, (ii) Visual Encoder, (iii) Visual-Text Attention, (iv) Speaker Embedding,
and (v) Spectrogram Decoder. Each of these components is delved into below.
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5.4.2.1 Text Encoder

As followed in most of the TTS networks [59], phoneme representations are extracted from text
input, which is then given as input to the Transformer encoder layers. The text encoder block is similar
to the one used in FastSpeech2 [59], which consists of a positional encoding layer and Feed-Forward
Transformer (FFT) layers. The phonemes are transformed to encode the semantic representation and
the text embedding vectors, Fie,; of dimension: N X d, are output, where d is the transformer feature

dimension.

5.4.2.2 Visual Encoder

The input to the visual encoder is the visual feature sequence g obtained from the lip-to-text network.
It is highlighted that these visual features, which capture the lip shape and motion, play a crucial role
in generating speech that syncs with the input video. Since these representations were also learned
using text supervision, they are likely to reflect accurate content information. This starkly contrasts
with previous works where visual representations were directly learned from speech supervision only,
which can lead to sub-par visual representations that might contain other unnecessary information, such
as the input face identity. The superiority of these representations is one of the critical reasons for the
overall network’s performance. The extracted N x T x fd dimensional representations are given as
input to the Transformer encoder layers as shown in Figure 5.2. Similar to the text encoder network, the
visual encoder consists of a positional encoding followed by a series of FFT blocks. The learned visual

embeddings, F,;s of dimension: N x I" X d, are output by the encoder network.

5.4.2.3 Visual-Text Attention

Once the text and the visual embeddings have been obtained, the next and most important step is
to find the alignment between these embeddings in time: which phoneme must be uttered when? The
generated speech must take the content from the text embeddings, and simultaneously, it should also
be temporally aligned (synced) with the video frames. In order to achieve this, a scaled-dot product
attention [106] mechanism is employed to learn the correspondence between text and video frames.
Specifically, the visual embeddings F,;s act as query, and the text embeddings Fi.,; act as keys and

values.
Attention(Q, K, V') = ScaledDot Product Attention(Eyis, Etext, Frext) € RT>d (5.1)

Through this attention module, the video-text temporal alignment is learned by the network, which
synchronizes the generated speech with the input video frames. Now between the video sequence and
melspectrograms, it is known that a natural temporal alignment exists. The length of the melspectro-
grams is a constant n times the length of the video. Thus, the attention output A is up-sampled n times

to directly obtain the melspectrogram duration. This eliminates the need to train a separate duration
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predictor as done in the original FastSpeech2 [59]. In other words, the duration of each phoneme in the

speech output is already determined by the text-to-video alignment network.

5.4.2.4 Speaker Embedding

Similar to Chapter 4, the voice input of the target speaker is also needed by the model to generate
the speech in his/her voice. A random one-second audio segment of the target speaker is considered and

the speaker embedding vector V is extracted using the pre-trained identity network!.

5.4.2.5 Spectrogram Decoder

The speaker embedding vector V' is added to the upsampled attention output A to obtain voice-
aware content representation. This representation is ingested by the spectrogram decoder, consisting of
transformer decoder layers, and the melspectrogram sequence Y is generated. A Ly loss is calculated
between Y’ and Y to train the network. To further improve speech quality, as done in most of the TTS
networks, a pre-trained neural vocoder model BigVGAN [103] is adopted to synthesize the speech from
the melspectrogram output. It should be noted that this step is only used during inference to obtain
high-quality speech outputs.

5.4.3 Datasets and Training Settings
5.4.3.1 Datasets

The model’s performance is evaluated on both constrained and unconstrained datasets. The first
corpus experimented with is the TCD-TIMIT [61] lip speaker dataset, which comprises lab-recorded
videos of 3 speakers. Next, the word-level LRW [30] dataset is considered, consisting of around 150
hours of single-word utterances from hundreds of speakers. More challenging large-scale datasets are
then moved on to: LRS2 [28] and LRS3 [29]. The LRS2 data comprises thousands of speakers from
BBC programs with a vocabulary of 59000 and around 230 hours of video clips (both “train” and
“pre-train” sets together). The LRS3 dataset, on the other hand, is also a large-scale dataset with a
total of approximately 430 hours (’train” and “pre-train” sets) of video data with 150000 utterances. It
consists of thousands of spoken sentences from TED and TEDx talks in English. The performance of
the proposed network is trained and tested using the official splits of LRW, LRS2 and LRS3 datasets,
and the train-test split proposed in Lip2Wav for TIMIT dataset [61] is used.

5.4.3.2 Data pre-processing

The video frames are sampled at 25 FPS and the pre-processing procedure of VTP [71] is followed
to obtain the face crops. For the speech segments, STFT is computed and then melspectrograms of 80

mel-bands, with a hop length of 10ms and a window length of 25ms, sampled at 16kHz, are generated.

'github.com/CorentinJ/Real-Time-Voice-Cloning
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An open-source grapheme-to-phoneme tool is used for text processing to obtain the phoneme inputs for
the Visual TTS model.

5.4.3.3 Model configuration and training

The Visual TTS model is comprised of 4 FFT blocks in the text and visual encoders and 6 FFT blocks
in the spectrogram decoder network. 512-dimensional embeddings for each frame are obtained as visual
embeddings from VTP. In the video-text attention sub-network, the upsample factor, n, is set to 4. A
256 dimensional vector for the speaker embedding is output by the identity network for each speech
sample. For the lip-to-text network, the publicly released pre-trained model? (trained on LRS2 [28] and
LRS3 [29]) is used. The visual TTS model is trained on a single NVIDIA 2080 Ti GPU. The Adam
optimizer [130] is used with 81 = 0.9, 82 = 0.98, and € = 109 and the same learning rate schedule as
done in [71] is followed. The batch size is set to 16 for all the datasets and the model is trained using
L reconstruction loss for approximately 900k steps (until convergence). The BigVGAN vocoder [103]
is also trained and used during inference to generate the speech from the output melspectrograms.

5.5 Experiments

The quantitative results of the proposed approach and comparisons with existing methods, including
those discussed in the previous chapters, are presented. As automatic speech metrics are imperfect,
MOS scores using human evaluation are also shown. Finally, a real-world application of lip-to-speech

is demonstrated for the first time by voicing the silent lip movements of an ALS patient.

5.5.1 Quantitative Evaluations
5.5.1.1 Metrics

The quality of the generated speech is measured using the standard speech metrics: Perceptual Eval-
uation of Speech Quality (PESQ), Short-Time Objective Intelligibility measure (STOI), and its extended
version (ESTOI). PESQ measures the clarity and overall perceptual quality of speech, while STOI and
ESTOI measure the intelligibility of speech. Further, as discussed previously, it is crucial to generate
speech that is in sync with the input video. The lip-sync metrics, Lip-Sync Error - Confidence (LSE-C)
and Lip-Sync Error - Distance (LSE-D) [15], are used to evaluate whether the output speech matches the
input lip movements. The public implementations of all the above metrics are used for a fair comparison.

For more information regarding the metrics, Section 3.4.4 can be referred to.

5.5.1.2 Speech Synthesis in Constrained Settings

5.5.1.2.1 Comparisons To evaluate lip-to-speech methods on the constrained single-speaker TCD-
TIMIT dataset, four existing approaches are compared: (i) GAN-based [47], (ii) the proposed Lip2Wav

https://github.com/prajwalkr/vtp
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presented in Chapter 3, (iii) the proposed VAE-GAN in Chapter 4, and (iv) VCA-GAN [56]. The same
settings as Lip2Wav are adopted and the scores and VCA-GAN [56] are reported. Finally, a parallel
state-of-the-art Lip-to-Speech system called LipVoicer [119] is also compared on LRS3 [29] dataset.
The Wav2Lip [27] repository is used to compute the LSE-C and LSE-D scores for each method. The
metrics for a particular model that were not mentioned in the original papers or for which no publicly

available pre-trained checkpoint exists have been excluded.

5.5.1.2.2 Results Table 5.2 contains the results on the TCD-TIMIT dataset. It is observed that the
proposed approach achieves comparable results to previous methods in constrained settings with mini-
mal data of only 3 speakers. However, the significant benefits of the proposed approach can be seen in

unconstrained settings, which are described below.

Table 5.2 The state-of-the-art methods are compared on several standard multi-speaker benchmarks
using standard metrics. The generated outputs from the model are found to be the most natural (PESQ),
the most accurate (STOI, ESTOI), and in perfect sync with the video input (LSE-C, LSE-D) in the in-
the-wild videos of LRW [30], LRS2 [28], and LRS3 [29].

Dataset Method PESQ1T STOIT ESTOIT LSE-Ct LSE-D]
GAN-based [47] 1.22 0.51 0.32 - -
Lip2Wav 1.35 0.56 0.36 6.610 7.815
TCD-TIMIT [61] VCA-GAN [56] 1.43 0.58 0.40 - -
VAE-GAN 1.35 0.55 0.35 - -
Ours 1.34 0.61 0.42 6.623 6.901
GAN-based [47] 0.72 0.10 0.02 1.983 9.426
Lip2Wav 1.19 0.54 0.34 2.526 8.286
VAE-GAN 0.78 0.15 0.03 2.538 8.173
VCA-GAN [56] 1.33 0.56 0.36 - -
LRW [301 SVTS [57] 1.49 0.64 0.48 - -
Multi-task L2S [118] 1.56 0.64 0.47 4.876 8.102
Lip-to-Text + TTS baseline 0.69 0.10 0.01 1.993 12.872
Ours 1.61 0.71 0.56 6.812 6.974
Lip2Wav 0.58 0.28 0.11 1.874 11.48
VAE-GAN [47] 0.60 0.34 0.17 2.507 8.155
VCA-GAN [56] 1.24 0.40 0.13 4.016 7914
LRS2 [28] SVTS [57] 1.34 0.49 0.29 - -
Multi-task L2S [118] 1.36 0.52 0.34 4.001 8.192
Lip-to-Text + TTS baseline 0.53 0.19 0.02 2.013 15.891
Ours 1.47 0.65 0.47 8.083 6.586
VAE-GAN [47] 0.51 0.30 0.15 2.063 8.256
VCA-GAN [56] 1.23 0.47 0.20 3.905 8.392
SVTS [57] 1.25 0.50 0.27 - -
LRS3 [29] Multi-task L2S [118] 1.31 0.48 0.26 3.876 8.677
LipVoicer [119] 1.08 0.36 0.19 6.239 8.266
Lip-to-Text + TTS baseline 0.42 0.16 0.01 1.771 17.882
Ours 1.39 0.58 0.37 7.886 6.850

5.5.1.3 Speech Synthesis in Unconstrained Settings

5.5.1.3.1 Comparisons In order to assess the performance of lip-to-speech methods in unconstrained
scenarios, three datasets are employed: word-level LRW [30], sentence-level LRS2 [28], and LRS3 [29].
While the GAN-based [47] and Lip2Wav models have been re-trained by the authors of VAE-GAN in
a multi-speaker context, the scores from their original study are presented for comparison. For VCA-
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GAN [56], SVTS [57], and Multi-task Lip-to-Speech synthesis [118], the speech metric (PESQ, STOI
and ESTOI) scores are adopted from [118]. Further, publicly accessible pre-trained checkpoints for
VCA-GAN? and Multitask-L2S* are used to generate speech on LRS2 and LRS3 test sets for the for-
mer, and LRS2, LRS3, and LRW test sets for the latter. These generations are utilized to compute the
LSE metrics for both techniques, wherever applicable. Lastly, results for a baseline approach that lever-
ages lip-to-text conversion followed by multi-speaker TTS without a visual stream in the TTS model are
included. The evaluation does not include all metrics that were not originally reported in the papers or

for which no pre-trained model is publicly available.

5.5.1.3.2 Results The results on the challenging LRW, LRS2, and LRS3 datasets are presented in
Table 5.2. The proposed model consistently outperforms the existing methods by a significant margin
on all these datasets. Since the GAN-based [47] model was proposed to work for constrained laboratory
recorded datasets, it can be observed that extending this model in unconstrained settings does not yield
satisfactory results. Lip2Wav performs decently on the word-level LRW dataset; however, it fails to
learn the audio-visual alignment on the LRS2 dataset, thus leading to very poor performance. This
model is discarded for further comparison on the LRS3 dataset. VAE-GAN, VCA-GAN [56], SVTS [57]
and Multitask-L2S [118] generate speech that is in-sync with the input video; however, they fail to
synthesize accurate content. The quality of the generated speech is often non-intelligible and leads
to lower scores in speech quality metrics. The Lip-to-Text + TTS baseline model is on the opposite
spectrum, where the content is generated well by the model but lip-sync is failed to be captured, mainly
because the speed, prosody, and accents of speakers cannot be inferred by the model just from the text
input. The model proposed in this chapter, on the other hand, is capable of generating both the actual
spoken content as well as maintaining precise lip synchronization. As can be seen from the table, all
the speech quality metrics are outperformed by the proposed method, indicating the robustness and
superiority of the proposed approach. In Figure 5.3, how the model temporally aligns video and text
sequences in the process of generating speech is depicted. The reader is encouraged to view the provided

demo video comprising multiple qualitative samples and comparisons.

5.5.1.3.3 Qualitative comparisons Qualitative results from the model proposed in this chapter are
presented in the form of a linked video in Figure 5.4, providing a dynamic and illustrative demonstration

of the research findings.

5.5.2 Human Evaluations

To evaluate the applicability of the method in real-world scenarios, subjective human evaluations
were conducted. 25 volunteers were asked to assess the quality of speech generations. The participant

group had an almost equal male-female ratio, spanning an age group of 20 — 45 years. 10 long sentences

*https://github.com/ms-dot-k/Visual-Context-Attentional—-GAN
‘https://github.com/ms—dot-k/Lip-to-Speech-Synthesis-in-the-Wild
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Figure 5.3 The video-text alignment from the scaled dot product attention step of the model is visual-
ized. It is observed that the model learns a strong monotonic near-diagonal attention, as expected.

(10 seconds or longer) were randomly selected from the test set of LRS3 [29] and the results from
different methods were presented to the participants. They were asked to rate the samples on a scale of
1 — 5 based on the following criteria: (A) Intelligibility (is the speech meaningful?), (B) Content clarity
(are the words clear?), (C) Sync Accuracy, and (D) Overall perceptual quality of the talking head video
+ audio. The mean opinion scores are reported in Table 5.3. In line with the quantitative evaluations,
the method was highly rated over other approaches in all the criteria listed above. As expected, the
speech intelligibility was rated slightly higher for the Lip-to-Text + TTS baseline. However, the overall
perceptual quality for this baseline sharply fell due to the lack of sync between the spoken content and
the lip movements. Overall, Table 5.3 clearly signifies that the network is able to generate speech with

more clarity, which sounds more natural and is of considerably higher quality.

5.6 Applications in Assistive Technology

Lip-to-Speech synthesis has a host of applications in an increasingly digital world. Simple applica-

tions such as performing video calls in quiet environments, filling in audio interruptions due to technical
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Speech

Lip movements in the wild

Paper 1D: 409

PLEASE USE HEADPHONES FOR A BETTER USER EXPERIENCE!

Figure 5.4 A video is presented in this link: https://youtu.be/6WNSazF9vyQ. This video
contains qualitative results and comparisons from the model proposed in this chapter. This image is
presented as the thumbnail for this video.
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Table 5.3 (A) Intelligibility, (B) Content clarity, (C) Sync Accuracy, (D) Overall perceptual quality. The
model produces natural and realistic speech outputs that is largely preferred by the users in comparison
to other approaches.

Method A B © (D
GAN-based [47] 205 1.87 199 2.12
Lip2Wav 1.01 1.03 134 1.01
VAE-GAN 1.07 133 218 2.57
VCA-GAN [56] 2.18 1.88 297 254
Multi-task L2S [118] 219 185 3.01 2.64
Lip-to-Text + TTS baseline 3.61 2.87 1.01 2.96
Ours 349 3.52 382 331

issues, and eliminating unwanted background chatter can be made possible with accurate lip-to-speech.
It is believed that the most significant application of lip-to-speech can be found in assistive technologies.
The current assistive systems used to improve the communication ability of people suffering from vari-
ous disorders affecting their speech can be revolutionized. Words can be mouthed by patients suffering
from vocal cord disabilities to communicate naturally with the world around them. The synthesized

speech can be personalized and also be in sync with the speaker’s lip movements.

5.6.1 Generating Speech for a Patient suffering from ALS

A recent work [159] proposed a lip reading technique for a patient suffering from ALS. The patient
has feeble vocal cord movements but can mouth words silently. Limited amounts of data were collected
from the patient by the authors of the paper, and a model was trained to recognize words and sentences
from his lip movements. As a result of significant improvement in this task, the benefit of using lip-
to-speech as a future assistive technology can now be demonstrated. Through the help of the authors
of [159], the lip-to-speech system was evaluated on the patient’s data. Please note that the data was
anonymized and used only for research purposes. It was found that the lip-to-text module generates
fairly accurate text (WER of ~ 37%), and the visual TTS model generates clear speech in sync with
the patient’s lip movements. This is the first demonstration of automatic lip-to-speech synthesis for an
unseen speaker in an entirely out-of-domain real-world application. Furthermore, the model was also

tested on other deaf speakers studied in [159] and accurate performance was observed.

5.6.2 Ethical Considerations

It is acknowledged that the work has the potential to generate synthetic speech for videos, given that
only a 1—second voice sample from any target speaker is required. However, since context is provided
by the video and the output speech is constrained, it is likely that the generated speech will closely
follow the original content. The importance of ethical considerations regarding the use of such models
is recognized, and it is ensured that the models will only be shared with users who consent to limit their

usage to research-oriented and ethically valid tasks.
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Figure 5.5 The model is demonstrated on an ALS patient who cannot voice words but can mouth them.
The speech corresponding to the silent lip movements can be generated. Lip-to-Speech can thus be a
cheap and non-invasive method to assist someone who has lost their voice.

5.7 Ablation Studies

In this section, several ablation studies are performed to understand the effect of different components
of the proposed model. All the ablation experiments are conducted on the LRS2 [28] test set until and
unless stated otherwise.

5.7.1 Effect of different pre-trained lip-to-text models

Additional experiments were conducted using other pre-trained lip-to-text models, specifically DeepLR [86]
and AV-HuBERT [88]. The former had a WER of 51.3 on the LRS2 test set, while the latter had a WER
of 46.6. The input text to the pre-trained Visual TTS module was taken from different Lip-to-Text
models. Additionally, the ground-truth text from the LRS2 test set was directly provided. As shown in
Table 5.4, speech was recovered that was somewhat accurate, despite the presence of noisy text tran-
scripts from both models. This can be attributed to two factors: (i) the correction of errors made by
the lip-to-text network by the pipeline to some extent (demonstrated in the demo video); and (ii) the
reduced difference in scores between homonyms such as “’ship and sheep” or ”berth and birth” in the

audio domain.

5.7.2 Effect of different visual representations

The proposed Visual Text-to-Speech module was trained with RGB face crops instead of the VTP
embeddings to generate speech conditioned on text and lip movements. Based on observations from Ta-
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Table 5.4 A comparison of using generated text from different lip-to-text networks in the pipeline is
presented. The WER of the lip reading model (L2T-WER) on the LRS2 test set is also reported as a
reference.

Method L2T-WER PESQ7 STOI1 ESTOIT LSE-C1 LSE-D|,
Deep Lip Reading [87]] 51.3 1.17 040 022 7.847 6.904
AV-HuBERT [88] 46.1 1.27 053 040 7.960 7.003
VTP (Ours) 22.6 147 065 047 8.083 6.586
GT text - .51 069 050 8.781 6.106

ble 5.5, VTP embeddings are found to be the most suitable for this task because they excel in localizing

and representing the shape of the speaker’s lips.

Table 5.5 The effect of using different visual representations for training the Visual TTS module is
presented in this table.

Method PESQ?t STOIt ESTOIf LSE-Ct LSE-D|

Face crops 1.17 0.40 0.22 7.847 6.904

VTP (Ours)| 1.47  0.65 0.47 8.083  6.586

5.7.3 Effect of using the speaker-embedding

The generation of prosody, pitch, and other speech nuances is a complex challenge when relying
solely on facial information. A speaker identity network that is NOT speaker-specific is used in the
proposed approach. With just a 1-second speech sample of the target speaker, the network extracts the
speaker embeddings, capturing the desired voice. As a result, speech in the voice and style of any in-
the-wild speaker can be generated by the proposed model. An ablation study was performed without
using the identity network, and the results are reported in Table 5.6. The results show that without the
identity network, an average (robotic-kind of) voice, lacking style and voice quality, is generated by the

model.

Table 5.6 Identity network ablation on LRS?2 test set.
Method PESQ?1 STOI1 ESTOIT LSE-C1 LSE-D|
W/o speaker embedding 1.06 043 0.30 5.109  11.204
With speaker embedding| 1.47  0.65 0.47 8.083 6.586

5.7.4 Using different vocoders for generating speech

Different vocoders were trained to improve the quality of the final generated speech from the mel-
spectrograms. BigVGAN [103], HiIFiGAN [102], MelGAN [101], and the non-learnable Griffin-Lim [107]
were used to convert melspectrograms into raw waveforms, and the performance is reported in Table 5.7.
BigVGAN was selected as the vocoder of choice for all the datasets based on its slightly superior per-

formance in this experiment.
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Table 5.7 Using a vocoder network during inference to generate speech produces better quality outputs.
Speech generation PESQ7T STOIT ESTOIT LSE-C{ LSE-D]
MelGAN [101] 1.27  0.61 0.43 8.072  6.586
Griffin-Lim [107] | 1.26  0.57 0.39 8.079  6.581
HiFiGAN [102] 1.28  0.58 0.46 8.082  6.602
BigVGAN [103] | 1.47  0.65 0.47 8.083  6.586

5.7.5 Word-error-rate comparison

In Table 5.8, the Word Error Rate (WER) of the state-of-the-art lip-to-text system, Auto AVSR [89]
and the generated speech from the proposed model, transcribed using WhisperX [160] is compared. The
same comparison is also conducted on the generations of LipVoicer [119]. The LRS3 [29] test set is
used for this comparison. The text input to the proposed lip-to-speech system is also generated from

Auto AVSR for this experiment for a fair comparison.

Table 5.8 Comparison of WER (After ASR) for the proposed lip-to-text + Visual TTS model and
LipVoicer models using the LRS3 test set.

Model WER |

Ours 0.26

LipVoicer [119] 0.36

Auto AVSR [89] 0.19

The table shows that the proposed model outperforms LipVoicer in terms of WER after passing
through WhisperX, with a lower WER of 0.26 compared to 0.36. However, Auto AVSR achieves the
best performance with a WER of 0.19. This suggests that while the proposed model is effective and
produces describable speech, there is still room for improvement to reach the performance level of Auto
AVSR.

5.7.5.1 Comparison of phoneme-error-rates

Word error rates (WER) are not always the most suitable metric for lip reading, as they can be
overly sensitive to small differences. For instance, words like “work™ and “want” will be classified
completely differently, even if only a single phoneme between them differs. Therefore, phoneme error
rates (PER) are calculated instead of WER. By transcribing the sentences into a sequence of phonemes
and then applying the standard WER calculation method to these phoneme sequences, a more nuanced
and accurate evaluation of the lip-to-speech model’s performance is achieved.

It is observed that the proposed model performs closer to Auto AVSR than the WER suggests. This
indicates that many phonemes are predicted correctly, where only a part of the word is wrong. At a
phoneme level, the proposed model does much better than the competitive LipVoicer and also Auto
AVSR. While Auto AVSR’s error rate goes from 0.19 to 0.16, the proposed model’s error rate goes from
0.26 to 0.19. This clearly shows that the proposed model predicts many phonemes correctly, even if
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Table 5.9 Comparison of PER for the proposed lip-to-text + Visual TTS model and LipVoicer models
using the LRS3 test set.

Model PER |
Ours 0.19
LipVoicer [119] 0.29
Auto AVSR [89] 0.16

the entire word might be wrong. Please note that the ASR system itself may inject some noise into this

analysis.
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Figure 5.6 The top-5 wrongly predicted phonemes by the proposed lip-to-speech network are plotted in
this Figure.

To further analyze this, the phonemes that are most frequently missed were examined. The frequen-
cies of the top 5 phonemes that are incorrectly predicted are plotted in Figure 5.6. It was observed that
the phonemes that are mostly wrong actually have little to no lip movements.

The phonemes D, EH, K, N, and ER primarily involve articulatory movements that do not signifi-
cantly engage the lips. For the phoneme /d/, which is a voiced alveolar stop, the tongue tip touches the
alveolar ridge behind the upper front teeth, with no primary involvement of the lips. The /e/ phoneme,
a mid-front unrounded vowel, involves positioning the tongue halfway between high and low in the
mouth and towards the front, with the lips slightly open but not significantly involved in shaping the
sound. The /k/ sound, a voiceless velar stop, is produced by the back of the tongue contacting the soft
palate (velum), with no lip involvement. Similarly, the /n/ phoneme, a voiced alveolar nasal, is produced
with the tongue tip touching the alveolar ridge and the velum lowered, again without lip involvement.

Finally, the /er/ phoneme, a mid-central r-colored vowel, involves a mid-central tongue position with
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a slight curl back of the tongue tip and only a slight rounding of the lips. Given that the lips are not
the primary articulators for these sounds, their production relies more on the tongue’s interaction with
various parts of the mouth. This lack of distinct lip movement likely contributes to the challenges faced
by lip-reading systems in accurately interpreting these phonemes. A very similar outcome is also noted
for the lip-to-text Auto AVSR network.

Figure 5.7 The wrongly predicted phonemes are produced without moving the lips, and thus, both the
lip-to-text and lip-to-speech models struggle to predict these successfully.

5.7.6 Comparison based on gender

To check for gender bias, a test was conducted on the LRS3 test set using the DeepFace reposi-
tory [161]. In this test, 10 frames from each video were passed through the gender detection algorithm.
A voting mechanism was employed, where if more than 5 frames were classified as a particular gender,
the video was predicted to be of that gender. The results of this test are shown in Table 5.10.

Table 5.10 Gender bias test results on the LRS3 test set
Gender | PESQ?1 | STOIT | ESTOIT | LSE-Ct | LSE-D| | WER |

Male 1.42 0.60 0.36 7.88 6.82 0.23
Female 1.36 0.56 0.38 7.89 6.88 0.28

It is observed that the outputs of the proposed model are not affected by gender.

5.7.7 Comparison based on age

To check for age bias, a test was conducted on the LRS3 test set using the DeepFace repository [161].
In this test, 20 frames from each video were passed through the age detection algorithm. A voting
mechanism was employed, where the age range with the most votes determined the predicted age range
of the video. If no age range was a clear winner, the video was skipped ( 250 videos were skipped). The
age ranges used were: 0 — 18, 19 — 30, 31 — 45, 45 — 60, and 60-+. The results of this test are shown in
Table 5.11.

The above table shows that the model remains consistent in terms of quality for all age groups with

no major variations.
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Table 5.11 Age bias test results on the LRS3 test set
Age | PESQ?T | STOIT | ESTOIT | WER |

0-18 1.17 0.48 0.32 0.19
19-30 1.19 0.47 0.30 0.27
31-45 1.20 0.49 0.32 0.26

46-60 1.17 0.46 0.30 0.25
60+ 1.18 0.48 0.32 0.27

5.7.8 Comparison based on race

To check for racial bias, a test was conducted on the LRS3 test set using the DeepFace reposi-
tory [161]. In this test, 20 frames from each video were passed through the race detection algorithm.
A voting mechanism was employed, where the race with the most votes determined the predicted race
of the video. If no race was a clear winner, the video was skipped. Approximately 300 videos were
removed where the classifier was not confident. The racial categories used were: Asian, Black, Lati-
no/Hispanic, Middle Eastern, and White. The results of this test are shown in Table 5.12.

Table 5.12 Race bias test results on the LRS3 test set.

Race PESQ 1 | STOI 1 | ESTOIT | WER |
Asian 1.19 0.47 0.30 0.22
Black 1.20 0.50 0.32 0.26
Indian 1.18 0.48 0.30 0.53
Latino/Hispanic 1.50 0.54 0.35 0.19
Middle Eastern 1.19 0.48 0.31 0.35
White 1.18 0.47 0.31 0.26

From the results, it is observed that while the speech quality metrics (PESQ, STOI, and ESTOI) re-
main relatively consistent across different racial categories, the Word Error Rates (WER) for Indian and
Middle Eastern categories are notably higher. Specifically, the WER for Indian speakers is 0.53, and
for Middle Eastern speakers, it is 0.35, compared to lower WERs for other racial categories. This dis-
crepancy indicates that while the model maintains a consistent speech quality, it struggles with accurate
word prediction for certain racial groups, highlighting an area for further improvement in the model’s

robustness and fairness.

5.7.9 Comparison for Different Emotions

To evaluate the performance of the proposed model across different emotions, a speaker from the
MEAD dataset [62] was used as shown in Figure 5.8. The dataset provides labeled videos with various
emotional expressions. For this comparison, the frontal video of a single identity speaking English was
selected. The emotions were chosen at their maximum intensity, and the categories include neutral,

angry, disgust, contempt, fear, happy, sad, and surprise. The results of this evaluation are presented
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in Table 5.13, showing how the model performs in terms of PESQ, STOI, ESTOI, and WER for each

emotion.

\ »

Figure 5.8 Multiple emotions are selected from the MEAD dataset for a particular speaker to evaluate
lip-to-speech synthesis using the proposed model.

Table 5.13 Emotion comparison results using the MEAD dataset

Emotion | PESQ 1 | STOI 1 | ESTOI 1T | WER |
Angry 1.08 0.12 0.07 0.38
Disgust 1.13 0.15 0.09 0.34
Contempt 1.10 0.13 0.08 0.36
Neutral 1.15 0.26 0.19 0.27
Fear 1.09 0.14 0.09 0.35
Happy 1.14 0.16 0.10 0.32
Sad 1.12 0.15 0.09 0.30
Surprise 1.11 0.14 0.09 0.33

Among the various emotions evaluated using the MEAD dataset, the sad and neutral emotion exhibits
the best performance. This is primarily because the sad emotion in the MEAD dataset involves less
exaggerated lip movements, making it easier for the model to interpret and generate accurate speech.
In contrast, other emotions such as angry and surprise have more exaggerated lip movements, which
complicates the lip-reading process. The angry emotion, in particular, introduces a lot of teeth visibility,
which further challenges the model. Similarly, the surprise emotion, with its pronounced lip movements,

also proves difficult for accurate interpretation.
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5.7.10 Comparison for Different Head Poses

To assess the impact of different head poses on the performance of the proposed model, the same
speaker of the MEAD dataset [62] was used again. The different head poses or camera positions are
shown Figure 5.9. For this comparison, neutral videos of the same identity were selected, covering a
range of head poses: left-60, left-30, down-30, front, up-30, right-30, and right-60. The results of this
evaluation are presented in Table 5.14, illustrating the performance of the model in terms of PESQ,

STOI, ESTOI, and WER for each head pose.

Top-30

Figure 5.9 Multiple camera positions are selected from the MEAD dataset for a particular speaker to
evaluate lip-to-speech synthesis using the proposed model. The camera positions mimic different head

poses in real world situations.

Table 5.14 Head pose comparison results using the MEAD dataset

Right-30

A
Right-60

Head Pose | PESQ 1 | STOI {1 | ESTOI 1 | WER |
Left-60 1.09 0.13 0.08 0.36
Left-30 1.12 0.15 0.09 0.34
Down-30 1.11 0.14 0.09 0.33
Front 1.18 0.17 0.11 0.28
Up-30 1.14 0.16 0.10 0.30
Right-30 1.13 0.15 0.09 0.31
Right-60 1.10 0.14 0.09 0.35

The evaluation of different head poses using the MEAD dataset indicates that the frontal head pose
performs the best across all metrics. This can be attributed to the fact that a frontal view provides the
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clearest and most direct visual information of lip movements, which is crucial for accurate lip-to-speech
synthesis. As the head moves away from the frontal position, the visibility of lip movements decreases,

resulting in a decline in model performance.

5.7.11 Limitations

In this work, the problem of lip-to-speech networks not being able to learn a language model directly
from speech supervision is addressed by using a pre-trained lip-to-text network. While the proposed
model does not require ground-truth text annotations, the lip-to-text model upon which it is built has
been trained with text supervision. However, recent efforts in self-supervised pre-training have led to a
sharp decrease in the number of text annotations required for training accurate lip-to-text models [88],
making it easier to extend such models to lip-to-speech using the proposed approach. Currently, the

model has only been tested in English, and validation in other languages remains to be done.

5.8 Summary

In conclusion of this chapter, the proposed research presents an innovative approach to unconstrained
multi-speaker lip-to-speech synthesis that outperforms previous methods by incorporating language and
visual information from a highly accurate lip-to-text model. Significant improvements in lip-to-speech
synthesis are demonstrated, generating high-quality outputs that seamlessly synchronize with silent lip
video. This study can potentially open up exciting avenues for future research. The success of this
approach in assistive technology is particularly encouraging, where it has been shown that the method
can generate accurate speech from silent lip movements of individuals with speech impairments. Over-
all, optimism exists about the possibilities of this approach to improve communication and enhance the
quality of life for people with speech impairments, and it is anticipated that this work will drive further

progress in this field.

105



Chapter 6

Adding Degraded Speech to Lip-to-Speech Synthesis setup

In this thesis, the primary focus has been on lip-to-speech synthesis, which involves generating
speech solely from lip movements. However, a new avenue of research is explored in this chapter by
considering a slightly modified problem: the integration of noisy speech along with lip movements. It
is hypothesized that even with highly degraded audio input, the addition of visual information could
significantly improve speech reconstruction. This approach leads to the exploration of Audio-Visual
Speech Enhancement (AVSE), a field where visual and auditory information processing intersect. Tra-
ditionally, speech enhancement techniques have been predominantly audio-centric, often struggling in
environments with compromised audio signals. The AVSE problem, as addressed in this chapter, is
conceptualized as an extension of lip-to-speech synthesis, incorporating an additional layer of noisy or
low-quality audio inputs.

Two distinct yet interconnected problems within AVSE are explored:

1. Audio-visual speech super-resolution: This involves enhancing the resolution and clarity of speech
signals. The task is particularly challenging when audio data is not only of low quality but also sparse
in detail. Visual cues from lip movements are integrated to reconstruct and augment the audio data,
aiming to achieve higher-resolution speech output that surpasses the limitations of traditional audio-
only enhancement methods.

2. Audio-visual speech denoising: This focuses on removing noise from speech signals in environ-
ments where the audio is heavily contaminated with background noise or interference. Visual informa-
tion from lip movements is crucial in distinguishing speech from noise, allowing for more effective and
precise noise reduction.

In summary, this chapter explores how integrating lip movement data with traditional speech pro-
cessing techniques can significantly improve speech signal quality and intelligibility, even in scenarios

where conventional audio-based approaches fall short.

6.1 Audio-Visual Speech Super-resolution

Speech super-resolution is recognized as an important task in various scenarios, including the en-

hancement of historical recordings, improvement of telephonic communications, and compression of
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speech data for bandwidth reduction. Here, “low-resolution” speech refers to speech sampled at a lower
rate (e.g., 16 kHz or 24 kHz), while “high-resolution” speech denotes a higher sampling rate (e.g.,
48 kHz) that preserves more high-frequency detail; this terminology is borrowed directly from image
super-resolution, where one aims to reconstruct a higher-resolution signal from a lower-resolution input.
Traditionally, audio-only methods have been limited to scale factors of 2x and, at most, 4x. Building
upon the success of lip-to-speech synthesis, it was hypothesized that incorporating visual information
from lip movements could enable super-resolution at significantly higher scale factors. This approach

can be conceptualized as lip-to-speech synthesis with the addition of low-sampling-rate audio input.

To test this hypothesis, an innovative audio-visual network was developed. This network aims to
super-resolve speech from extremely low sampling rates (as low as 1 kHz) to standard audio quality (16
kHz), achieving scale factors of 8x and 16x. These scale factors represent a significant advancement
over previous audio-only methods. The proposed approach not only outperforms state-of-the-art audio-
only techniques in speech quality and intelligibility metrics but also demonstrates applicability in real-
world, unconstrained settings. Additionally, a ”pseudo-visual model” was developed to synthesize lip
movements from low-resolution speech inputs, extending the method’s applicability to scenarios where

visual data is unavailable.

6.1.1 Background on audio-only speech super-resolution

The speech community has studied the problem of upsampling the frequency of speech signals for a
long time. This problem was popularly known as “bandwidth extension” in the pre-deep learning era.
Initially, classical signal processing approaches were utilized [162, 163] to solve the task of bandwidth
extension. This was followed by methods relying on Gaussian mixture models to predict high-frequency
speech based solely on low-frequency input [164]. With the advent of deep learning, renewed interest in
this problem was sparked under a new alias, ”audio super-resolution”. Inspired by the success of image
super-resolution techniques using deep learning, a simple neural network was first used by [165] to
learn mappings between high-resolution and low-resolution audio signals. This was further improved by
various techniques such as residual-based bottleneck network [166], ”Temporal-Film (TFiLM)” [167],
and the diffusion probabilistic model "NU-Wav” [168], which significantly enhanced SR performance.
While current state-of-the-art methods work directly on low-resolution speech, they are proposed for
2x and 4x SR, in stark contrast to the 16x SR attempted in this work. To improve these networks’
robustness and real-world applicability, the use of additional assistance in terms of visual modality,
particularly lip movements, is considered. Super-resolving low-resolution speech is explored by using
lip movements as additional cues. The assistance from the visual stream allows for handling large-scale
factors like 16x compared to 4x as done in previous works. Furthermore, to enable the model to be
applied in practical situations, the pseudo-visual approach proposed in [169] is extended for speech SR.
Thus, along with the audio-visual approach, an audio-only system that incorporates the advantages of

the visual stream without requiring a real visual stream is also developed.
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6.1.2 Formally formulating the problem

Our goal is to take a sequence of lip movements I = (I, I3,...,Iy) and a corresponding low-
resolution speech segment S = (S{r, SY, ..., SI) to generate a high-resolution speech segment

S = (51,52,...,57). The generated speech .S should correspond to the lip movements I and be
an enhanced version of S, It should be noted that in this work, unlike previous chapters where mel-
spectrograms were used, linear spectrograms are utilized to represent speech. The high-resolution lin-
ear spectrogram is denoted as Y = (Y7, Ya,...,Yr). The linear spectrogram from the low-resolution
speech is used as another input to the network other than the lip movements. It is denoted by Y™ =
(Yl vir .. Y.

6.1.3 The Architecture

When the speech resolution is low, the loss of information is so paramount that the semantic details
of speech are almost completely lost. In such cases, it is shown that the visual stream can aid in recov-
ering the content, thereby improving the quality and coherence of super-resolved speech. The proposed
audio-visual model comprises three modules: (i) Speech Encoder, (ii) Visual Encoder, and (iii) Speech

Decoder. Each of these modules is elaborated upon below.

6.1.3.1 Speech Encoder

In the proposed approach, a 1-second segment of low-resolution (LR) speech, denoted as Sj;, is
initially considered. Linear interpolation is applied to this segment to upscale it to the desired target
resolution, resulting in an upsampled version, S. This upsampling step is crucial for maintaining a
consistent architecture regardless of the input resolution. The raw waveforms are transformed into a
more analyzable format using the Short-Time Fourier Transform (STFT). For the STFT computation, a
window length of 25ms and a hop length of 10ms are employed, with the sampling rate set at 16kHz.
A complex STFT with dimensions (7°,257) is produced as the outcome of this process. This com-
plex STFT is then decomposed into its magnitude and phase components, each of which is normalized
within the [0, 1] range to ensure data representation consistency. The magnitude and phase components
are subsequently concatenated along the frequency axis, resulting in a representation with dimensions
(T',514), which serves as the input for the speech encoder. The speech encoder, comprising a series of
residual 1D convolution layers, processes these time-frequency representations, ultimately generating
speech embeddings with dimensions (7', 600).

In the methodology, the raw speech is converted into linear spectrograms using STFT. A representa-
tion with T x 514 dimensions is obtained by concatenating the magnitude and phase components of the
STFT. This representation is then fed into the speech encoder, which is processed using a stack of 1D

convolution layers, as described in Table 6.1, to produce speech embeddings with a dimensionality of
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Figure 6.1 The proposed audio-visual network for speech super-resolution at large scale factors (8x
and 16 x) is illustrated. Three major components are comprised in the SR model: (i) visual encoder, (ii)
speech encoder, and (iii) speech decoder. A sequence of frames is ingested by the visual encoder and
processed, and visual embeddings are generated. The speech encoder takes the spectrogram representa-
tion from the linearly upsampled speech signal to create speech embeddings. These learned visual and
speech embeddings are then fused and subsequently processed by the speech decoder. A residual mask
is output by the network, which is added to the input spectrogram to generate realistic, high-quality
(16kHz) speech signals.

T % 600. Through this process, a robust and efficient translation of raw speech waveforms into a format

that can be effectively utilized for further speech-processing tasks is ensured.

6.1.3.2 Visual Encoder

The visual features from the visual stream input [ are extracted using the visual encoder. The visual
encoder is designed to process the input frames of dimension (%, 3,96,96) (Here N = %) by gradually
reducing the spatial dimension to (%, 600, 1, 1) using a stack of 3D convolution layers with residual
connections. The visual encoder is similar to the visual stream of the “Perfect Match” model [18].
The short-range motion information is captured using a temporal receptive field of 5 frames in the
first convolution layer. The output of the visual encoder is upsampled 4-times along the temporal axis
using nearest neighbor interpolation to match the spectrogram temporal dimension 7". Thus, the visual

embeddings of dimension (7', 600) are finally obtained.
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Table 6.1 Details of the speech encoder.
Layer # Filters Kernel Stride Residual Output

input - - - - T x 257
convl 600 3 1 X T x 600
conv2 600 3 1 v T x 600
conv3 600 3 1 v T x 600
conv4 600 3 1 v T x 600
conv5 600 3 1 v T x 600
conv6 600 3 1 v T x 600
conv’/ 600 3 1 X T x 600

The visual encoder ingests the input frame sequences of dimension 7'/4 x 3 x 96 x 96. It generates

visual embeddings of dimension 7" x 600 using 3D convolution layers as described in Table 6.2.

Table 6.2 Details of the visual encoder.

Layer # Filters Kernel Stride Residual Output

input 3 - - - T/yx 3 x 96 x 96
transpose - - - - 3 x T/1x 96 x 96
convl 32 5xHx51x2x2 X 32 x Ty x 48 x 48
conv2 32 5xbHx5 1x1x1 v 32 x T/a x 48 x 48
conv3 64 1x3x31x2x2 X 64 x T/4 x 24 x 24
conv4 64 1x3x31x1xl1 v 64 x T/a x 24 x 24
conv5 128 1x3x3 1x2x2 X 128 x T/a x 12 x 12
convo 128 1x3x31x1x1 v 128 x T/a x 12 x 12
conv? 256 1x3x3 1x2x2 X 256 x /4 x 6 % 6
conv8 256 1x3x3 1x1x1 v 256 x T/ax 6 x 6
conv9 512 1Ix3x31x2x2 X 512 x T/a x 3 x 3
conv10 512 1x3x3 1x1x1 v 512 x T/a x 3 x 3
convll 600 1x3x31x3x3 X 600 x T/ax 1x 1
convl2 600 1x1x11x1x1 X 600 x T/ax1x1
transpose2 - - - - T/yx600x1x1
squeeze - - - - T /4 x 600

upsample - - - - T x 600

6.1.3.3 Speech Decoder

The speech decoder’s aim is to generate a residual mask, which is added to the input spectrogram
Sy to obtain the output spectrogram. Initially, the learned speech and visual embeddings are fused
in the latent space to form (7, 1200)-dimension features. These features are ingested by the decoder,
which consists of 1D convolution layers, and a residual mask of dimension (7,514) is output. In
the experiments, the addition mask is used to get the spectrogram, as it was found that the output

quality is significantly better than using multiplicative masks (see Table 6.10 for comparison). The
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mean absolute error (L1) between the generated and the ground-truth HR spectrograms is used as the
loss to train the network. Finally, the inverse-STFT (ISTFT) is used to obtain the speech from the

generated spectrograms.

Table 6.3 Details of the speech decoder.
Layer #Filters Kernel Stride Residual Output

input - - - - T x 1200
convl 1024 3 1 X T x 1024
conv2 1024 3 1 v T x 1024
convl3 1024 3 1 v T x 1024
convl4g 1024 3 1 v T x 1024
convl5 514 3 1 X T x 514

6.1.4 Speech Super-Resolution using Pseudo-Visual Stream

During inference, the formulation can be modified to work with a synthetically generated talking
head video. In cases where the original visual inputs I = (I, Io, ..., Iy) are unavailable, synthetic
visual inputs are used instead. These synthetic inputs are denoted as I = (I1, I}, ..., I}y). This mod-
ification allows the model to generate speech using synthetically generated lip movements, even in
scenarios where real visual data is absent. But standard pre-trained synthetic talking head generation
models expect clean speech as input. Therefore, a new model to generate synthetic lip movements from

low-resolution speech is required.

6.1.4.1 Synthetic generation of frames from degraded speech

In the proposed audio-visual model, frontal or near-frontal talking-face videos of the speaker are
required as input. However, it is observed that situations can arise, especially in real-world applications,
where the visual stream may be corrupted, unreliable, or entirely absent. Videos where lip movements
are occluded, out-of-focus, or out-of-sync with the speech cannot be considered suitable visual stream
input. For such cases, a synthetic generation of the visual stream using the proposed pseudo-visual
model is proposed. It should be noted that the speech SR network is trained only using the real visual
stream (as it is available during training) but can ingest the pseudo-visual stream during testing. This
adaptation to synthetic data during inference clearly demonstrates the proposed SR network’s capability

and robustness.

6.1.4.2 Can the current lip synthesis models be readily used for noisy speech inputs?

It was found that the current state-of-the-art unconstrained speech-to-lip models [25,27,134], which
work for arbitrary speakers, voices, and languages, are highly inaccurate on noisy speech segments.

This inaccuracy is understandable, as these models were never designed to tackle such cases. Moreover,
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these methods are speaker-independent and are designed to work on unconstrained videos by training
on thousands of speakers with substantial variations in pose, expressions, backgrounds, etc. It was
determined that naively fine-tuning the pre-trained lip synthesis model on noisy speech is not ideal.
However, for the task at hand, a lip synthesis model trained on thousands of speakers is unnecessary; a

single speaker is sufficient.

6.1.4.3 A single identity is all you need.

A sequence of accurate lip movements is needed, preferably on a static image of a single identity
where only the lips move according to the speech. This task is relatively easier and well-aligned with the
requirements. If the only visual changes are in the lip shapes, the model will naturally focus on learning
more accurate, fine-grained speech-lip correspondences. It should be noted that this identity-specific
model must work for any speech in any voice and language. The challenge is to train a lip synthesis

model that can lip-sync for a single identity image while handling any speech.

6.1.4.4 Distilling lip motion knowledge for a single identity

The fact that the current state-of-the-art model, Wav2Lip [27], can generate accurate lip motion for
arbitrary static face images conditioned on any clean speech is exploited. The core idea is to achieve
this accuracy using noisy speech (the harder part) as input but on just a single identity (the easier part).
To accomplish this, a student network is trained to map the noisy speech inputs to lip motion on a static
face image. Wav2Lip is employed as the teacher network, and its predictions on the same identity image

but with clean speech inputs are used.

6.1.4.5 A Visual Noise Filter

It is hypothesized that since the only visual differences are in the lip shapes, a strong correspondence
between the underlying speech and the lip motion is forced to be learned by the student network. Fur-
thermore, noise cannot be meaningfully represented in the generated images by the student network,
which is thereby forced to represent only the speech components that the teacher network accurately
indicates. Thus, the images generated by the student network act as a visual noise filter,” manifesting

only the speech component for the downstream speech enhancement network.

6.1.4.6 Training the Student Model

As described above, a student model is trained by learning from a pre-trained lip-synthesis network as
a teacher. The student model, a simple encoder-decoder model, inputs a low-resolution speech segment
and outputs a lip-synced mouth region of a pre-determined person. This model is adapted from the
Wav2Lip architecture [27] by discarding the face identity branch because lip movements need to be

generated only for a single identity image.
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6.1.4.7 Learning from a Lip Synthesis Teacher

To train the student model, an accurate lip-synced ground truth of a single target is needed. This
is obtained from the teacher, a pre-trained lip-synced network, by feeding the clean speech S as the
audio input. The audios present in the LRS3 [29] dataset are used as the clean speech data. For the lip
synthesis teacher, Wav2Lip [27], a publicly available' state-of-the-art speech-to-lip synthesis model, is
used.

As it is a speaker-independent model, an identity image also needs to be fed. A near-frontal face
image of Taylor Swift is chosen, on which Wav2Lip morphs the lips to match the clean speech inputs.
The lip-synced output from Wav2Lip is accurate, as the audio is clean. Furthermore, the output is always
the same face image, with only the lip and jaw regions changing while the rest of the face regions remain
static. The lower half of the generated face output containing Wav2Lip’s prediction is used as the ground
truth for the student model. Thus, the new student network is trained to generate correct lip movements
(matching the clean speech) given a noise-corrupted input of the same speech.

The student network is trained to minimize the L1 loss between its predicted images and the lip-
synced ground truth from Wav2Lip. This network is trained for 150K iterations with a batch size of 64
on a single NVIDIA RTX 2080Ti GPU. Other hyper-parameters are the same as those of Wav2Lip [27].
For the speech enhancement model in the next section, this trained student network is used to generate
lip motion when given a noisy speech segment. The overall method is depicted in Figure 6.2.

HR Speesch

W* " """""" e GT fromes (from teacher netwark)

Static Face L1 loss

£ /
Hper g —o iy iy '
LR Speach ‘
Generated frames (from student network)

Figure 6.2 The applicability of the proposed SR network is demonstrated by synthesizing the lip move-
ments in cases where the visual stream is absent. A student-teacher network is set up to generate the
visual stream from the LR speech input synthetically. The student model is trained to imitate the outputs
from the pre-trained teacher model (Wav2Lip [27]), which ingests the HR speech and a static identity
to produce accurate lip movements.

"https://github.com/Rudrabha/Wav2Lip
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6.1.5 Experiments and Results
6.1.5.1 Dataset and Training Settings

6.1.5.1.1 Dataset The publicly available VoxCeleb2 [31] dataset, which consists of over 1 million
utterances for ~ 6000 identities, is used. This dataset is highly challenging and popular due to the wide
variations in identities, languages, and extensive vocabulary. For testing, the official test split from the
VoxCeleb2 dataset is used. Note that there are no overlaps between the identities used in the training
and the testing set; thus, evaluating it demonstrates the generalization ability of the model on completely

unseen identities.

6.1.5.1.2 Training Setup The network is trained by randomly sampling a 1-second audio segment
at 16kHz and its corresponding video frames from the VoxCeleb2 train set. The linear spectrograms
extracted from the audio waveform correspond to 7' = 100 timesteps for a 1-second segment. The
corresponding frames are considered at 25 FPS and are resized to 96 x 96 before being fed to the visual
encoder. All experiments are performed at scale factors of 4x, 8x, and 16x with the fixed output
resolution of 16kHz. The network is trained using the Adam Optimizer [130] with a learning rate of
1073 and a batch size of 32, stopping the training when the validation loss plateaus. In the experiments,

the model was trained for 50 epochs.

6.1.5.2 Results

The results of the audio-visual speech super-resolution for scale factors of 4x, 8%, and 16x are
now presented. The various existing approaches used for comparison are first discussed. This is then
followed by the quantitative evaluation (Section 6.1.5.3) along with details of the different metrics used.
Finally, a human evaluation (Section 6.1.5.4) is conducted to highlight the real-world applicability of
the approach.

6.1.5.2.1 Comparison Comparisons are started with standard "linearly interpolated” outputs. Next,
since the existing works in the speech SR literature are limited to lower scale factors, they are trained
on the same dataset as the model at all the scale factors for a fair comparison. Additionally, the net-
work’s audio-only (AO) baseline is trained by discarding the visual stream input. Thus, comparisons
are made against the following models: (i) Linear interpolation, (ii) DNN [165], (iii) U-Net [166], (iv)
TFILM [167], (v) NU-Wav [168], and (vi) AO baseline.

6.1.5.3 Quantitative Evaluation

Qualitative results from the Audio-Visual Speech Super-resolution model proposed in this chapter
are presented as a video linked in Figure 6.3, providing a dynamic and illustrative demonstration of the

research findings. However, it should be noted that opening the document in Adobe Acrobat Reader
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Audio-Visual Speech Super-Resolution
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Figure 6.3 A video is presented in this link: https://youtu.be/bc0ZsTmhLMO0. This video con-
tains qualitative results and comparisons from the Audio-Visual Speech Super-resolution model pro-
posed in this chapter. This image is presented as the thumbnail for this video.

is essential to access this feature, as other PDF viewers may not support the interactive multimedia

functionality.

6.1.5.3.1 Evaluation Metrics Popular speech metrics are used to measure the quality of speech gen-
eration, as done in the previous chapters. The Perceptual Evaluation of Speech Quality (PESQ) [133],
which estimates the perceptual quality of the generated speech, is reported. To evaluate the intelligibil-
ity of speech, the Short-Time Objective Intelligibility (STOI) [131] and Extended Short-Time Objective
Intelligibility (ESTOI) [132] are computed. Finally, as done in most of the speech SR works [166-168],
the Log-spectral Distance (LSD) [170] metric is also reported. It should be noted that these metrics have
also been used in the previous three chapters.

Table 6.4 shows the results at scale-factors of 4x, 8x and 16x. It can be observed that at smaller
scale factors like 4 x, the performance of all the approaches is very similar; the boost obtained using the
visual stream is insignificant. However, as the scale factor increases, all the audio-only methods struggle
to recover plausible speech outputs. At higher scale factors of 8 x and 16 x, the proposed method outper-
forms the other methods by a large margin, especially in perceptual quality. It is interesting to note that
the proposed pseudo-visual model not only surpasses all the current techniques but is also very close to
the proposed approach that uses the real-visual stream. This validates the precise lip shape generations
of the proposed pseudo-visual network. Sample spectrograms shown in Figure 6.4 (a) depict that the
proposed model successfully reconstructs the high-frequency elements even from very low-resolution

inputs.
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Table 6.4 Quantitative comparison of different approaches at scale-factors of 4x, 8x and 16x. The
proposed method outperforms the existing audio-only approaches by a large margin, illustrating the

benefits from the visual stream.

Scale Method | Linear DNN U-Net TFiLM NU-Wav AO Ours Ours
factor [165] [166] [167] [168]  baseline | (pseudo)
PESQT | 3.289 3.304 3.318 3.342 3.397 3.363 3416  3.429
STOIT | 0.871 0.888 0.904 0.889 0.892 0.912 0916 0.917
4x | ESTOIT| 0.739 0.819 0.825 0.837 0.855 0.843 0.861  0.869

LSD| | 6.112 6.012 6.004 5.803 5.801 5.799 5.686 5.694

PESQT | 2.330 2243 2268 2275 2.219 2.399 2401 2.814
STOIT | 0.756 0.749 0.765 0.771 0.774 0.804 0.818  0.832
8x | ESTOIT | 0.590 0.638 0.667 0.681 0.663 0.705 0.721  0.755
LSD| | 10.79 7.681 7.325 6.830  9.541 6.220 6.014  5.069

PESQT | 1.842 1.639 1.651 1.654 1.526 1.925 2.188  2.237
STOIT | 0.550 0.653 0.671 0.684  0.598 0.702 0.726  0.762
16x | ESTOIf | 0.327 0.432 0.480 0.551 0.482 0.593 0.614  0.651
LSD] |11.405 9.306 8993 8.082  9.780 7.841 6.601  5.500

In addition to the qualitative evaluation of the VoxCeleb2 dataset [31], the model is further assessed
on the official LRS2 dataset [28] test set. Note that the model is not fine-tuned on the LRS2 [28]
dataset; thus, evaluating it demonstrates the generalization ability of the model on new datasets (with

significantly different pre-processing and image resolutions used during data collection).

Table 6.5 Quantitative comparison of different approaches at scale factors of 8 x and 16x on LRS2 [28]
dataset.

Scale factor 8% 16
Method PESQtT STOIt ESTOIt LSDJ ||PESQf STOIft ESTOIf LSDJ|
Linear 2201 0.753 0.558 10.771| 2.017 0.570 0.318 11.612

TFILM [167] 2.191 0768 0.675 7.103 || 2.042 0.679 0491 8.623
NU-Way [168] | 2.250 0.761 0.651 7.946 || 2.005 0.628 0.524 8.711
AQ baseline 1914 0.802 0.692 6.242 || 1.706 0.701  0.525  8.007
Ours (pseudo) | 2.584 0.808 0.702 6.005 || 2.616 0.739 0.622  6.991
Ours 2.805 0.815 0.725 5.197 || 2.637 0.766 0.649 5.838

In line with the results on the VoxCeleb2 dataset [31], the model performs remarkably well compared
to the existing audio-only approaches, as shown in Table 6.5 on the LRS2 dataset [28]. The model
performs consistently better at both scale factors, thereby significantly improving the generated speech
quality and intelligibility. Additionally, the pseudo-visual model achieves a substantial boost compared
to all the audio-only approaches, although neither the pseudo-visual nor the speech SR models have
been fine-tuned on LRS2 data [28]. This demonstrates the robustness of the method and its ability to
generalize to different identities and datasets.

6.1.5.3.2 How does the performance vary when the scale factor increases? In Figure 6.4 (b), the
performance of different models at various scale factors (4x, 8%, 16x, 24x, and 32x) is compared.
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Figure 6.4 (a) Spectrograms of the ground-truth (GT), linearly upsampled speech, and the proposed
predicted speech. It can be observed that the proposed network can reconstruct the LR speech, which
is close to the GT speech, even at large-scale factors. (b) Performance comparison (metric: PESQ) at
different scale factors. At higher scale factors, the gap in the performance of “audio-only” and “audio-
visual” methods emphasizes the importance of the visual stream at larger scales.
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The gap between the existing audio-only approaches and the proposed model is clearly noticeable. This
difference in performance increases with the increase in scale factor. Although there is room for im-
provement at scale factors of 24x and 32x, the impact and usefulness of the visual stream at these
scales are impressive. It allows the model to recover the lost information at larger factors that would

otherwise be much harder to retrieve by solely using the audio modality.

6.1.5.3.3 Computation comparison In Table 6.6, the number of parameters and the inference time
for all the models are compared. Except for NU-Wav [168], the parameters of the audio-visual” model
are similar to those of other audio-only” models. It should be noted that although NU-Wav has fewer
parameters than the proposed model, in terms of performance, it surpasses NU-Wav by a large margin,
especially at higher scale factors. To compare the inference time, a 1-second audio segment is processed
on a single NVIDIA Geforce RTX 2080Ti GPU. As shown in the table, the audio-visual model is
faster (2" best) compared to most of the existing audio-only models. This is mainly because all the
other approaches (except the AO baseline) operate at the waveform level. In contrast, the spectrogram
approach is taken, which is considerably faster and also better in terms of performance.

Table 6.6 Comparison of the model size (in million parameters) and the inference time (in seconds). The
proposed “audio-visual” model has parameters similar to most of the “audio-only” approaches, with a
very low inference time.

DNN [165] U-Net [166] TFiLM [167] NU-Wav [168] AO baseline |Ours (pseudo) Ours

# params (M)] 69.9 70.9 68.2 3.0 8.1 90.0 69.3

inf. time (sec)| 1.113 1.268 0.971 2.921 0.638 0.929 0.873

6.1.5.4 Human Evaluation

A human study was conducted to assess the perceptual quality of the speech generations. 15 samples

were randomly selected from the test set of the VoxCeleb2 dataset [31], and the super-resolved signals
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Figure 6.5 Activation maps of the visual encoder for different identities. Although the proposed model
is highly attentive to the lip region, the contributions from other facial areas, such as eyes and cheeks,
are also noteworthy.

o4

were generated at a scale factor of 16 x. The outputs from the proposed approach and all the comparison
methods were played in random order. 30 participants were asked to rate each of these speech samples
on a scale of 1-5 based on (a) Quality and (b) Intelligibility. The participant group consisted of people
in the age group of 20-50 and had a nearly equal male-female ratio. The mean opinion scores (MOS)
are reported in Table 6.7. In line with the quantitative evaluations, the method generated speech that
was largely preferred over the other methods.

Table 6.7 Mean opinion scores of different methods based on: (i) Quality and (ii) Intelligibility. The
proposed method generates plausible speech outputs with higher perceptual satisfaction.
Measure Linear TFiLM [167] NU-Wav [168] AO baseline | Ours (pseudo) Ours
Quality 2.057 2.571 2.343 2.643 3.152 3.415
Intelligibility | 1.928 2.685 2.369 2.599 3.064 3.282

6.1.6 Ablation Studies

Several ablation experiments were performed to analyze various aspects of the model. All the exper-
iments were conducted for 16 x SR on the VoxCeleb2 test set [31].

6.1.6.1 What kind of Visual Input is the Best?

Different forms of the visual input were analyzed: (i) the lower half of the face containing the lip
and jaw region and (ii) the full face. As observed in Table 6.8, providing the full face performed better.
This is also reflected by the activation map in Figure 6.5, which shows that the facial regions like the
eyes, cheeks, and forehead also play a crucial role along with the significant attention on the lip and jaw

regions.

Table 6.8 Feeding full face to the visual encoder achieves better performance.
Method PESQtT STOIft ESTOIT LSDJ
Lower half | 2.425  0.743 0.638  5.633
Full face 2237  0.762 0.651 5.500
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6.1.6.2 Robustness to Noise

The robustness of the network in handling noisy inputs is demonstrated here. Gaussian noise was
added at three SNR levels: 5dB, 10dB, and 15dB to the LR speech input. As observed from Table 6.9,

the model can generate plausible speech outputs even for severely degraded speech inputs.

Table 6.9 The propsoed model is robust to noisy inputs and generates plausible speech outputs.

Noise level | PESQT STOIt ESTOItT LSDJ
5dB 2.035 0.702 0.586  6.253
10dB 2062 0.711 0.602  6.190
15dB 2075 0.714 0.619  6.033

6.1.6.3 Additive Mask v/s Multiplicative Mask

The performance of different types of masks used in prior works was investigated: (i) addition mask
(used in this work), (ii) multiplication mask (used in [120]), and (iii) complex ratio mask (cRM) (used
in [63]). The results are reported in Table 6.10. It was observed that although several works benefit from

the popular cRM, in this case, a simple addition mask performs better than the other kinds of masks.

Table 6.10 Addition mask achieves better performance compared to multiplication masks.
Masks PESQt STOIt ESTOIT LSDJ
Addition (Ours) | 2.237  0.762 0.651  5.500
Multiplication 2.171  0.702 0.601  6.042
cRM 2217 0.698 0.612  5.848

6.1.6.4 Importance of the Student Network

The need for a student model to synthetically generate the visual stream during inference (if the
real visual stream is absent or unreliable) was assessed. Table 6.11 compares directly using the teacher
Wav2Lip model [27], Wav2Lip trained on the LR inputs, and the proposed student network. The teacher
Wav2Lip was fine-tuned on the VoxCeleb2 [31] dataset for a fair comparison, and the linearly upsampled
speech signal was given as input (Wav2Lip takes speech inputs at 16kHz). As observed in Table 6.11,
directly using the teacher model fails to generate plausible speech; this is evident as this network was not
intended to work on LR inputs. The teacher model trained (from scratch) on LR inputs also gives poor
performance. The best results are obtained using the proposed student model, which learns to imitate

the accurate teacher model’s output, thus validating the claim of the student-teacher setup.

6.1.6.5 Model’s Variation to Identity Attributes

The behavior of the speech SR model on identity attributes such as gender and age (from the test

set of VoxCeleb2 data [31]) was analyzed, as shown in Table 6.12. For gender classification, a gen-
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Table 6.11 The student network yields the best performance compared to other alternatives.
Pseudo-visual models | PESQt STOIT ESTOIT LSDJ
Teacher Wav2Lip [27] 1.012  0.637 0.553  8.628
Wav2Lip trainedon LR | 1.684  0.690 0.581  7.647
Student network (Ours) | 2.237 0.762 0.651 5.500

der detection tool [151] was used, which automatically categorizes the identities into male and female
categories. To identify the age of the speakers, the public implementation from? was used. As seen in
Table 6.12, the speech SR network is consistent across the different age groups, but scores vary slightly

across the gender of the identities.

Table 6.12 Effect of the identity attributes such as gender and age on model’s performance.
Attribute Class PESQ?T STOIT ESTOI1T LSDJ
Female 2.562  0.740 0.687  5.515
Male 2520 0.784 0.636  5.504
<25 2213 0.776 0.665  5.652
Age 25—-50 2287 0.751 0.650  5.727
> 50 2271 0773 0.638  5.452

Gender

6.1.6.6 Comparison of Pseudo-Lip Identities

The performance of the pseudo-visual model was compared when different static identities were
used for the generation of lip movements. Table 6.13 shows the results on the test set of VoxCeleb2

data [31]. As seen in the table, the model’s performance does not vary across the pseudo-lip identities.

Table 6.13 The proposed pseudo-visual model is invariant to pseudo-lip identities.
Identities PESQt STOIT ESTOIf LSDJ
Taylor Swift 2237  0.762 0.651  5.500
Paul McCartney | 2.218  0.763 0.643  5.618
Barack Obama 2239  0.758 0.645  5.498

6.1.7 Summary of the audio-visual super-resolution

This work presents the first audio-visual network for super-resolving speech signals, demonstrating
that lip-to-speech synthesis aided by degraded speech is effective. In fact, it is proven that the method
can now tolerate significant degradation. While previous works were restricted to 4x SR, the pro-
posed method effectively super-resolves at higher factors of 8x and 16x by incorporating it into the

lip-to-speech pipeline. The importance of the visual stream is emphasized, particularly in handling very

https://github.com/yudu/age—estimation-pytorch
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low-resolution inputs and significantly improving the generated speech quality. The real-world appli-
cability of the method is shown in handling in-the-wild” speech signals without an associated visual
stream. The designed pseudo-visual model accurately synthesizes lip movements solely from the LR
speech input. The method achieves a considerable boost over state-of-the-art audio-only approaches
in quantitative metrics and user studies. This work takes a significant step forward in the audio-visual

space.

6.2 Audio-Visual Speech Denoising

Audio-visual
> [ models ] » bm"ﬂ'

Figure 6.6 Schematic representation of lip-to-speech Synthesis with integration of noisy speech Input,
depicting the process of converting visual lip movement data into synthesized speech while incorporat-
ing an additional noisy speech signal for enhanced realism and robustness.

Speech super-resolution (SR) is practically important for transmission and other related applica-
tions. However, in day-to-day life, speech denoising is likely more crucial, as illustrated by the scenario
of trying to communicate with a friend over the phone while on a crowded bus. The noise of the bus,
the wind, and the nearby moving vehicles make it nearly impossible for clear communication to occur,
underscoring a ubiquitous daily challenge: speech corruption by ambient noise. Speech enhancement
serves as an essential tool, particularly as work-related meetings increasingly take place through phone
calls from home environments. The applications of this technology extend significantly beyond voice
calls, influencing numerous aspects of contemporary life. In the entertainment industry, the capability
to isolate human speech from background music proves invaluable for generating automatic subtitles
or lyrics for films and music content. This functionality not only enhances the viewing experience
for general audiences but also significantly improves accessibility for individuals with hearing impair-
ments, thereby broadening the reach and inclusivity of multimedia content. In the world of vlogging
and content creation, which has seen a significant surge in recent years®, speech enhancement plays a
pivotal role. Independent content creators often grapple with filtering out outdoor noises prevalent in
their vlogs and short movies. Effective speech enhancement can dramatically improve the audio quality
of these videos, making them more appealing to viewers. Moreover, speech enhancement finds criti-
cal applications in large public gatherings, such as conferences or sports events, where ensuring clear

speech amidst the cacophony of background sounds is crucial. Improved sound systems, equipped with

*https://www.omnicoreagency.com/youtube—-statistics/
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advanced speech enhancement technologies, can significantly enhance the auditory experience for at-
tendees, ensuring that speeches and announcements are heard clearly. Preserving historically important
speeches is another vital application. By enhancing the audio quality of these recordings, cultural and
historical heritage can be safeguarded for future generations, making these valuable resources more ac-
cessible and comprehensible. Lastly, and perhaps most importantly, speech enhancement is essential
for everyday voice calls. Enhancing noisy speech over voice calls can vastly improve communication
quality, reducing misunderstandings and frustration in an increasingly connected world. Each of these
applications demonstrates the wide-ranging impact and necessity of speech enhancement in daily life,

from personal communication to preserving historical records.

Similar to the speech SR discussed in the previous section, the concept of lip-to-speech synthesis
can be extended to address the additional challenge of denoising speech corrupted by background noise.
In this section, the focus is on audio-visual speech denoising, which is also studied in famous works
like [63,120]. Unlike traditional methods that only use audio for speech enhancement, these approaches
combine both the visual aspect of lip movements and the auditory signal. This combination is particu-
larly effective in scenarios where external noise heavily distorts the audio. By using visual cues from lip
movements, speech can be more accurately separated from the noise, leading to clearer and more un-
derstandable audio output. This method is a step forward in speech denoising, especially in real-world

situations where noise is a common problem.

6.2.1 Audio-only Speech Enhancement

The works using only the audio stream, with no additional information to denoise speech, are first
reviewed. Classical signal denoising techniques like Wiener filtering [171] became the first popular
approach for speech enhancement. However, it was often found to be ineffective in denoising speech
in real-world situations, as the Wiener filter requires an estimate of the noise a priori. Like many other
problems, deep learning models have recently become increasingly popular for speech enhancement.
Initial works [172] used standard denoising auto-encoders and LSTM-based approaches [173,174] for
cleaning noisy speech. Feature-based loss functions were also proposed in [175], while the most popular
advancement came from models like [176—178] using generative adversarial networks (GANSs), which

produce relatively higher quality speech from noisy audio segments.

Even though significant progress has been made in the last few years, speech enhancement models
are still confined to being trained on datasets [174, 179-181] that have been collected in constrained
environments recorded by a selected set of speakers. The types of noises [182,183] that are synthetically
added to the clean speech while training such models are also limited to a few types. Thus, these models
often fail to perform satisfactorily in natural, unconstrained settings. They fail to cope with hundreds of
speakers of different dialects and languages, and the level and type of noise vary abruptly in a speech
segment. In this work, a method is proposed to generate high-quality clean speech from a given noisy

audio and lip movements in such unconstrained conditions.
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Figure 6.7 The enhancement model ingests the noisy spectrogram along with the lip movements and
outputs a mask for clean speech.

6.2.2 Formally formulating the problem

The setup for speech super-resolution is modified to handle noisy speech. A sequence of lip move-

ments [ = (I, I, ..., Iy) and a corresponding noisy speech segment S"%%Y = (S{”Oisy, S;Oisy, e Sn,Oisy)
are taken to generate a high-resolution speech segment S = (51, So, ..., S7v). The generated speech S

should correspond to the lip movements I and be an enhanced version of S™**¥. It should be noted that
in this work, unlike previous chapters where melspectrograms were used, linear spectrograms are uti-
lized to represent speech. The high-resolution linear spectrogram is denoted as Y = (Y1, Ys, ..., Yp).
The linear spectrogram from the noisy speech is used as another input to the network in addition to the
lip movements. It is denoted by Y0/ = (Y,**'Y Y'Y | Yo"y,

6.2.3 Architecture

The overview of the proposed audio-visual speech denoising network is depicted in Figure 6.7.

6.2.3.1 Audio representation

0.2 seconds of noisy speech, S™%¥, is considered as the input. However, instead of representing
the audio at the mel-scale spectrograms, the linear spectrogram representation is adopted by using a
short-time Fourier transform (STFT). Generating linear spectrograms allows for direct inversion back
to a waveform without needing vocoders. To compute the STFT, a window length of 25ms with a hop
length of 10ms samples at 16kHz is considered. The computed STFT from the raw audio waveforms is
a complex array of time-frequency representation with a dimension of 7' x F'. Here, T is the number
of STFT time steps, which corresponds to 20 in the experiments (0.2 second audio segment), and F’
is the frequency which corresponds to 257. The complex STFT array is further decomposed into the
magnitude and the phase components, which act as input to the magnitude and phase sub-networks,

respectively. All STFT representations are normalized between [0, 1].
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6.2.3.2 Visual representation

In this approach, continuous real-face crops from videos are directly used to represent visual infor-
mation. A corresponding sequence of face crops is extracted for every 0.2 second of the audio window,
aligning with the audio segments. This results in a sequence of 5 face crops that correspond to the lip
movements for the given STFT input segment. Each face crop is then passed through a visual encoder,
which comprises 12 layers of residual 2D-convolution blocks, to obtain a visual embedding for each
frame. Since all input videos are recorded at 25 FPS, 5 frames are effectively aligned with each 0.2

second audio window, providing synchronized visual information for the speech denoising task.

6.2.3.3 Network architecture

The speech enhancement model consists of the magnitude and the phase sub-networks as illustrated
in Figure 6.7. Inspired by [120], a phase sub-network is incorporated to avoid the “robotic voice” in the

generated speech. These sub-networks are described below.

6.2.3.3.1 Magnitude sub-network The input noisy magnitude spectrogram is processed by the
magnitude sub-network, which is a stack of 7 1D-convolution blocks with residual connections. Con-
volutions are performed along the temporal dimension by considering the frequency component of the
input spectrograms as channels. The output of the visual encoder module is 4x up-sampled using
nearest-neighbor interpolation to match the spectrogram temporal dimension. The audio and the visual
streams are then combined by concatenating the learned features of each stream along the channel di-
mension. This fused representation is then given to the magnitude decoder, a stack of 14 1D convolution
layers with residual connections. The decoder outputs a mask that is added to the input noisy magni-
tude, followed by a sigmoid activation to generate the enhanced magnitude output between [0, 1]. The

L1 distance between the predicted magnitude spectrogram and the ground truth is minimized.

6.2.3.3.2 Phase sub-network The phase sub-network is conditioned on the enhanced magnitude,
the embedded lip movements, as well as the input noisy phase spectrogram. The phase sub-network is
similar to the decoder of the magnitude sub-network, and the resultant mask is added to the noisy input
phase, followed by a sigmoid activation to produce the clean phase.

Thus, the output from the magnitude sub-network, the learned lip features from the visual encoder,
and the input noisy phase representations are concatenated. This fused representation is processed by
the phase decoder, which consists of a stack of 14 1D convolution layers. Similar to the magnitude
sub-network, a mask is predicted to be added to the input noisy phase, followed by a sigmoid activation
to produce the clean phase.

The cosine similarity between the predicted phase and the ground truth is maximized. The final loss
function is similar to the one used in [120]. Finally, the predicted magnitude and phase spectrograms are

combined, and the enhanced clean waveform is obtained using inverse-STFT (ISTFT). A later ablation
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study shows that using cosine similarity instead of L1 reconstruction loss for phase produces significant

improvements in metrics and quality.

6.2.4 Experiments and Results
6.2.5 Dataset

The publicly available LRS3 dataset [29] is used, which consists of thousands of spoken sentences
from TED videos. For training, the “pre-train” and “train-val” sets from the dataset are used, which has
around 430 hours of video data with 150K utterances. This is a challenging dataset that covers a large

number of speakers (9K), thus encouraging the trained model to be speaker-independent.

6.2.5.1 Experimental setup

For evaluating in unconstrained settings, the following three synthetic test sets are created, each hav-
ing three noise levels of 0db, 5db and 10db: (i) Test split of LRS3 [29] + Noise from VGGSound [184],
(i1) Test split of LRS3 [29] + Noise from QUT-NOISE-TIMIT [179] (unseen noise), (iii) Test split of
LRS2 [28] + Noise from VGGSound [184] (unseen speakers).

6.2.5.2 Evaluation

The following standard speech enhancement evaluation metrics (higher is better) are used to eval-
uate the proposed method. Perceptual Evaluation of Speech Quality (PESQ) [133] (—0.5 to 4.5) is
computed to measure the overall perceptual quality, and the short-time objective intelligibility measure
(STOI) [131] (0 to 1) is computed to correlate with the intelligibility of speech. Objective measures
such as the mean opinion score (MOS) prediction of the signal distortion (CSIG) (1 to 5), the MOS
prediction of background noise (CBAK) (1 to 5), and the overall MOS prediction score (COVL) (1 to

5) are also used.

6.2.5.3 Results

Exhaustive qualitative and quantitative evaluations of the proposed approach under different noise
conditions are performed, and the results are compared with existing methods. The speech enhancement
network is evaluated for constrained noise conditions on the test split of the TIMIT [181] dataset along
with noises from the QUT-NOISE-TIMIT [179] corpus. For evaluation in unconstrained real-world
conditions, two synthetic test sets are created by mixing the samples from VGGSound [184] data with
the clean speech in the test splits of LRS3 [29] and LRS2 [28] datasets. Standard speech evaluation
metrics are used, namely, the perceptual evaluation of speech quality (PESQ), the mean opinion score
(MOS) prediction of the signal distortion (CSIG), the MOS prediction of background noise (CBAK),
the overall MOS prediction score (COVL), and the short-time objective intelligibility measure (STOI).
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Finally, human evaluations are also performed on a newly curated real-world test bed, and the MOS is

reported to analyze the effectiveness of the proposed method.

Table 6.14 Quantitative comparison of different approaches. The first section contains clean speech
from LRS3 [29] test set mixed with VGGSound [184] noises at different SNR levels. In the second
section, the performance on “unseen noises” is specifically evaluated by mixing the LRS3 [29] test set
audios with the QUT [184] city-street noises at different noise levels. Finally, in the third section, eval-
uation is specifically conducted on “unseen speakers” by mixing the speeches of the unseen LRS2 [28]
test set speakers with VGGSound [184] noises. The proposed method outperforms the audio-only ap-
proaches in all three sections and is comparable (< 3% difference) to the real visual-stream method.
SNR 0db 5db 10db

Method || Noisy [176] [175]| AO | AV || Noisy [176] [175]| AO | AV || Noisy [176] [175]| AO | AV
PESQ 1.93 1.84 2.17 |2.62|2.80| 2.29 224 252 (293(3.05| 2.66 2.65 295 |3.12|3.25
CSIG 231 210 2.82|3.02|3.25(| 2.79 2.67 322 |3.26(3.39( 3.15 3.17 3.36 [3.45|3.56
CBAK 1.83 1.87 230 |2.36|2.51| 2.23 230 246 |2.54|2.71| 2.40 255 2.63 (2.70(2.84
COVL 1.68 1.53 2.02 |2.14]2.29| 2.04 2.00 2.21 (229|241| 2.16 2.26 2.31 |2.46|2.58
STOI 0.76 0.75 0.83 10.87{0.90( 0.85 0.86 0.88 [0.90/0.94|| 0.88 0.88 0.90 |0.92|0.95

PESQ 1.86 1.77 2.14 |2.54(2.73|] 226 2.14 2.54|2.83|3.01|] 2.67 2.61 290 |3.05|3.21
CSIG 246 237 2.78 293|3.10( 290 286 3.18 |3.15|3.33| 3.30 3.30 3.38 |3.35|3.48
CBAK || 1.55 1.89 2.10 |2.31|2.46( 194 223 230 |249|2.63| 242 253 259 (2.62|2.77
COVL 1.69 1.68 1.95|2.04|2.20( 2.02 199 2.06 2.20(2.34| 2.14 220 2.30 |2.35|2.45
STOI 0.75 0.77 0.80 |0.84|0.89| 0.85 0.86 0.87 |0.89/0.93| 0.87 090 0.91 |0.91|0.95

PESQ 194 182 2.10|2.58|2.79| 2.32 1.87 255 |2.87|3.04( 2.69 241 279 |3.10(3.22
CSIG 2.55 229 280 (3.07(3.23| 3.01 285 3.16 |3.21|3.38| 3.23 3.13 3.33 |3.36|3.49
CBAK || 1.86 1.82 2.22 |2.31|2.47| 228 2.12 242 |248|2.63| 2.58 259 2.57 |2.63|2.73
COVL 1.81 159 1.93 |2.07(2.20| 2.16 2.03 2.14 |2.17|2.31| 220 2.11 2.23 |2.27|2.39
STOI 075 0.73 0.80 |0.84|0.89| 0.84 0.83 0.85 |0.88/0.90| 0.85 0.86 0.89 |0.89|0.93

This section evaluates the performance of audio-visual speech enhancement methods, focusing on
the effectiveness of using real visual information alongside audio for speech denoising. Synthetic test
sets, as described in Section 6.2.5.1, are used for evaluation, with comparisons made to state-of-the-art

audio-visual methods.

6.2.5.3.1 Robustness to Various Noise Levels The results of testing on the LRS3 test set mixed
with VGGSound data at different noise levels are summarized in the first section of Table 6.14. These
results demonstrate the effectiveness of audio-visual methods in speech enhancement, particularly in
challenging noise conditions. The audio-visual method consistently performs well across various noise

levels, indicating the value of incorporating visual information in speech-denoising processes.

6.2.5.3.2 Robustness to Unseen Noises To assess the generalization capabilities of the audio-visual
approach, results with unseen noise types from the QUT (city-street noise) dataset [179] are presented
in the second section of Table 6.14. The performance of the audio-visual method remains robust even

in the presence of unfamiliar noise types, highlighting its adaptability to diverse real-world scenarios.
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6.2.5.3.3 Robustness to Unseen Speakers An additional comparative study is conducted on unseen
speakers from the LRS2 test set, as shown in the third section of Table 6.14. The audio-visual method
exhibits remarkable consistency in performance, indicating its robustness to variations in speaker char-

acteristics.

6.2.6 Summary of Audio-Visual Speech Denoising

In summary, the effectiveness of lip-to-speech synthesis, aided by noisy audio, was assessed through
a series of rigorous tests. Synthetic datasets were used to compare these methods with leading audio-
visual solutions, highlighting their proficiency in handling diverse, challenging noise environments. A
key finding from the tests conducted on the LRS3 dataset, combined with VGGSound noises [184], is
the remarkable performance of lip-to-speech methods across a spectrum of noise levels, including 0dB,
which is typically considered a high noise level. This robustness is further emphasized in scenarios
involving unfamiliar noise types, such as city-street noises from the QUT dataset. The lip-to-speech
approach maintains its effectiveness, illustrating its versatility and adaptability to various real-world
settings.

Moreover, the study extends to evaluate the performance of speakers not represented in the train-
ing data, using the LRS2 test set for this purpose. The results consistently indicate a high level of
performance, reinforcing the lip-to-speech method’s ability to handle variations in speaker attributes
effectively. This evaluation highlights lip-to-speech enhancement methods as highly effective tools,
showcasing their superior performance and adaptability across different noise conditions and speaker
variations. This robustness positions them as valuable assets for practical speech enhancement applica-
tions in real-world scenarios, demonstrating that high noise levels can be managed effectively.
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Chapter 7

Conclusion

The primary objective of this thesis is to advance the field of lip-to-speech synthesis by generating
speech from silent lip movements. This task addressed the significant challenge of the one-to-many
relationship between lip movements and spoken language, a complex problem in speech processing re-
search. Initial studies in this domain were largely constrained, focusing on speaker-specific models that
limited broader applicability. This thesis aimed to overcome these limitations, with a focus on devel-
oping more versatile and generalizable methods for lip-to-speech synthesis. The goal was to extend the
utility of these systems beyond controlled environments and specific speakers, thereby enhancing their
practicality for real-world applications. The research presented herein has systematically addressed the
challenges of constrained settings and speaker dependency, contributing to the development of more
adaptable lip-to-speech synthesis technologies. In this thesis, a comprehensive survey of the field was
conducted to provide context for the research on lip-to-speech synthesis. The survey, presented in the
introduction, aimed to give an overview of progress in related areas. Following this, background infor-
mation was provided on lip-to-text, text-to-speech, and lip-to-speech technologies. Relevant works in
each of these fields were discussed to offer a clear understanding of current advancements. This survey
helped in identifying research gaps and potential areas for contribution. The goal was to present a thor-
ough yet accessible overview of the field, acknowledging the work of other researchers and highlighting
the interconnected nature of these research areas. This examination was instrumental in shaping the
research questions and approaches adopted in this thesis.

The first contribution of this thesis was the extension of lip-to-speech synthesis from the constrained
single-speaker approaches prevalent during 2017 — 18 to an unconstrained single-speaker framework.
To facilitate this advancement, a dedicated dataset was meticulously collected and tailored specifically
for this purpose. This dataset, characterized by its diversity and comprehensiveness, was instrumental
in developing and refining our novel approach, named Lip2Wav. Lip2Wav, a sequence-to-sequence
model, represents a significant improvement in the field of lip-to-speech synthesis. This approach was
rigorously tested and demonstrated state-of-the-art results in both constrained and unconstrained single-
speaker lip-to-speech synthesis scenarios. The Lip2Wav model demonstrated that it is possible to learn
the correlation between lip movements and speech given sufficient speaker-specific data. This approach

showed improvements in lip-to-speech synthesis, addressing some of the task’s inherent complexities.
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The model’s performance on natural, unscripted speech provided insights into handling the nuances and
variations present in real-world scenarios. These findings contributed to the ongoing research in the

field of lip-to-speech synthesis.

The second contribution aimed to extend lip-to-speech synthesis into the realm of unconstrained
multi-speaker settings introduced a set of formidable challenges, distinctively more complex than those
encountered in single-speaker scenarios. Multi-speaker text-to-speech (TTS) synthesis itself stands as a
significantly challenging domain, where a single model is tasked with generating speech in the voices
of multiple speakers. This complexity is magnified manifold when the task shifts to generating speech
solely from lip movements across different speakers. In this multi-speaker context, the model must not
only accurately interpret the lip movements corresponding to speech but also capture the unique vocal
characteristics of each speaker. This includes varying pitch, tone, accent, and speaking style, which
differ substantially from one individual to another. Additionally, in an unconstrained multi-speaker lip-
to-speech setting, the model encounters a diverse range of speaking conditions, facial expressions, and
backgrounds, all of which add layers of complexity to the speech synthesis process. The challenge
here is twofold: first, to develop an algorithm capable of robustly deciphering speech from the silent
lip movements of multiple speakers, and second, to ensure that this speech retains the naturalness and
individuality of each speaker’s voice. Addressing these challenges requires a deep understanding of
speech processing and computer vision and innovative approaches in machine learning to handle the

variability and complexity inherent in multi-speaker lip-to-speech synthesis.

In addressing the challenge of homophones in multi-speaker lip-to-speech synthesis, a significant fo-
cus of this thesis was placed. Homophones are recognized as presenting a unique challenge in this field,
as different words with the same lip movements can lead to ambiguous interpretations. An innovative
approach based on Variational Autoencoder (VAE) and Generative Adversarial Network (GAN) was
introduced to tackle this issue. In this framework, lip movements are first mapped to a distribution of
potential homophones. This mapping allows for the creation of a diverse set of potential speech outputs
corresponding to a given set of lip movements. The key to this approach is the use of KL divergence
loss to effectively tie the lip movement distribution to a corresponding speech distribution. During the
training phase, sampling is predominantly done from the speech distribution, a strategy akin to teacher
forcing, to enhance the model’s ability to generate accurate speech. In contrast, at testing time, the
model relies solely on the lip movement distribution for speech generation. Through this method, not
only is the homophone challenge addressed, but it is also ensured that the synthesized speech maintains
the natural characteristics of the speaker’s voice. The VAE-GAN approach is thus considered to repre-
sent an advancement in multi-speaker lip-to-speech synthesis, offering a solution to one of the intricate
challenges in the field.

Despite the progress made with the VAE-GAN approach in addressing the challenge of homophones,
our research revealed that this alone was insufficient for optimal content representation in lip-to-speech
synthesis. The intricacies involved in accurately capturing and translating the content from lip move-

ments were further compounded by the vast variations in speech attributes and lip dynamics across
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different speakers. These variations posed a significant challenge, making ensuring that the synthesized
speech accurately reflected the intended content increasingly difficult. Recognizing this, it became ap-
parent that a more effective method was needed to distill content information from lip movements. The
goal was to develop a solution that could more robustly handle the diverse range of lip articulations and

speech characteristics inherent in multi-speaker scenarios.

Alongside the contributions in lip-to-speech synthesis, significant advancements were being made in
the development of lip-to-text networks by the wider research community. These networks have demon-
strated increased accuracy, making them practical for various applications. Recognizing the potential
of these developments, the decision was made to integrate lip-to-text capabilities into this research to
enhance content distillation in lip-to-speech synthesis. This integration led to the formulation of a vi-
sual text-to-speech (VTTS) model. The model begins with a lip-to-text (L2T) network that translates lip
movements into textual content. The synthesized text, alongside the original lip movements, then serves
as dual input for the VTTS module. This approach ensures that the final speech output is conditioned on
the textual interpretation of the lip movements and the visual cues. This dual-input system, leveraging
both phonemic context from text and articulation guidance from lip movements, aims to produce a more
accurate and naturally sounding speech output, especially in multi-speaker scenarios. It is crucial to
note that during inference, the only requirement is the lip movement input. The integrated L2T network
first converts these movements into text, which is then utilized by the VTTS module along with the lip
movements to generate the final speech output. This process ensures that the system can effectively
function in real-world scenarios where only visual cues are available. While this system represents an
important advancement in multi-speaker lip-to-speech synthesis, it is part of a broader, dynamic field.
It highlights the potential of multimodal integration in speech synthesis and reflects the collaborative
nature of scientific progress. This work is viewed as a step in the ongoing journey of speech synthesis

research, with the hope that it will pave the way for further innovations in the field.

A significant extension of our research in lip-to-speech synthesis involved incorporating an addi-
tional dimension: the integration of noisy or low-quality speech as input alongside lip movements.
This advancement aligns with the broader community’s efforts in audio-visual speech enhancement but
is uniquely positioned in our research framework. By integrating auditory cues, even if noisy or of
low quality, with the visual modality of lip movements, we aimed to create a more robust and versa-
tile speech synthesis system. This approach is grounded in the understanding that lip movements and
speech, though closely related, can provide complementary information. In scenarios where the audio
quality is highly compromised, be it due to background noise, poor recording equipment, or other dis-
tortive factors—the visual component of lip movements becomes crucial. It can provide the missing
or obscured linguistic details that noisy audio fails to convey. Conversely, even low-quality audio can
offer valuable context, such as voice tone, pitch, and rhythm, which are not discernible from visual
information alone. In essence, this extension of lip-to-speech synthesis to include noisy audio input is
a strategic enhancement of the system’s capabilities. It allows the model to leverage the strengths of

both audio and visual inputs, resulting in a more accurate and natural speech output under a wider range
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of conditions. This method does not merely treat the visual and auditory inputs as separate entities
but rather synergizes them, enhancing the overall efficacy of the speech synthesis process. Within the
ambit of audio-visual speech enhancement, this research focused on two areas: speech super-resolution
and speech denoising. In both cases, highly degraded audio was provided as an additional condition in a
lip-to-speech setup. Speech super-resolution involved increasing the sampling rate of low-resolution au-
dio, enhancing clarity and detail while maintaining synchronization with visual lip movements. Speech
denoising concentrated on extracting clear speech from noisy audio by integrating visual information
from lip movements with the degraded audio input, effectively filtering out background noise. A simple
yet robust encoder-decoder setup with dual encoders for lip movements and low-quality audio inputs
was utilized for both tasks. The fused encoded representations were processed by a decoder to gen-
erate high-quality speech output. This approach demonstrated significant improvements over existing
audio-only methods in terms of quality and clarity. These models highlight the potential of combining
audio-visual technologies to improve speech synthesis and enhancement, advancing our understanding

and application of multimodal approaches in challenging speech processing scenarios.

7.1 Limitations and future research directions

In this section, the limitations of the current research are presented, and potential avenues for future
research are proposed. These insights are presented with the understanding that there is significant room

for improvement and exploration in the field of lip-to-speech synthesis.

7.1.1 Frontal faces dependency

The current models have shown proficiency with frontal face orientations; however, their perfor-
mance is observed to decline with non-frontal or angled views, which limits their real-world applica-
bility. To enhance versatility, algorithms with improved robustness to face orientation could be devel-
oped. One of the first works in lip-to-speech synthesis utilized multiple views of the face to predict
speech [46]. This approach could be further explored and expanded upon. Today, there are numerous
novel view generator networks using techniques such as Neural Radiance Fields (NeRFs) [185] and
advanced 3D modeling [186], which could be leveraged to synthesize a variety of novel views. While
this approach was initially limited by the difficulty in collecting multi-view data, modern synthetic data
generation techniques could potentially overcome this challenge. The integration of these sophisticated
computer vision algorithms for interpreting facial movements from various angles might be a promising

direction for future research, potentially leading to more versatile and robust lip-to-speech systems.

7.1.2 Language specificity

The methods presented in this research have primarily been validated in English, which raises ques-

tions about their performance with other languages. It is acknowledged that multi-lingual lip reading
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itself has not been extensively attempted to date. While multi-lingual lip-to-speech might be more
achievable due to the reduced need for annotations, challenges remain. Datasets such as AVSpeech [63]
and VoxCeleb?2 [31], which include multiple languages, could potentially be utilized for training. Addi-
tionally, a version of LRS3 [187] with 13 languages exists, though it has not been made public. Training
on these diverse datasets could help expand the linguistic scope of these models. However, it is recog-
nized that a language classifier might be necessary to select the appropriate language during inference.
A similar classifier has already been proposed by Afouras et al. in [188]. Future research could focus
on creating diverse linguistic datasets and developing models that are attuned to the nuances of different

languages and dialects.

7.1.3 Model Size and Efficiency

The substantial size of our multi-speaker lip-to-speech model proposed in Chapter 5, which is one
of the most practically usable models in terms of quality, is acknowledged as a significant challenge for
deployment in resource-constrained environments. This model has over 100 million parameters, making
it impractically large for deployment on edge devices where many potential use cases of lip-to-speech
could flourish. Therefore, the need for lightweight models is evident. Advanced model compression
techniques could be researched, and more efficient neural network architectures could be explored to
develop lightweight models suitable for edge computing scenarios.

Easy extensions to address this issue include replacing the transformer layers with more efficient
alternatives, such as Performer layers [189], which are much more efficient transformers. Addition-
ally, advanced model compression techniques could be researched, and more efficient neural network

architectures could be explored to develop lightweight models suitable for edge computing scenarios.

7.1.4 Inherent Challenges in Lip Reading

Despite the advancements made, it is recognized that certain limitations in lip reading persist, par-
ticularly in lip-to-text conversion for diverse speakers and unconstrained environments. An area that
remains largely unexplored is single-speaker lip-to-text systems, which could potentially offer signifi-
cant improvements in accuracy and personalization. While it is acknowledged that collecting extensive
data (such as 20 hours per speaker) is not practically scalable, even a modest amount of speaker-specific
data could provide key insights into individual speaking styles. These insights could inherently improve
the performance of lip-reading systems for that particular speaker. This approach of personalization
could have a significant impact, especially in medical use cases where data is often scarce, but the need
for accurate, patient-specific models is high. For instance, a personalized lip-to-text system could be
invaluable in scenarios involving patients with speech impairments or those undergoing speech therapy.
Such a system, trained on a limited but focused dataset of the patient’s lip movements, could potentially
offer more accurate and reliable results compared to generic models. Future research in this direction
might explore efficient ways to adapt general lip-reading models to individual speakers with minimal

additional data. Techniques such as transfer learning, few-shot learning, or continual learning could be
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investigated to enable quick and effective personalization of lip-reading systems. By addressing these
aspects, future advancements in lip-reading technology could not only improve overall accuracy but
also open up new possibilities for highly specialized and personalized applications, particularly in fields
where such customization can make a substantial difference in an individual’s quality of life or treatment

outcomes.

7.1.5 Voice Attributes Optimization

It is acknowledged that there remains potential for enhancing the accuracy of capturing diverse voice
attributes. Future research efforts could be directed toward a deeper understanding of human voice qual-
ities through advanced acoustic modeling and speech prosody analysis. The integration of emotional
expression into speech synthesis to produce more natural and emotionally resonant outputs might also
be explored. Recent advancements in text-to-speech (TTS) technology have led to the emergence of
several noteworthy services and models. Coqui TTS [190], an open-source TTS system, has gained
attention for its high-quality voice synthesis and customization options. ElevenLabs [191] has made
significant strides in producing natural-sounding voices with emotional nuances. Other services like
Resemble AI [192] have also shown promise in creating highly realistic and emotionally expressive
synthetic voices. Furthermore, the application of diffusion models in speech synthesis, as demonstrated
by recent works such as Grad-TTS [193], has opened new avenues for generating high-fidelity speech.
These models have shown potential in capturing fine-grained details of voice characteristics and produc-
ing more natural-sounding speech. The rapid progress in these areas suggests that future lip-to-speech
systems could potentially leverage these advanced TTS technologies to improve the quality, natural-
ness, and emotional expressiveness of the generated speech. Integration of these state-of-the-art TTS
models with lip-reading systems could lead to more sophisticated and versatile lip-to-speech synthesis

capabilities.

7.1.6 Ethical concerns

The ethical implications of lip-to-speech and related technologies are recognized as demanding care-
ful consideration. Primary concerns include the risks of unauthorized surveillance and the creation of
deceptive deepfake content, which are acknowledged as significant ethical challenges. It is understood
that these technologies have the potential to infringe on individual privacy rights and, at a broader level,
could undermine public trust in digital media and communications. Addressing these ethical issues
is deemed crucial to ensure that the advancements in this field are used responsibly and do not con-
tribute to the erosion of privacy or the spread of misinformation. Future research efforts might focus on
developing robust safeguards and ethical guidelines for the use and deployment of these technologies.

In conclusion, the field of lip-to-speech synthesis has been extensively explored in this thesis, reveal-
ing both its complexities and potential. The comprehensive survey and in-depth analysis provided aim

to serve as a valuable resource for future research and development in this area. As the field progresses,
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it is recognized that foundational techniques that learn fundamental patterns in data are becoming in-
creasingly crucial. These techniques are sought to identify patterns that are common across diverse
populations, transcending differences in language, ethnicity, and accents. The contributions made in
this thesis are intended to align with this approach, striving to uncover these universal patterns in lip
movements and speech. The rapid advancement of the field is acknowledged, with the potential for
other facial aspects, such as emotions, to be inherently learned and incorporated into future models. It
is anticipated that as more data becomes available and processing capabilities improve, these models
will become more sophisticated and versatile. In the broader context, lip-to-speech synthesis is viewed
as part of a movement towards more natural human-computer interaction. While its applications are
far-reaching, from enhancing accessibility to creating novel solutions in various sectors, the ethical im-
plications of these advancements must be carefully considered. The ongoing challenges in this field
are seen as opportunities for further interdisciplinary research and innovation, with the expectation that
such efforts will lead to more robust, inclusive, and ethically sound technologies that contribute sig-
nificantly to breaking down communication barriers. The journey in lip-to-speech synthesis has been
both comprehensive and detailed. The goal was to connect complex theoretical foundations with prac-
tical applications, aiming for accurate visual speech interpretation and natural audio output. This work
contributes to both academic research and practical implementation, enhancing our understanding and

supporting future advancements in improving human communication through technology.
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