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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 speci�c model is trained for each

speaker with a large amount of speaker-speci�c data followed by multi-speaker approaches which aims

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

The �rst 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 �ne-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 a24%improvement in intelligibility metrics over base-

line methods. In this work, a new dataset was released providing suf�cient speaker-speci�c data with

a diverse vocabulary of around5; 000 words to support the development of accurate, speaker-speci�c

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 exceeding50; 000 words. This model was designed to overcome the inherent stochasticity in

lip-to-speech mapping and handle multiple speaker identities without speaker-speci�c training, requir-

ing only about3 minutes of data per speaker compared to previous approach of over600 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, signi�cant quality lim-

itations remained, with Automatic Speech Recognition tests revealing approximately90%Word Error

Rate, rendering it impractical for real-world applications.
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Building upon these �ndings 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 �ndings, with particularly strong performance in intelligibility,

content clarity, and synchronization accuracy. The approach scored3:31=5 in overall perceptual quality

compared to2:96=5 for the baseline lip-to-text + TTS approach, and achieved a Word Error Rate of26%

compared to36%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 speci�c areas

for improvement. Most signi�cantly, 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 approximately37%. This real-world application represents the �rst 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 signi�cantly

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 that96� 96pixel inputs provided the

optimal balance between performance and computational ef�ciency, with higher resolutions (256� 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



viii

(PESQ, STOI, ESTOI, and WER) and subjective listening tests, with particular attention to their poten-

tial in assistive technology applications.

Overall, this thesis contributes signi�cant advancements to the �eld 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 �eld. 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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1.1 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 connecting 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 con-
strained single-speaker to unconstrained multi-speaker systems), while speech audio
can drive visual representations through both speaker-speci�c and speaker-agnostic lip
synchronization, as well as broader head movement generation. This circular architec-
ture highlights how advancements in cross-modal synthesis enable increasingly natural
human-computer interaction systems, with each approach building upon shared princi-
ples of temporal alignment and modality translation. . . . . . . . . . . . . . . . . . . 3

1.2 In this Figure, we show the different lip shapes (visemes) that are associated with partic-
ular phonemes. Researchers have long envisioned using this association to solve several
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1.3 SyncNet-like models are trained by creating positive and negative audio-visual pairs and
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the loss function incrementally, improving the detection accuracy of sync between audio
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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. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.7 Networks designed to predict head motion from audio commonly employ intermedi-
ate representations 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 render-
ing network takes a single RGB frame and morphs it in accordance with the predicted
intermediate representations, enabling more accurate and detailed simulations of head
movements. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
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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 identi�able 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 arti�cial intelligence, leading to the creation of various technologies that involve

both lip movements and speech. Historically, the �rst signi�cant 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 Pen�eld 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 in�uence thought [4]. One

of the earliest speci�c 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 as4:5 months is

in�uenced 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
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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 speci�city of phoneme representations and enhance the network connectivity of the

dorsal stream, leading to improved speech perception. The in�uential 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 thathumans 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 signi�cantly to the production of vowel sounds.

1.2 Multimodal Learning: Mirroring Human Perception

Multimodal deep learning has emerged as a sub�eld of arti�cial 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

signi�cant 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 �eld

for arti�cial 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 insuf�cient. 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 arti�cial intelligence.

1.2.1 Why using lip movements and speech for multimodal deep learning is bene�cial?

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-speci�c 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, speci�c

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-
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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-

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 �elds of computer vision and speech processing. The �rst fundamental problem

was, of course, to determine whether there issynchronization 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 ofgenerating 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 dif�cult 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 speci�cs of the approach and contributions, it is essential to provide a comprehensive

overview of the entire �eld 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 signi�cance of the contributions
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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 �eld. 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.

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 �rst

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 bene�cial and essential for the success of these tasks.
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Figure 1.3SyncNet-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 speechThe �rst 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 �ve consecutive frames of grayscale images

and processes them to produce a256-dimensional vector. The audio encoder takes in a short chunk of

audio, represented as a set of numbers called Mel-frequency cepstral coef�cients, and produces a256-

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.

Figure 1.4Detecting 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 functionA 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
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between the audio and video embeddings, the authors propose to use a classi�cation 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 classi�er. The network uses the same training strategy as SyncNet, sampling positive

and negative pairs to classify.

Using multiple negativesThe 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

classi�er. This classi�er produces a one-hot vector, indicating the index of the positive pair, thereby

signi�cantly 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 �nal output. This

dual functionality is crucial in �ne-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 simpli�es the learning process for neural networks and reduces the de-

pendency on long-term context. Research in this �eld 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-speci�c 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-speci�c data and

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

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-speci�c models, they offer scalability and broader applicabil-

ity. Recent advancements in speech-to-lip synthesis have focused on improving the quality and resolu-

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 �delity 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 MakeItTalk [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 signi�cant advancements, with models capable
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Figure 1.7Networks 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 �eld of speech-to-lip synthesis has progressed from simpler to more complex chal-

lenges over time. Early works focused on speaker-speci�c 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 �eld 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 �eld has guided the development and re�nement 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,
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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

signi�cant 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 �ll in missing audio content during video calls or conferences with poor audio quality. The en-

tertainment industry can bene�t from lip-to-speech synthesis by enhancing dubbing in foreign-language

�lms 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 �eld 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], Lip2AudSpec [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 �eld. 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.

Figure 1.8 In recent years, the �eld 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 signi�cant strides the �eld has made, moving
closer to robust and versatile applications that can handle various scenarios.

The �rst signi�cant 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 speci�c speaker by training on large amounts of

in-the-wild videos. It introduces sequence-to-sequence learning for this problem and uses a modi�ed

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 thesisis 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 modi�ed 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 �rst time, speech generated solely from lip movements from a

neural network is shown to be practically usable in this work.

The fourth and �nal 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 �eld 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 signi�cance, and the

main contributions of the thesis.

2. Chapter 2: Background

This chapter provides a comprehensive background on the �elds 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.
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4. 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 pro�les.

5. 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.

6. 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.

7. Chapter 7: Conclusion

The �nal chapter summarizes the �ndings, discusses the research implications, and suggests di-

rections for future work in the �eld 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 �eld 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 �eld is chronicled, including the author's published works. These contri-

butions are positioned within the broader context of the �eld, 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 34different people speaking1000sentences 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 of18 male and16 female talkers. The TCD-TIMIT [61] database is also

a collection of audio-visual recordings of continuous speech. While it includes13826video clips in

MP4 format, featuring62 speakers reading6913sentences, videos from3 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 featuring60actors 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 approximately40 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 �le. VoxCeleb

and VoxCeleb2 are extensive datasets containing over2; 000hours 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� 160to 256� 256. During the same time period, Google released the AVSpeech dataset [63], which

consists of4; 700hours 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], signi�cantly smaller than AVSpeech 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-speci�c data. A dataset with large amounts of
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speaker-speci�c data was released as Lip2Wav dataset [50]. This dataset contains over10hours of data

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

Table 2.1Comparison 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
TCD-TIMIT [61] 1.5 3 82 � X
Lip2Wav [50] 100 5 � 5000 X X
LRW [30] 160 100+ 500 X �
LRS2 [28] 200 500+ 50000 X �
LRS3 [29] 450 5000+ 51000 X �
VoxCeleb [32] 1000+ 1211 - X �
VoxCeleb2 [31] 2000+ 5994 - X �
HDTF [38] 15.8 300+ - X X
AVSpeech [63] 4000+ 150000 - X X

2.2 How are faces and speech represented in our works?

In this work, face and speech signals are represented using speci�c 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 ef�cient 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 �le, 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 identi�ed, the algorithm crops the

frame to the region containing this face based on the provided coordinates. The cropped frame is then

saved, with the �le name incorporating the frame number, allowing for easy identi�cation and reference

of speci�c 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 speci�c

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 speci�cally

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 DeepSpeech2 [54] are speci�cally 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 signaly[n], sampling ratesr , window sizeN , hop lengthH , window functionw[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 0 to K � 1 do
4: STFT(y)[k; m]  

P N � 1
n=0 y[n] � w[n � mH ] � e� j 2�kn

N

5: end for
6: end for
7: return STFT(y)
8: end function
9: function MAGNITUDEPHASE(STFT)

10: for each element[k; m] in STFTdo
11: Magnitude[k; m]  j STFT(y)[k; m]j
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 Wav2Vec2 [76] have further advanced

this �eld 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 veri�cation [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 speci�c to the

chosen speaker. Furthermore, speaker embeddings also �nd 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 signi�cantly 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 signaly[n], sampling ratesr , window sizeN , hop lengthH , window functionw[n],

powerp, Mel �lter parametersM params

Ensure: Melspectrogram Melspec[k; m]
1: function COMPUTEMELSPECTROGRAM(y; sr; N; H; w; p; M params )
2: STFT(y)  STFT(y; N; H; w )
3: Magnitude; MAGNITUDEPHASE(STFT(y))
4: S[k; m]  Magnitude[k; m]p

5: M  CONSTRUCTMELFILTERBANK (sr; M params )
6: for eachm do
7: Melspec[:; m]  M � S[:; m]
8: end for
9: return Melspec

10: end function
11: Melspec COMPUTEMELSPECTROGRAM(y; sr; N; H; w; p; M params )
12: return Melspec

2.2.2.2.1 The GE2E loss used in SV2TTSThe 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 ef�ciently 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 veri�cation 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 �eld of lip-to-text, with deep learning technologies playing a pivotal role in

these advancements.

19



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, exempli�ed 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 �eld 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 signi�cant 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 signi�cant development in the �eld. LSTM networks, known for their ef�ciency

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 signi�cant leap in the �eld of lip reading and audio-visual speech recognition. These mod-

els [86,87], leveraging the powerful architecture of transformers, have shown remarkable pro�ciency in

deciphering speech from visual information.

2.3.4 Recent advances in lip-to-text

One of the most recent and signi�cant developments in this �eld 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 �rst pretrains on a large dataset using video and audio

tokens, effectively creating a language model. This pretrained model is then �ne-tuned speci�cally for

lip reading, resulting in unprecedented levels of accuracy and ef�ciency. Complementing this, research

focused on subword level lip reading [71] has made another signi�cant 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 �ner balance between the speci�city of phonemes and the broader context provided
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by words. This shift towards subword prediction has resulted in a marked performance improvement,

further enhancing the model's accuracy and ef�ciency.

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 signi�cantly 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 bene�t signi�cantly from post-processing techniques, especially with the

advent of Large Language Models (LLMs), which can re�ne and correct initial predictions. Text out-

puts are also more forgiving of minor errors, computationally more ef�cient 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 in�ections 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 speci�c 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 �nal 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 Vocoders in 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 signi�cant 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

(GANs), sacri�cing 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 �ne 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 �eld of TTS, with some prioritizing speech realism, others computational ef�ciency, 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 �eld where speech is generated

from lip movements. The �rst papers on this topic emerged only in 2017, marking it as a recent area

of research. Signi�cant 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 �eld. This overview includes contributions made as part of this

thesis, alongside other signi�cant 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-DecodersIn 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 �rst 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 �ow as an additional input to the encoder. Ephrat et al. [44] also train on a

second speaker-speci�c dataset, TCD-TIMIT [61], which proves to be slightly more challenging than

the GRID dataset.

Adding multiple views of the speakerA 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 of4 speakers speaking different

phrases. In this work, all the views were fed in unison to the model, which uses a multi-class classi-

�er 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 �rst 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-speci�c fashion.

Mapping lip movements and speech into a joint distributionWhile 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 �nal 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 �rst work that was primarily motivated to address and overcome these limita-
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tions. We were the �rst to develop a model that could handle more natural, varied, and realistic speech

scenarios, moving beyond the con�nes of laboratory settings.

Sequence-to-Sequence modelling of the problemOne 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 �nd 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 speci�c 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 modi�ed 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 speci�c input data parts while generating output mel timesteps.

The �nal melspectrogram is converted into a waveform using the Grif�n-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 speci�c speakers.

A follow-up work [52] by Kim et al. employs a multi-faceted approach built on Lip2Wav to improve

speech synthesis. Speci�cally, 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 re�ne and enhance the quality of the generated speech, the authors also utilized a

�ow-based post-net designed to capture intricate details and add a layer of re�nement 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 embeddingThe proper multispeaker setup was �rst 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 �gure, 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 uses1� 5 seconds of speech from a target speaker to generate the

embedding.

Using visual context attentionMore recently, Kim et al. proposed VCA-GAN [56] that synthesizes

speech from local lip visual features by �nding 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 distributionThis 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 �rst 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 Grif�n-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 �nal raw audio outputs.

Using multi-task learning to improve the clarity of generated speechKim 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 synthesisThe research conducted by our group, par-

ticularly in the study [58] which is a part of this thesis, represents a signi�cant 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 FastSpeech2 [59] architecture, is modi�ed to incorporate these additional VTP

embeddings. This modi�cation 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 signi�cantly 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 signi�cantly 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 veri�cation 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 classi�er guidance-based conditioning

in diffusion, while also offering a classi�er 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

arti�cially 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 speci�cally 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, signi�cant contributions to the �elds 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, signi�cantly 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 �eld 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 signi�cantly enhance the process of isolating clean speech from noisy environments.

Both of these contributions, representing signi�cant advancements in audio-visual speech processing,

are thoroughly discussed in Chapter 6 of this thesis.
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Figure 2.2A 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 �rst contribution of this thesis addresses lip-to-speech synthesis for individual speakers in un-

constrained environments. Prior to this work, research in this �eld was primarily conducted in controlled

laboratory settings, focusing on speci�c speakers. This contribution extends the paradigm to ”in-the-

wild” scenarios while maintaining a speaker-speci�c 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 �uid 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 signi�cant

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 signi�cantly 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 speci�c 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 �rst 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 �rst in this �eld.

• 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-speci�c lip-

to-speech models.

• Lip2Wav, a novel sequence-to-sequence model, has been introduced, signi�cantly outperforming

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

This chapter aims to present the proposed novel approach and �ndings and set a new benchmark in

the �eld 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-speci�c 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:(i ) small, constrained narrow vocabulary like GRID [60], TCD-TIMIT [61] or(ii )

unconstrained, open vocabularies multi-speaker like LRS2 [28], LRW [30] and LRS3 [29]. The latter

class of datasets contains only about2 - 5 minutes of data per speaker, making it signi�cantly harder

for models to learn speaker-speci�c 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 arti�cial 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 about120

hours of talking face videos across5 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 approximately20 hours of natural speech per speaker and vocabulary sizes over5000

words1 for each of them, this dataset is signi�cantly more unconstrained and realistic than GRID [60]

or TIMIT [61] datasets. It is thus considered ideal for learning and evaluating accurate person-speci�c

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 �ve.

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

Lip2Wav (Ours) 5 120 � 20 � 5K X

Table 3.1The Lip2Wav dataset is the �rst 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 ef�ciency in data gathering, a critical aspect of this research. The process com-

prised three main phases.

1approximate; texts obtained using Google ASR API
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Directory Structure Initialization A target directory was speci�ed 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 prede�ned text �les containing URLs for training, valida-

tion, and testing sets. All downloaded content was systematically stored in the designated video storage

subdirectory.

Video SegmentationEach acquired video �le was subjected to a segmentation process. This in-

volved dividing the videos into uniform segments of speci�ed duration using a multimedia processing

tool. The resulting segmented �les were stored in a separate directory, with a naming convention de-

signed for easy identi�cation and retrieval.

This automated work�ow facilitated ef�cient 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-speci�c lip-to-speech synthesis in unconstrained

environments

Given a sequence of face imagesI = ( I 1; I 2; : : : ; I N ) with lip motion, the goal is to generate the

corresponding speech segmentS = ( S1; S2; : : : ; ST 0. HereN is the total number of video frames,

andT0 is the number of speech time steps corresponding to thoseN 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 in�uence

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]. Speci�cally, each output speech time-stepSk

is modeled as a conditional distribution of the previous speech time-stepsS<k and the input face image

sequenceI = ( I 1; I 2; : : : ; I N ). The probability distribution of each output speech time step is given by:

P(SjI ) = � k (Sk jS<k ; I ) (3.1)
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Lip2Wav, as shown in Figure 3.2 consists of two modules: (i) Spatio-temporal face encoder and

(ii) 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, arti�cial-sounding speech. At the other extreme [47], one can generate raw waveforms,

but the high dimensionality of the output (16000samples per second) makes the network training process

computationally inef�cient. 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 at16kHz.

The window-size, hop-size, and mel dimensions are800; 200; and80, respectively. The algorithm to

calculate melspectrograms is given in Algorithm 2 (Section 2.2). The ground-truth melspectrogram is

represented byY1:::T . HereT is the number of melspectrogram timesteps. In the setup, for1 second of

speech, there areT0 = 16000 samples in the raw waveform while there areT = 80 mel timesteps.

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 �ne-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 dimensionN � H � W � 3, whereN is the number of time-steps (frames) in the input

video sequence, andH; W correspond to the spatial dimensions of the face image. The input is denoted

as I 1:::N . The corresponding speech melspectrogram to this segment is selected as the ground truth

and is denoted byY1:::T . The spatial extent of the feature maps is gradually down-sampled while the

temporal dimensionN 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 theN input facial images to obtain a set of

spatio-temporal featuresN � D . In the experimental setup, the spatio-temporal features are of shape

90� 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 3.2Structure of the Spatio-Temporal Encoder of the Lip2Wav Model
Layer Kernel Size Strides #Filters / #Units Residual Input Size Output Size

Conv3D 5 � 5 � 5 1 � 2 � 2 32 No N � 96 � 96 N � 48 � 48
Conv3D 3 � 3 � 3 1 � 1 � 1 32 Yes N � 48 � 48 N � 48 � 48
Conv3D 1 � 3 � 3 1 � 2 � 2 64 No N � 48 � 48 N � 24 � 24
Conv3D 1 � 3 � 3 1 � 1 � 1 64 Yes N � 24 � 24 N � 24 � 24
Conv3D 1 � 3 � 3 1 � 2 � 2 128 No N � 24 � 24 N � 12 � 12
Conv3D 1 � 3 � 3 1 � 1 � 1 128 Yes N � 12 � 12 N � 12 � 12
Conv3D 1 � 3 � 3 1 � 2 � 2 256 No N � 12 � 12 N � 6 � 6
Conv3D 1 � 3 � 3 1 � 1 � 1 256 Yes N � 6 � 6 N � 6 � 6
Conv3D 1 � 3 � 3 1 � 2 � 2 512 No N � 6 � 6 N � 3 � 3
Conv3D 1 � 3 � 3 1 � 1 � 1 512 Yes N � 3 � 3 N � 3 � 3
Conv3D 1 � 3 � 3 1 � 3 � 3 512 No N � 3 � 3 N � 1 � 1

Bi-LSTM - - 256 - N � 1 � 1 N � 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 over�tting, a zoneout regularization technique is integrated within

these LSTM layers. This approach not only aids in preventing over�tting 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 comprises256-

dimensional Bi-LSTM units. The �nal encoded representation is denoted byEncN of the dimension

90� 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, featuring256units

each, which allows for a comprehensive yet ef�cient processing of input data. The activation

function employed in both layers is ReLU (Recti�ed 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 �nely tuned with speci�c 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 of128. The Location Features Layer takes the previous alignment, processes it

with 32convolutional �lters of a31� 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 these128� 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 speci�cally 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 to2. Each LSTM layer within

the DecoderRNN contains1024 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 speci�c 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 of80units. 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 re�ning 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 �nal, 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 modi�cations to an ini-

tial prediction can signi�cantly improve the �nal output. In the proposed model, the Postnet

is intricately designed with a series of convolutional layers to enhance the quality of the �nal

melspectrogram. It consists of �ve convolutional layers, each contributing to re�ning 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 has512channels, indicating the number of �lters used for feature extraction at each

layer. A frame projection (dense layer) is then used at the end of the Postnet to ensure the �nal

feature dimension of80.

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 (Recti�ed 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 3.3Decoder Components and Their Speci�cations
Decoder Component Layer Kernel Size Strides #Filters/#Units Input Size Output Size

Prenet Dense - - 256 1 � 256 1 � 256
Prenet Dense - - 256 1 � 256 1 � 256

Attention Conv1D (31,) 1 32 1 � 256 1 � 32
Attention Dense - - 128 1 � 32 1 � 128

DecoderRNN LSTM - - 1024 1 � 128 1 � 1024
DecoderRNN LSTM - - 1024 1 � 1024 1 � 1024

FrameProjection Dense - - 80 1 � 1024 1 � 80
Postnet Conv1D (5,) 1 512 1 � 80 1 � 512
Postnet Conv1D (5,) 1 512 1 � 512 1 � 512
Postnet Conv1D (5,) 1 512 1 � 512 1 � 512
Postnet Conv1D (5,) 1 512 1 � 512 1 � 512
Postnet Conv1D (5,) 1 512 1 � 512 1 � 512

FrameProjection Dense - - 80 1 � 512 1 � 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 con�guration 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 thei -th timestep of the melspectrogram,yi , the decoder uses eitherYi � 1 or yi � 1 as input,

depending on whether teacher forcing is active. Speci�cally, if teacher forcing is on,Yi � 1 (the ground

truth speech's previous timestep) is used; otherwise, the previously generated timestepyi � 1 is utilized

as shown in Equation 3.2.

yi = Decodercell(teacher forcing is on ?Yi � 1 : yi � 1; EncN ) (3.2)

To initiate the generation process, a start token is used in place ofyi � 1 wheni = 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 sequenceEncN , 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 aspi . This output is determined based on whether teacher forcing is

active. The Prenet processes either the ground truth speech's previous timestepYi � 1 or the previously

generated timestepyi � 1, as described by the following equation:

pi = Prenet(teacher forcing is on ?Yi � 1 : yi � 1) (3.3)

In the proposed sequence-to-sequence model, the context vector for the previous timestep is denoted

asci � 1. This context vector, calculated by the attention mechanism, plays a crucial role in decoding. For

each timestepi , the output of the DecoderRNN denoted asdi , is obtained by concatenating the Prenet
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outputpi with the previous timestep's context vectorci � 1 and then feeding this combined input into the

DecoderRNN. This operation can be represented by the following equation:

di = DecoderRNN(pi kci � 1) (3.4)

wherek denotes the concatenation operation. The context vectorci � 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 vectorci for each decoder timestepi , wherei ranges from 1 toT, is computed through

an attention mechanism. In this mechanism, the set of keys is represented byEncN , whereN is the

number of encoder timesteps, and the query for each timestep is the output of the DecoderRNN,di . The

following equations can represent the attention mechanism:

The calculation of the attention energy at each decoder timestepi and for each encoder timestepj is

given by:

ei;j = AttentionEnergy(di ; Encj ) (3.5)

wherej ranges from 1 toN , with N being the number of encoder timesteps. Here,ei;j represents the

energy between the querydi (the output of the DecoderRNN at timestepi ) and thej -th encoder output

Encj .

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

attention energies:

� i;j =
exp(ei;j )

P N
k=1 exp(ei;k )

(3.6)

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

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

outputs:

ci =
NX

j =1

� i;j � Encj (3.7)

This context vectorci 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 �nal step in the decoding process involves computing thei -th generated melspectrogram timestep,

yi . This is achieved by concatenating the output of the DecoderRNN at timestepi , di , with the context

vector at the same timestep,ci , and then passing this concatenated vector through the Frame Projection

layer. The operation can be expressed as:

yi = FrameProjection(di kci ) (3.8)
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wherek denotes the concatenation operation. The Frame Projection layer reshapes this combined input

to produce the �nal melspectrogram output for timestepi , denoted asyi . This outputyi represents

the synthesized mel chunk at that particular timestep, which in turn represents the synthesised speech.

The above-mentioned steps are repeatedT times to generate the full melspectrogram. The generated

melspectrogram is denoted byy. 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 outputy

through the Postnet.

residual= Postnet(y) (3.9)

Next, this residual is projected to match the dimensions of the melspectrogram:

residualprojection= FrameProjection(residual) (3.10)

Finally, the enhanced melspectrogram output, denoted asy0, is computed by adding the initial mel-

spectrogram outputy to the projected residual:

y0 = y + residualprojection (3.11)

This step, involving the Postnet and Frame Projection, effectively adds re�nement and detail to the

initial melspectrogram, resulting iny0, the �nal generated high-quality melspectrogram. The generated

melspectrogram is used to calculate the standardL 1 loss function as given in Equation 3.12.

L 1 loss= jjY � y0jj1 (3.12)

A brief discussion on adapting Tacotron 2's decoder for Lip2Wav In adapting the Tacotron 2

decoder for the speci�c application of lip-to-speech synthesis, a signi�cant alteration was made: the

removal of the stop token prediction mechanism. This modi�cation 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 prede�ned and �xed.

As a result, the need for a dynamic stopping criterion, such as a stop token, is not required, leading

to a more streamlined and ef�cient decoding process that runs for a set number of iterations based on

the predetermined sequence length. This adjustment simpli�es the model's architecture and aligns the

decoding process more closely with the �xed 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-�tting 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 signi�cantly

more accurate speech. A context window size of3 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

�ve speakers of the newly collected speaker-speci�c Lip2Wav dataset. Unless speci�ed, all the datasets

are divided into90� 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 work2 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 of3 seconds,

which corresponds toT = 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 theS3FD face detector [64]. The face crops are resized to48� 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-�tting for training on small

datasets like GRID and TIMIT. The training batch size is set to32, and training is continued until the mel

reconstruction loss plateaus for at least30K iterations. Convergence for unconstrained single-speaker

experiments was achieved in about200K iterations. Adam [130] is used as the optimizer with an initial

learning rate of10� 3. The model with the best performance on the validation set is chosen for testing

and evaluation. More details, speci�cally a few minor speaker-speci�c hyper-parameter changes, can

be found in the publicly released code2.

2https://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.

ConsecutiveN 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 Grif�n-Lim

algorithm [107]. Grif�n-Lim algorithm itself does not work directly on melspectrograms. It expects

a normal linear frequency magnitude spectrogram. To apply the Grif�n-Lim algorithm, we take the

predicted melspectrogram and apply an approximate inverse of the mel �lter bank using a pseudo inverse

of the mel �lter matrix, to recover an approximate linear magnitude spectrogram. Once we have this

approximate linear magnitude, we can run the standard Grif�n-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 signi�cantly 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 just4 - 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 between0 � 1.

3.4.4.2 Extended Short-Time Objective Intelligibility (ESTOI)

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

tions. The STOI algorithm is modi�ed by introducing a normalization step and different weighting of
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the time-frequency units. A correlation-based score re�ecting 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 between0 � 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, speci�cally the GRID [60] corpus and TCD-TIMIT lip speaker corpus [61]. The mean

test scores for4 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 0.361 1.684 26.64%
Ephrat et 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 0.321 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 3.5Objective 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 [47]

Chemistry
Lectures

0.192 0.132 1.057
Ephrat et al. [44] 0.165 0.087 1.056
Lip2Wav (ours) 0.416 0.284 1.300
GAN-based [47]

Chess
Analysis

0.195 0.104 1.165
Ephrat et al. [44] 0.184 0.098 1.139
Lip2Wav (ours) 0.418 0.290 1.400
GAN-based [47]

Deep
Learning

0.144 0.070 1.121
Ephrat et al. [44] 0.112 0.043 1.095
Lip2Wav (ours) 0.282 0.183 1.671
GAN-based [47]

Hardware
Security

0.251 0.110 1.035
Ephrat et al. [44] 0.192 0.064 1.043
Lip2Wav (ours) 0.446 0.311 1.290
GAN-based [47]

Ethical
hacking

0.171 0.089 1.079
Ephrat et al. [44] 0.143 0.064 1.065
Lip2Wav (ours) 0.369 0.220 1.367

Table 3.6In unconstrained single-speaker settings, Lip2Wav model achieves almost4� more intelligi-
ble speech than the previous methods.

A signi�cant 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 signi�cant 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 all5 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 �ve 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 �les. The mean numbers of (A), (B), and (C) are reported in Table

3.7.

Model (A) (B) (C)
GAN-based [47] 36.6% 24.3% 63.8%
Ephrat et al [44] 43.3% 27.5% 60.7%
Lip2Wav (ours) 21.5% 8.6% 49.8%

Table 3.7Objective Human evaluation results. The participants manually identi�ed 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 skipped3� 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 of1 � 5 for each of the following criteria: (i)Intelligibility and (ii)

Naturalnessof the generated speech. Using10 samples of generated speech for each of the5 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 �nally, (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 signi�cantly 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 signi�cant 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 �ndings. 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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