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Realistic Speech-Driven Talking Face Synthesis
via Audio-Visual Association Exploitation and

its Applications ∗

Yasheng Sun

Abstract

Talking face synthesis holds significant importance across various entertain-
ment applications, including digital human animation, visual dubbing in films,
and rapid production of short videos. To promote realistic video generation,
we propose to fully exploit the implicit information of human speech in talk-
ing face synthesis system. In contrast to previous works that borrow external
images, videos or labels as reference source to explicitly provide speaker charac-
teristics like facial appearance or talking status, our proposed framework attempt
to directly infer these underlying features from human voice, thereby increasing
realness and naturalness of the synthesized videos.

However, this task is particularly challenging due in two aspects. 1) These
information within human voice is incomplete or even ambiguous. Such uncer-
tainty brings difficulty to development of talking face system because capturing
the required information underlying human speech is non-trivial. 2) Successfully
driving a talking face requires delicately integration of interleaved information
such as speech content or speaker characteristics from human voice. This further
increases the complexity of this task. To address the above challenge, we propose
to leverage the explicit visual cues as a bridge to promote audio-visual association
learning, thus facilitating extensive exploitation of human speech. Specifically,
our framework is divided into three components. To ensure that the generation
progress is well delegated to each specific semantic space and prevent undesirable
interference among them, we first carefully derive a strategy to disentangle the
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latent space of our generator into speech content space and content-irrelevant
space. Then, we leverage explicit visual cues to bootstrap the implicit vocal rep-
resentations via maximizing their mutual information. Finally, to further narrow
down the representation disparity of audio-visual modality, we instruct the sys-
tem adapt to the audio representation, thereby allowing smooth transition from
usage of explicit visual cues to implicit vocal features.

We develop two applications to validate the effectiveness of our proposed frame-
work on both 2D and 3D talking face synthesis, respectively. In our first applica-
tion, we attempt to directly infer the appearance of a person’s face by listening to
the speaker’s utterance. To animate it, we also need to leverage identity-irrelevant
information such as speech content. Therefore, we first exploit visual cues to dis-
entangle identity space that models bio-metric appearance, and identity-irrelevant
space in a style-based generative framework. Then the vocal feature is introduced
to synchronize visual representation from two perspectives. To automatically
balance those information from two spaces, the generator is delicately fine-tuned
following curriculum learning paradigm. In second application, we target to in-
corporate the inherent talking status information conveyed by human speech. A
pretrained wav2vec model is utilized to identify the speech content space and the
content-irrelevant space is complementarily learned. To facilitate utilization of
human voice, we leverage visual descriptions of talking video as bridge. Specif-
ically, we leverage these visual instructions as input to guide 3D talking face
generation within the identified speech-irrelevant space. Finally, human speech
is contrastively aligned with and predict visual instructions for effective talking
status representation.

Extensive experiments show that our approach encourages better speech-identity
correlation learning while generating vivid faces whose identities are consistent
with given speech samples. And the same model enables these inferred faces to
talk driven by the audios. For the second application, we demonstrate that our
approach produces vivid talking faces with expressive facial movements and con-
sistent emotional status. To our best knowledge, this is the first speech-driven
talking face study that incorporating implicit vocal information bridging by ex-
plicit visual cues.

Keywords:

ii



Video Generation, Audio-Visual Correlation, Talking Face Synthesis, Contrastive
Learning, Lip Synchronization, Large Language Model, Realistic Generation

iii



Acknowledgements

First and foremost, I extend my deepest gratitude to my advisor, Prof. Hideki
Koike, for his unwavering support and guidance throughout my doctoral jour-
ney. Despite my background in mechanical engineering, Prof. Koike generously
provided me with the opportunity to pursue my research interests in computer
science. His kindness and open-mindedness created a conducive research atmo-
sphere and provided me with a platform to explore my areas of interest, constantly
motivating me to strive for excellence. In the academic realm, his unique per-
spective and meticulous attitude to high-quality presentation have inspired me
to strive for clearer expression and articulate my opinions more effectively.

I would also like to convey my deepest gratitude to my dissertation commit-
tee members: Prof. Naoaki Okazak, Prof. Koichi Shinoda, Prof. Suguru Saito,
and Prof. Nakamasa Inoue. Their careful examination of my dissertation, in-
sightful comments, and constant encouragement have been invaluable and their
questions during the interim presentation and pre-examination have encouraged
me to widen my research from varied perspectives.

I am profoundly thankful to all my lab members and friends for their cama-
raderie and support throughout my graduate studies. Special thanks to Shio
Miyafuji and Setsuko Mizoguchi for their invaluable assistance and accompany.
The vibrant and collaborative atmosphere fostered by my lab mates, including
Jefferson Pardomuan, Keishiro Uragaki, Liao Chen Chieh, Daichi Saito, Jana Hof-
fard, Luna Takagi, Ruofan Liu, Eruku Iida, Yuka Tashiro, Takashi Matsumoto,
Yuki Sato, Zhihao Yu, Hidetaka Katsuyama, Arisa Kohtani, Toshiki Omi, Kyohei
Hayakawa, Yusuke Kojima, Takuya Takahashi, Toshihiro Hirano, Yuka Tanaka,
Takuto Nakamura, Dong-Hyun Hwang, Luna Takagi, Hui-Shyong Yeo, Christo-
pher Mitcheltree, Mikihito Matsuura, Kohei Aso, Xuan Zhang, Toshiki Sato,
Nobuhiro Takahashi, Haruki Kikuchi, Yusuke Miura, greatly enriched my aca-
demic experience.

I am immensely grateful for the academic guidance provided by Prof. Ziwei Liu

iv



from Nanyang Technological University. Additionally, I owe a debt of gratitude
to my friends who selflessly supported me in both my life and research endeavors.
Haoxiang Shi from Waseda University, Ao Liu, An Wang, and Zhishen Yang from
Okazki Lab of Tokyo Institute of Technology and Bohan Li from Shanghai Jiao-
Tong University have been invaluable sources of encouragement and inspiration.

Furthermore, I express my sincere appreciation to the teams at Sensetime Re-
search, Netease Fuxi Lab, Baidu VIS, and Microsoft Research Asia for their
wholehearted support and insightful discussions about my research work. Special
thanks to Hang Zhou, Kaisiyuan Wang, Wenqing Chu, Zhiliang Xu, Jiangke Lin,
Wenming Qian, Yi Yuan, Yifan Yang, Houwen Peng, Han Hu, and others for
their invaluable contributions.

Lastly, I extend my heartfelt gratitude to my family for their unwavering love
and support throughout my life. Their encouragement and sacrifices have been
instrumental in shaping my academic journey, and I am deeply grateful for their
presence in my life.

v



Contents

List of Figures ix

List of Tables xi

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Talking Face Generation . . . . . . . . . . . . . . . . . . . 1
1.1.2 Realistic Talking Face Synthesis . . . . . . . . . . . . . . . 3

1.2 Research Summary . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2.1 Inspirations and Challenges of Realistic Synthesis . . . . . 4
1.2.2 Research Objective . . . . . . . . . . . . . . . . . . . . . . 6
1.2.3 Proposed Solutions . . . . . . . . . . . . . . . . . . . . . . 7
1.2.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.3 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 Related Work and Preliminary 13
2.1 Related Work on Talking Face Synthesis . . . . . . . . . . . . . . 13

2.1.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.1.2 Face-Voice Association Learning and Reconstruction . . . 16
2.1.3 Audio Emotion Recognition and Caption . . . . . . . . . . 17
2.1.4 Expressive 2D Talking Face Generation . . . . . . . . . . . 18
2.1.5 Speech-Driven 3D Talking Head Generation . . . . . . . . 19
2.1.6 LLM for Cross-Modal Learning . . . . . . . . . . . . . . . 20

2.2 Preliminary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.2.1 Biological Footprint of Vocal Production . . . . . . . . . . 21
2.2.2 StyleGAN . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.2.3 Diffusion Models . . . . . . . . . . . . . . . . . . . . . . . 25
2.2.4 Parametric Face Model . . . . . . . . . . . . . . . . . . . . 26
2.2.5 Evaluation Metrics of Text Generation . . . . . . . . . . . 27

vi



2.3 Pretrained Models . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.3.1 SyncNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.3.2 Wav2Vec . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.3.3 LLaMA . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3 Research Proposal 37
3.1 Realistic Talking Face Synthesis . . . . . . . . . . . . . . . . . . . 37
3.2 Research Approach . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.2.1 Audio-Visual Association Learning . . . . . . . . . . . . . 39
3.2.2 Case Studies on Novel Talking Applications . . . . . . . . 41

3.3 System Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4 Inferring and Driving a Face with Synchronized Audio-Visual
Representation 43
4.1 Task Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.2 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.2.1 Framework Overview . . . . . . . . . . . . . . . . . . . . . 43
4.2.2 Disentangled Pretraining via Explicit Visual Cues . . . . . 44
4.2.3 Audio-Visual Representation Synchronization . . . . . . . 46
4.2.4 Training Paradigm . . . . . . . . . . . . . . . . . . . . . . 48

4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.3.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . 50
4.3.2 Voice-to-Face Mapping Evaluation . . . . . . . . . . . . . 51
4.3.3 Lip Motion Evaluation . . . . . . . . . . . . . . . . . . . . 54
4.3.4 Additional Evaluation . . . . . . . . . . . . . . . . . . . . 55

4.4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5 Learning Audio-Visual Instructions for Expressive 3D Talking
Face Generation 60
5.1 Task Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
5.2 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.2.1 Framework Overview . . . . . . . . . . . . . . . . . . . . . 60
5.2.2 Disentangled Expressive Motion Prior . . . . . . . . . . . . 61
5.2.3 Audio-Visual Instruction via LLMs . . . . . . . . . . . . . 62
5.2.4 Instruction-Following Talking Face Synthesis . . . . . . . . 64

vii



5.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
5.3.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . 66
5.3.2 Quantitative Evaluation . . . . . . . . . . . . . . . . . . . 69
5.3.3 Qualitative Evaluation . . . . . . . . . . . . . . . . . . . . 70
5.3.4 Further Analysis . . . . . . . . . . . . . . . . . . . . . . . 73

5.4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6 Conclusion 81
6.0.1 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

Bibliography 85

Publication List 108

viii



List of Figures

1.1 Rather than adhering to a two-stage animation paradigm, we aim
to directly visualize a talking face from human voice. . . . . . . . 7

1.2 Unlike previous works, we introduce an audio-visual instruction
module to instruct the talking face synthesis process. . . . . . . . 10

2.1 Samples from VoxCeleb2 dataset and LRW dataset [30, 29]. . . . 14
2.2 Description of InstructAvatar [149] dataset. . . . . . . . . . . . . 14
2.3 Description of MeadText [90] dataset. . . . . . . . . . . . . . . . 15
2.4 Vocal features pertinent to facial characteristics are identified in

generative process [24]. . . . . . . . . . . . . . . . . . . . . . . . 16
2.5 Approaches of 2D Expressive Talking Head Generation [144, 91, 90]. 18
2.6 Approaches of 3D Talking Head Generation [41, 3, 113]. . . . . . . 20
2.7 Vocal Production of Mammals [12]. . . . . . . . . . . . . . . . . 22
2.8 StyleGAN2 [69] (Right Side) architecture replace the instance nor-

malization with a demodulation operation. . . . . . . . . . . . . 24
2.9 Linear Face Model of FLAME [79]. . . . . . . . . . . . . . . . . . 26
2.10 Architecture of SyncNet [28]. . . . . . . . . . . . . . . . . . . . . 30
2.11 Distances measured by SyncNet [28]. . . . . . . . . . . . . . . . . 31
2.12 Wav2vec models [116, 6] learn a robust speech representations in

an unsupervised manner. . . . . . . . . . . . . . . . . . . . . . . 32
2.13 Basic transformer architecture [138]. . . . . . . . . . . . . . . . . 35

3.1 Talking face system that also considers speaker identity and status. 39
3.2 Applications of Realistic Talking Face via Cross-Model Associa-

tions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.3 System Overview. . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.1 The overview of our proposed Speech2Talking-Face pipeline. . . . 44

ix



4.2 Formulation of pre-trained disentangled space via explicit visual
cues. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.3 Qualitative comparison of our model and previous methods. . . . 51
4.4 Top-5 retrieved images. . . . . . . . . . . . . . . . . . . . . . . . . 52
4.5 Comparison with talking-face baselines. . . . . . . . . . . . . . . 54
4.6 Generated facial images under different audio length setting and

their corresponding reference images. . . . . . . . . . . . . . . . . 56
4.7 t-SNE visualizations of audio and visual embedding in latent space. 57
4.8 Pose control application benefited by disentangled design. . . . . 58

5.1 The overall pipeline of our Audio-Visual Instruction Talking (AVI-
Talking) Framework. . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2 Disentangled expressive motion prior is separated to two comple-
mentary latent spaces, speech content space and content irrelevant
space. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.3 The Q-Former architecture. . . . . . . . . . . . . . . . . . . . . . 63
5.4 Diffusion within the content irrelevant space. . . . . . . . . . . . 65
5.5 Qualitative Results. . . . . . . . . . . . . . . . . . . . . . . . . . . 71
5.6 Ablation Study. . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.7 Visualizations of t-SNE embeddings derived from aligned speech

features using Q-Former. . . . . . . . . . . . . . . . . . . . . . . 76
5.8 Diverse generation results of the talking face instruction system

are depicted. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
5.9 Visualization of Out-of-Distribution (OOD) results from the Talk-

ing Face Instruction System. . . . . . . . . . . . . . . . . . . . . 78

x



List of Tables

1.1 Approaches of talking face via deep learning. . . . . . . . . . . . . 3

2.1 Vocal production mechanism in mammals [12]. . . . . . . . . . . 22
2.2 Architecture details of LLaMA [137]. . . . . . . . . . . . . . . . . 34

4.1 The quantitative results on VoxCeleb2 in embedding similarity,
retrieval @K, and VGGFace Score. . . . . . . . . . . . . . . . . . 53

4.2 Cross-modal matching under varying demographics. . . . . . . . . 53
4.3 Quantitative results of lip synchronization. . . . . . . . . . . . . . 55
4.4 The quantitative results on VoxCeleb2 with different utilized audio

length. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.5 User study measured by Mean Opinion Scores. . . . . . . . . . . . 57
4.6 Relation of Speech2Talking-Face with State-of-the-Art Methods . 59

5.1 The quantitative results on MeadText [90] and RAVEDESS [89]. 70
5.2 User study measured by Mean Opinion Scores. Larger is higher,

with the maximum value to be 5. . . . . . . . . . . . . . . . . . . 72
5.3 Ablation over model design of Audio-Visual Instruction stage. . . 74
5.4 Ablation over model design of Talking Face Synthesis stage. . . . 74
5.5 Relation of AVI-Talking with State-of-the-Art Methods . . . . . . 79

xi



1 Introduction

1.1 Background

1.1.1 Talking Face Generation

The widespread adoption of virtual humans across multiple sectors such as per-
sonal assistance, intelligent customer service, and online education owes much to
the rapid advancements in artificial intelligence [178]. These anthropomorphic
digital beings have the ability to swiftly engage with individuals, thereby aug-
menting the user experience within human-computer interactions. A virtual char-
acter, designed to emulate human behavior, is anticipated to exhibit appropriate
body movements, hand gestures, and communication skills. Notably, the vivid-
ness of facial animations plays a pivotal role in shaping the human experience,
particularly during verbal exchanges, which serve as a key mode of interaction.
Therefore, the talking face generation has become an active research field where
the vocal consistency of lip shapes and facial attributes, such as facial expressions
and eye movements are taken into account. This task targets to synthesize lip-
synced talking face video by accepting an human speech as input as well as other
references such as language instruction, emotional labels, facial image or another
video providing extra control information. Strictly speaking, talking face gener-
ation with head movement is also called talking head generation [85]. Usually,
besides the vivid facial details, there are also vivid rhythmic head movements in
the talking head generation results. In this work, we call both of them talking
face synthesis without differentiate them in purpose for convenience.

Earlier works in talking face synthesis attempt to learn a mapping from vocal
features to visual features using traditional methods [161, 146] such as DBN
(Dynamic Beyesian Network) or HMM (Hidden Markov Model). The relationship
between human speech and video units is modeled by basic computer graphic
approach [15]. A strategy is derived to selectively search the most relevant visual
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features and the transition between clips is achieved by naive interpolation. But
this kind of simplification is prone to cause unnatural lip movements. Later
work [161] improves the smoothness and synchronization by designing the audio-
visual articulatory model based on the Dynamic Bayesian Network (DBN) to
directly simulate the movement of the articulators including lips, tongue, and
teeth. To cultivate photo-realistic talking applications, a statistical HMM [146] is
trained to automatically select the mouth sequences from a pre-recorded database
according to audio sequences and fuse it to background. Since relying on the pre-
recorded database, their application is limited to this specific person.

Nowadays, data-driven approaches, particularly those that are neural network-
based, have taken center stage in this domain [3, 21, 40, 122, 139, 189, 131]. Var-
ious deep learning based talking face applications have been developed. Those
works that target for specific talking face generation, similar to [146], also col-
lects numerous video clips of one person and leverage a neural network such as
LSTM [40] or RNN [131] to map audio features to his lip animation of mouth
regions. These slew of studies, relying on implicitly learning construction of facial
model [131, 67], could accomplish realistic synthesis with superior quantitative
and qualitative performance. But it requires manual collection of video clips from
a specific person and faces challenges to adapt to other target identities, limiting
its applications.

Another slew of works [75, 110] attempt to extend it to arbitrary talking face
generation. Some of these works [134, 20, 75, 110, 37] focus on synthesizing the
lip movements around mouth region where they mask out the mouth area and in-
paint the region according to vocal rhythm. The generated mouth area is pasted
back to the original video seamlessly for realistic syntheis. It has been proved that
by learning joint audio and visual embedding of the lower part face, LipGAN [75]
can generate a mouth consistent with provided upper face pose and audio. His
following work, Wav2Lip [110], further improves the lip-synchronization perfor-
mance by introducing a pretrained lip-sync discriminator. With the powerful
capability of Generative Adversarial Network (GAN), these approaches [20, 37]
further improve the image quality and achieve more realistic synthesis. However,
only taking into consideration of correlation of speech audio and mouth region,
they are unable to synthesize the whole face, thereby eye movements or emotional
information are neglected. To cover facial regions, other works [155, 185, 123, 62]
target to leverage the audio features to predict visual features of whole face. In-
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Method Year Identity Source Emotional Source Representation

Mead [144] 2020 Ref Image One-hot Label 2D
GC-AVT [80] 2022 Ref Image Ref Video 2D
EAMM [65] 2022 Ref Image Ref Video 2D
Sinha et al. [121] 2022 Ref Image One-hot Label 2D
TalkClip [90] 2023 Ref Image Language 2D
MeshTalk [113] 2021 Ref Mesh Ref Mesh 3D
CodeTalker [163] 2023 Ref Mesh N/A 3D
EMOTE [34] 2023 Ref Mesh One-hot Label 3D
Speech2Talking-Face 2021 Human Voice N/A 2D
AVI-Talking 2024 Ref Mesh Human Voice 3D

Table 1.1: Approaches of talking face via deep learning.

termediate representations [21, 109] such as facial landmarks and facial models
are introduced to provide a overall guidance in the generation process. These
approaches leverage RNN [94] or LSTM [55] network to learn a mapping from
audio features to the structural representation, implicitly modeling the whole
face dynamics. But construction of these structural representation is prone to
introduce error accumulation. Some researches [181] directly learn a disentan-
gled audio-visual latent representation and thus able to synthesize more realistic
mouth movement results. However, without explicit modeling of audio informa-
tion association with facial details, they could only provide a global dynamics,
neglecting fine-grained degree of movements such as eye movement, muscle line
changes, eyebrow changing or cheek raising.

1.1.2 Realistic Talking Face Synthesis

To foster more realistic synthesis, later researchers pay more attention to fa-
cial details other than mouth region. As crucial component of visual animation,
blinks and eyebrow movements has become an active research topic. Earlier
works [140, 120, 172] leverage GAN-based architecture to unconditionally learn
an blink action driven by random noise. Conditioned on random noise, the syn-
thesized eye movements cannot be freely controlled and often suffer from simple

3



blink motion with naive motion pattern. For better controllablity, Hao et al. [51]
devised a method enabling controllable blinking actions in talking face generation,
employing a blink conversion network and joint training to enhance conversion
effectiveness. Their following work [86] introduced a feature-driven architecture
facilitating direct control over blink actions in high frame rate videos, ensuring
blink features govern blink actions independently of facial and identity features.
Some other works leverage one-hot label [175] or a reference video clips [80] to
manipulate the movements around eyes. Despite accomplished controllability, it
requires external manual interference with assigned reference video or labels.

Therefore, a more natural way is to directly leveraging relevant information
from audio. Liu and Wang [87] proposed a two-stage method for generating de-
tailed talking faces by mapping speech audio features to action units, achieving
audio-driven conversion and producing more realistic videos with richer facial de-
tails. Lacking of diverse facial action units in their utilized dataset, their produced
results still fail to capture fine-grained semantic details. As MEAD (Multi-view
Emotional Audio-visual Dataset) [144], a large-scale dataset for emotional talking
face generation, is collected, later works [144, 121, 38, 65] are capable of generat-
ing emotion-aware talking faces with explicit control. But these works either rely
on categorical one-hot label [144, 121, 38] or external reference [65]. In Table. 1.1,
we briefly summarize those approaches that attempt to synthesize talking face
with realistic details. Most of them propose to leverage external features to con-
trol the generation progress. A natural way of directly utilizing information from
speech is worth exploring.

1.2 Research Summary

1.2.1 Inspirations and Challenges of Realistic Synthesis

Driving a face to talk with either a clip of audio [21, 189, 181, 110, 122, 186, 64, 22,
183] or video [155, 170, 14, 72] has long been the topic of interest for both the fields
of computer graphics and artificial intelligence. Earlier methods focus more on
modeling a specific person [131, 72]. Recent studies propose to achieve arbitrary
subject or one-shot talking face generation driven by audios or videos. A number
of studies borrow intermediate representations such as landmarks [170, 21] into
this task. But this is not convenient in our settings, as voice-reconstructed faces

4



have no fixed landmarks. Certain landmark-free methods [181, 110, 183] rely
on skip-connections thus require an image as network input. Specifically, [14]
disentangles facial identities and poses in a style-based framework. However,
they require a meta-learning stage on ground truth videos.

It has been proven in neuroscience and psychology [66, 93] that detailed fa-
cial appearances can somehow be inferred from human voices. The same genetic,
physical or environmental factors may biologically affect both voice and face [152].
Based on this knowledge, recent studies in artificial intelligence have sought to
associate facial appearances with the human speech in a data-driven manner.
They propose to retrieve faces with speech [98, 71, 97] and even directly generate
face images from speech [100, 153, 24], to fulfill human’s visual imagination when
hearing a voice. However, previous studies focus more on depicting a still face im-
age. They normally match audio features with visual ones [100, 153, 24], and then
leverage a pretrained face normalization or generation network for reconstruction.
But facial appearance is not the only thing that we can imagine when listening
to a clip of speech. We shall also picture the mouth movement which is strongly
correlated with the content of the speech. Meanwhile, researchers have succeeded
in driving a known facial image to speak conditioning on audios [181, 21], but the
reference identity has to be given. The ability to directly generate the appearance
and movements of a face could be useful in multiple scenarios, such as animating
virtual humans solely from a piece of speech. This is a non-trivial task. On one
hand, there is no fixed matching between voice and faces. It is not possible to
reconstruct the exact face given a clip of speech. On the other hand, identity and
lip motion information are entangled within both faces and audios. It is difficult
to build supervision for both information individually at the same time.

Another often overlooked aspect of human speech is the implicit speaker status
it conveys. Humans possess the innate ability to infer the perceived speaking
status of an individual based on their voice. To synthesize expressive speech-
driven 3D talking face, previous work either 1) model the correlation between
dynamic head poses and audio rhythm [22, 129] or 2) borrow an external rep-
resentation [91, 90, 108] such as emotion labels or video clips as style reference
during generation. However, the head dynamics hold limited expressive ability
thus only yield coarse alignment, neglecting the emotional nuances present in
the audio content. The latter studies require manual style source selection by
users, leading to unnatural applications. In the paper, we explore a more natural
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scenario, targeting to directly leverage the underlying style information conveyed
by human speech for generating an expressive talking face that aligns with the
speaking status.

Synthesizing diverse and plausible facial details based on speech while main-
taining accurate lip synchronization is a highly challenging task. This challenge
stems from the inherent ill-posed nature of the problem, characterized by 1)
one-to-many relationship between audio inputs and potential facial movements
consistent with the spoken content. Some efforts [22, 169, 92] have introduced
diffusion mechanisms to tackle diverse generation. However, direct diffusion from
audio to facial motion requires bridging a huge modality gap while the infor-
mation within speech and facial movements are often weakly correlated. With
heavy learning burden and limited model capability, such practice is prone to
capture only coarse alignment with audio cues, neglecting emotional nuances of
the speaker. 2) The intertwining of the speaker’s talking style and lip movements
further complicates the synthesis process. Prior work [91] aimed to address this
entanglement by controlling specific coefficients of a parametric model. However,
such practice relies on a disentangled parametric model, which is not always
accessible or precise.

In summary, few studies have delved into leveraging the fine-grained vocal
characteristics of speakers, including personal identity and speaking status, within
the realm of talking face synthesis. This serves as our motivation to develop a
suitable strategy aimed at fully uncovering these nuanced vocal attributes and
harnessing them to enhance the realism of synthesis.

1.2.2 Research Objective

In this study, we delve deeper into the intricate correlations between speech and
facial expressions, striving to extract as much detailed information as possible
from a speech clip. Our goal is to advance the realism of talking face synthesis
by enhancing the consistency between synthesized faces and the input human
speech. Specifically, our approach aims to imaginatively capture the speaker’s
unique vocal characteristics and reflect them in the generated speaker identity.
Additionally, we seek to explore the implicit speaking status embedded within
human voice and ensure that the synthesis of facial details aligns convincingly
with this context.
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Figure 1.1: Rather than adhering to a two-stage animation paradigm, we aim to
directly visualize a talking face from human voice.

1.2.3 Proposed Solutions

This study explores effective approaches to enhance the realism of talking face
synthesis by addressing the aforementioned issues, namely: (1) The autonomous
adaptation of the person’s identity in the talking face to match the input hu-
man speech, and (2) ensuring consistent facial details that correspond to the
speaking status conveyed by human speech. The key objective is to effectively
extract these pieces of information from the voice and seamlessly integrate them
into the synthesized videos. To establish fine-grained audio-visual associations,
we meticulously design a training strategy from both recognition and generative
perspectives. Specifically, we employ contrastive learning to fully exploit the dis-
tinctive features in human voice by maximizing mutual information. As for the
generator, we propose initially identifying a relevant space through feature disen-
tanglement, followed by learning to utilize these extracted pieces of information
within this identified feature space.

For the incorporation of speaker identity, we propose Speech2Talking-Face,
a generative framework that is not only capable of inferring appearances but also
driving the faces to talk with speech. As depicted in Fig. 1.1, our study diverges
from the two-stage animation paradigm. Rather than sequentially generating a
plausible face from human voice and then animating it with audio using a speech-
driven network, we aim to accomplish both tasks within a unified framework,
ensuring comprehensive integration of speech information. The key insight is
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to synchronize speech with visual representations in two branches, then utilize
a style-based generator for multi-modal information balancing. Specifically, two
latent spaces, namely the identity space and the identity-irrelevant space, are
defined through the reconstruction training of visual features as [14, 183]. Proven
to be effective for learning coherent audio-visual representations and cross audio-
visual generation [97, 28, 181, 182, 110, 47], the contrastive loss is leveraged
for our modality synchronization in the two spaces. Detailedly, due to the fact
that identity-irrelevant space contains speech-irrelevant information such as head
poses, we map speech features to a content subspace in the identity-irrelevant
space by synchronizing speech with the differences of visual feature. In this way,
the initial pose of our generated face can be determined by any facial image.
Furthermore, inspired by discoveries in face recognition [35], class centroids of
identities are leveraged for more compact identity representation learning.

Finally, the features from the two spaces are integrated in the style-based gen-
erator. Visual-to-audio curriculum learning is adopted to support the generator
in balancing information from two latent spaces and two modalities. After train-
ing, our model is capable of leveraging one clip of speech to generate a dynamic
face whose appearance is controlled by the identity space, with accurate lip mo-
tion controlled by the content subspace. Compared with previous methods, our
generated results are of higher quality and more attractive given our particular
ability to reflect speech content information.

For the incorporation of speaker talking status, we present AVI-Talking, an
Audio-Visual Instruction System for expressive Talking face generation. Our
key insight is to bridge the huge audio-visual modality gap with an intermediate
visual instruction representation. As shown in Figure. 1.2, in contrast to previ-
ous approaches that directly learn facial movements from audio, our framework
decomposes the audio-to-video generation into two stages, each with a distinctive
objective, thus significantly mitigating the optimization complexities. Specifi-
cally, while speaker voice entails complex information, language instruction typ-
ically conveys clearer meaning. This inherent clarity enhances the performance
of the synthesis network, leading to superior results. To facilitate this, we inte-
grate Large Language Models, leveraging their contextual reasoning capabilities
to comprehend human speech and simulate plausible speaker states. By separat-
ing the generation and understanding functions, we ensure specialized expertise
is responsible for each task. Furthermore, by presenting visual instruction as an
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intermediate output, our system not only enhances model interpretability but
also grants users the flexibility to specify desired instructions or modifications.
This feature enriches user interaction and greater customization.

As depicted in Fig. 1.2, the first stage aims for comprehending the speaker
talking state and imaginatively generate plausible facial expression details for
subsequent instruction, necessitating robust contextual reasoning and hallucina-
tion capability. Inspired by the impressive multi-modal understanding and gen-
eration abilities demonstrated by recent large language models (LLMs) [159, 5],
we propose integrating LLMs as an agent [145] to guide the talking face synthesis
process. The key aspect lies in formulating a soft prompting strategy to har-
ness the prior contextual knowledge underlying LLMs for speaker talking state
comprehension. To achieve this, we initially employ a Q-Former to contrastively
align speech features with visual instructions. Building upon the aligned audio
features, we fine-tune a small number of parameters in the input projection layers
for domain adaptation. Such practice not only facilitates efficient tuning but also
promotes the utilization of language priors.

In the second stage, with the obtained visual instructions, our objective is to
develop a speech-to-talking face network capable of synthesizing facial details that
adhere to the provided instructions while preserving accurate lip movements. To
address the inherent entanglement between lip movements and the speaker’s talk-
ing style, we propose deriving a compressed latent space that distinctly identifies
features related to speech content and those irrelevant to content. By integrat-
ing both types of latent features, we can reconstruct expressive facial movements
through a talking generator, thereby bypassing issues associated with inaccu-
rate or inaccessible disentangled parametric spaces [90]. In order to leverage this
devised talking prior for instruction-following generation, it is crucial to align
visual instructions within the content irrelevant space. To facilitate joint repre-
sentation learning, we introduce a contrastive instruction-style alignment and dif-
fusion strategy. Specifically, we initially align the visual instruction contrastively
to the shared content irrelevant space, upon which a diffusion prior network is
employed to further refine this joint representation towards the distribution of
the pre-trained talking prior.

In summary, this study presents a unified framework aimed at fully lever-
aging the implicit information within human speech by enhancing fine-grained
cross-modal associations. This framework facilitates two novel applications and
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Figure 1.2: Unlike previous works, we introduce an audio-visual instruction mod-
ule to instruct the talking face synthesis process.

showcases its effectiveness in both 2D and 3D talking face settings.

1.2.4 Contributions

The contributions of this study are as follows.

1. We propose to extract as much speech-facial associated information as pos-
sible with two branches of audio-visual synchronization. We strengthen the
synchronized identity space with the concept of class centroids, and learning
a content subspace within the identity-irrelevant space.

2. We successfully achieve speech-inferred facial appearance reconstruction
and speech-driven talking face generation within a unified model called
Speech2Talking-Face. To the best of our knowledge, this problem has not
been addressed before.

3. We propose an innovative audio-visual instruction system, AVI-Talking,
that decomposes expressive talking face generation into two stages: audio-
visual instruction generation and facial movement synthesis. Experimental
results validate the capability of AVI-Talking in generating vivid 3D talking
faces with expressive facial details and a consistent emotional status.

4. To interpret the speaker’s talking status, we introduce Large Language
Models (LLMs) as agents for audio-visual instruction. They generate plau-
sible speaker talking status based on the human speech.
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5. For precise instruction-following synthesis, we introduce a language-guided
talking prior network with disentangled speech content and content-irrelevant
space. Additionally, we design a diffusion network to fully exploit the mo-
tion prior.

Through these contributions, this study advances the field of talking face syn-
thesis by paving the way for more realistic outcomes. We provide a thorough
understanding of the complete utilization of human speech information and its
seamless integration into the synthesis process of a generative model. The effec-
tiveness of our approach is demonstrated through the presentation of two practical
applications, affirming the efficacy of our proposed strategy.

1.3 Thesis Outline
In the rest of this thesis, Chapter 2 describes the related work for realistic talking
face synthesis. This includes the prior works on 2D talking face synthesis and
speech-driven 3D talking head synthesis. The related work is described in two
veins, datasets, and approaches. The datasets part, in particular, provides the
details of the four datasets used in this study. In addition, Chapter 2 introduces
the preliminary knowledge relevant to this study, including the definition of 3D
parametric facial models, the StyleGAN architecture, the basic theory of diffusion
models, and the pretrained models which serve as the feature extraction models
in this study.

Chapter 3 provides a high-level overview of philosophy behind this realistic
talking face system, including research motivation, design choice of our framework
and in-depth analysis of common points behind our promoted applications.

Chapter 4 introduces the first application, Speech2TalkingFace, to improve the
speaker identity consistency between visual synthesis and human speech input.
This approach is focused on the task setting of synthesizing a talking face solely
from a clip of audio, and aims to generate both lip-synchronized and speaker
identity consistent videos.

Chapter 5 introduces the second proposed application, AVI-Talking, to improve
the emotional consistency between visual synthesis and human speech input. This
approach introduces the texts to reinforce the feature extraction of speech emotion
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and leverages Large Language Models (LLMs) to instruct the 3D talking face
synthesis process.

Chapter 6 concludes this thesis by summarizing the proposed methods. It also
discusses the limitations of this work and the future directions.
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2 Related Work and Preliminary

In this chapter, we provide an overview of the related work in talking face syn-
thesis. This includes a thorough examination of general talking face generation
techniques and research focused on enhancing the realism of synthesis meth-
ods. We also present a detailed description of commonly used datasets in the
field. Additionally, we incorporate a range of studies that have influenced and
served as foundational elements for our research, covering face-voice association
learning, emotion recognition, and the use of large language models (LLMs) in
cross-modality applications. Furthermore, this chapter offers an introduction to
the essential preliminary knowledge necessary for a comprehensive understanding
of our research.

2.1 Related Work on Talking Face Synthesis

2.1.1 Datasets

VoxCeleb2 [30]. VoxCeleb2 features 6,112 celebrities, spanning over 1 million
utterances. Of these, 5,994 speakers are included in the training set, while the re-
maining 118 are allocated to the test set. Most videos are sourced from YouTube,
resulting in a wide variance in video quality. Some videos exhibit extreme char-
acteristics, such as significant head pose movements, low-light environments, and
varying degrees of blurriness. Importantly, none of the identities in the test set
have been encountered during the training phase. Figure 2.1 provides visual ex-
amples of speaking faces, shown in the left segment.

Lip Reading in the Wild (LRW) [29]. This dataset is specifically designed
for lip reading, containing over 1,000 utterances of 500 distinct words in each
1.16-second video clip. Each video comprises 29 frames at a frame rate of 25Hz,
with the target word positioned in the middle of the clip. Unlike VoxCeleb2, the
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Figure 2.1: Samples from VoxCeleb2 dataset and LRW dataset [30, 29].
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• Dataset can be easily created by GPT-4V or other MLLMs (LLaVA).

Figure 2.2: Description of InstructAvatar [149] dataset.

videos in this dataset are mostly clean, high-quality footage sourced from BBC
news, featuring near-frontal faces. Consequently, a significant portion of both the
utterances and identities in the test set are also encountered during training. No-
tably, the facial region cropping in this dataset includes more of the hair region.
Visual samples of these facial images are provided on the right side of Figure 2.1.

InstructAvatar [149]. InstructAvatar dataset is devised by augmenting the
MEAD [144] dataset. To extend the emotional labels, the Facial Action Units
(AUs) are first detected to describe muscle movements as depicted in Fig. 2.2.
Large language models, GPT-4V, are capitalized to connect these key words and
paraphrase them with diverse natural language descriptions. Meanwhile, the ex-
tracted visual frame is also fed into GPT-4V to refine the obtained descriptions
for consistent expressions.

MeadText [90]. MeadText builds upon the Mead dataset, as introduced in
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Figure 2.3: Description of MeadText [90] dataset.

Wang et al.’s work [144], which features speaking videos encompassing eight dis-
tinct emotional states. The annotation process for MeadText, illustrated in Fig-
ure 2.3, involves both coarse and fine-grained levels of emotion categorization.
Specifically, annotators classify emotions into various levels, and a corresponding
phrase associated with the labeled emotion is randomly selected for coarse-level
annotation. For fine-grained annotation, off-the-shelf Facial Action Units net-
works (FAUs) are used to detect activated AUs. A lookup table is then employed
to associate a phrase describing the detailed action, as depicted on the right side
of the figure.

RAVEDESS [89]. The RAVDESS (Ryerson Audio-Visual Database of Emo-
tional Speech and Song) is a resource designed for emotion recognition research.
It features recordings from 24 professional actors (12 female, 12 male) produc-
ing over 1,440 utterances in a neutral North American accent. The database
encompasses eight speech emotions: calm, happy, sad, angry, fearful, surprised,
disgusted, and neutral, with each emotion expressed at two levels of intensity:
normal and strong. RAVDESS includes three modality formats: audio-only,
audio-video, and video-only.
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Figure 2.4: Vocal features pertinent to facial characteristics are identified in gen-
erative process [24].

2.1.2 Face-Voice Association Learning and Reconstruction

Studies on face-voice association learning [98, 97, 71, 57] aim to reveal the re-
lationship between facial appearance and voice through cross-modal matching.
Nagrani et al. [98] introduce both binary and multi-way cross-modal face and
voice matching tasks via classification. In their subsequent work [97], they pro-
pose learning common cross-modal embeddings for person identity using a self-
supervised framework with contrastive loss. Metric learning [71] and multi-task
learning [152] are employed to develop a shared representation for different modal-
ities. In our work, we also utilize a similar contrastive learning approach for our
identity space embedding, demonstrating that our synchronized speech-identity
representation benefits face-voice association learning.

Reconstructing faces from human voices has recently garnered significant at-
tention in artificial intelligence due to its potential applications in entertainment
and security. Speech2Face [100] leverages a pretrained face encoder and a fixed
face normalization decoder to map speech embeddings to face embeddings, but
their results suffer from severe artifacts due to the decoder’s limited capability.
Wav2Pix [36] employs a speech-conditioned GAN architecture but fails to gen-
eralize to speakers outside its training set. Voice2Face [153] uses an identity
classifier and an image discriminator to better preserve identity while generating
faces from voices. However, this approach only generates fixed frontal-view faces.
To disentangle factors unrelated to facial characteristics, Choi et al. [24] add an
extra random latent code to implicitly cover these factors. Their work shows that
vocal features pertinent to facial characteristics can be identified in latent space,
as depicted in Fig. 2.4. However, their methodology only accomplishes uncondi-
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tional interpolation within the identity-irrelevant space, lacking the capacity to
facilitate facial animation requiring explicit control. Meishvili et al. [95] advocate
that audio can help recover reasonable high-resolution faces by mixing audio with
low-resolution faces. It has been demonstrated [157] that face geometry can be
inferred from voices to some extent. Their studies of correlations between face
geometry and voices reveal the possibility of learning face meshes from voices,
and they introduce a novel Absolute Ratio Error (ARE) metric to evaluate the
reconstructed 3D geometry. Nevertheless, previous studies have primarily focused
on extracting appearance information from speech to generate static faces from
voices.

2.1.3 Audio Emotion Recognition and Caption

Speech Emotion Recognition (SER) entails detecting and classifying emotions in
spoken language, ultimately categorizing them into specific labels such as happy,
sad, angry, or neutral. This field has significant applications in human-computer
interaction, customer service, healthcare, and entertainment, where understand-
ing emotional cues can enhance user experience and interaction quality. From
the perspective of pattern recognition, SER [70] can be divided into three main
components: feature extraction, feature selection, and feature classification. Ex-
tracted features include Mel-Frequency Cepstral Coefficients (MFCC)[32], which
capture the short-term power spectrum of sound, and Linear Predictive Coding
(LPC)[17], which models the vocal tract and helps in identifying the formants
of speech. With advancements in deep learning, feature classifiers have evolved
from methods like Linear Discriminant Analysis (LDA)[88] to neural network
architectures such as CNNs and Transformers[138].

SER faces several challenges due to the inherent complexity of emotions. Emo-
tions are often subtle and context-dependent, making them difficult to categorize
accurately. For example, a person might express mixed emotions, such as feel-
ing both happy and sad, which complicates the classification task. Additionally,
cultural and individual differences can affect how emotions are expressed and
perceived, adding another layer of difficulty to SER.

To tackle this challenge, employing more intricate labels such as caption de-
scriptions instead of simple categorization labels can be beneficial. Automated
audio captioning (AAC) [165, 73] stands out as a pivotal task within the au-
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Figure 2.5: Approaches of 2D Expressive Talking Head Generation [144, 91, 90].

dio domain, articulating ambient sounds using natural language. Diverging from
tasks like audio tagging [167] or sound event detection [8], AAC necessitates pin-
pointing specific events and articulating them fluently. Since its inception, the
encoder-decoder framework [130] has emerged as the predominant solution to
this challenge. Techniques such as AudioClip [50] and CLAP [160] leverage con-
trastive learning to forge a robust connection between audio and text, thereby
enhancing the encoder-decoder paradigm. Recent research [166] has even show-
cased the capability of describing the emotional context of speech clips through
textual means.

2.1.4 Expressive 2D Talking Face Generation

Facial expressions play a crucial role in creating lifelike talking heads [114].
Researchers [140, 158, 63, 121, 80, 65, 91, 175] endeavor to synthesize realis-
tic facial features while ensuring accurate lip synchronization. Initially, meth-
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ods [34, 45, 49, 132, 144] encoded expressions using a limited range of emotion
labels represented as one-hot encodings. However, to capture nuanced facial
expressions during speech, a new wave of techniques [65, 80, 91] incorporate ref-
erence videos as a richer stylistic source. As depicted in Fig.2.5, the red boxes
highlight the synthesized results. The first row showcases an approach[144] rely-
ing on emotional labels for information. In contrast, the second row presents a
strategy [91] utilizing another reference video as the style source.

While these methods operate effectively on RGB videos, they heavily depend
on intricately designed disentanglement strategies. However, this approach fre-
quently leads to limited expressiveness due to the inherent difficulties associated
with disentanglement. Additionally, these 2D animation stylized talking face
methods have restricted applicability in contexts requiring 3D representations,
such as augmented reality (AR) scenarios.

Instead of requiring users to search for a stylized source, a more user-friendly
approach involves directly leveraging speaking styles from the input audio. While
some methods [63, 121, 164] utilize networks to extract emotion labels, their ca-
pacity is limited to inferring only a discrete number of emotion classes from
audio signals. Other researchers aim to achieve rhythmic synthesis by aligning
head poses [22] or expressions [169] with audio cues. However, these efforts often
result in coarse alignment without adequately considering the emotional content
of the audio, leading to a lack of expressiveness. To enhance the vividness and
controllability of talking head generation, recent works leverage text as an inter-
face, enabling users to specify their desired styles [90, 141], as illustrated in the
last row of Fig. 2.5.

2.1.5 Speech-Driven 3D Talking Head Generation

To broaden their applicability, 3D talking head generation techniques utilize
3D representations to animate expressive facial motions. In contrast to 2D fa-
cial animation, which operates on RGB videos, 3D animation employs speech-
conditioned animation, utilizing geometric representations such as 3D paramet-
ric templates [41] or implicit functions like NeRF [48] or SDF [3]. As depicted
in Fig. 2.6, the left side displays some template-based samples, while the right
side showcases constructed meshes from implicit functions. It’s evident that the
generated visualizations are more vivid with included hair details, owing to the
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Figure 2.6: Approaches of 3D Talking Head Generation [41, 3, 113].

flexibility of implicit function representation.
In template-based speech-driven approaches, techniques like [41, 163, 31] em-

ploy speech signals to drive each vertex of a predefined mesh. While these meth-
ods effectively synchronize facial motion with the audio input, they often rely on
deterministic models, leading to rigid motion in areas unrelated to speech and
resulting in unnatural synthesis. To address this issue, some approaches [108]
focus on capturing upper face movements by employing separate latent codes
for audio-related and non-audio-related motions, such as blinking and eyebrow
raises.

To overcome these limitations, recent approaches [129] have introduced a dif-
fusion mechanism known for its remarkable generative capability. This technique
yields diverse high-quality synthesis results [135, 76], incorporating more expres-
sive facial details.

2.1.6 LLM for Cross-Modal Learning

Large language models (LLMs) have showcased profound capabilities [151, 59] as
remarkable reasoning engines across various language generation tasks, credited
to their emergent ability [150]. Diverse LLMs, including OPT [174], LLaMA [136],
and GLM [171], can be fine-tuned or directed for various purposes [103]. Particu-
larly, many studies aim to develop LLMs proficient in multi-modal reasoning and
actioning [159], leading to the emergence of MM-LLMs. Some research indicates
that LLMs might even surpass diffusion models on standard image and video
generation benchmarks [5].

In the pursuit of LLMs capable of handling both multi-modal input and output,
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certain approaches explore using LLMs as decision-makers [115] and employing
existing off-the-shelf multi-modal encoders and decoders as tools for processing
multi-modal input [187] and output [60, 166, 127].

With rich contextual prior knowledge, LLMs adeptly tackle a multitude of
visual-language tasks [1, 177, 16] through appropriate prompting adaptation.
Through visual instruction tuning, LLMs discern image content, reason about
involved events, and generate plausible responses [78, 84, 187]. Subsequent stud-
ies [74, 125, 156] have shown that LLMs can naturally provide visual feedback by
leveraging an image rendering backbone such as a diffusion model. Recently, re-
searchers have employed LLMs to facilitate the image generation process [43, 44],
where the language model exhibits impressive capabilities in layout reasoning and
instruction execution.

2.2 Preliminary
This section provides an overview of the essential preliminary knowledge for this
study. Firstly, we present the biological basis of vocal production, which serves
the theorectical foundation of our study. Then we introduce some fundamen-
tal backbones utilized in this research, namely StyleGAN and diffusion models.
Next, we discuss the foundation of parametric facial models used for representing
3D animation. Furthermore, we briefly introduce evaluation metrics for natural
language generation, given their relevance to this study. Lastly, we describe the
pretrained models, including SyncNet, Wav2Vec, and LLaMA, which serve as the
foundational models in the proposed approaches.

2.2.1 Biological Footprint of Vocal Production

Speech is produced through a sequence of coordinated actions involving respi-
ration, phonation, resonance, and articulation [42]. In mammals, the process
begins with the lungs generating airflow that passes through the larynx. The
larynx then converts this airflow into sound via the vibration of the vocal folds.
This sound is subsequently filtered by the vocal tract and radiated into the en-
vironment through the lips and nostrils. This production process involves three
key systems: the respiratory system, the phonatory system, and the filter system
(which typically includes the resonatory and articulatory systems) as shown in
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Figure 2.7: Vocal Production of Mammals [12].

System Location Function in Associated
vocal production vocal parameters

Source Respiration Lungs and Conducting the Amplitude, duration
trachea air flow F0

Phonation Larynx Transforming the air F0
into sound

Filter Resonance Vocal tract Filtering the Formats, relative
source sound engery distribution

Arcticulation Tongue, lips Transforming in F1 and
language speech F2 contours

Table 2.1: Vocal production mechanism in mammals [12].

Tab. 2.1. For humans, the uniquely low position of the larynx in the throat allows
us to modify the size of our oral cavity using the tongue, lips, teeth, and jaw. By
constricting the vocal tract at various points, we can alter the acoustic properties
of the first two formants (F1 and F2), thereby producing distinct vowel sounds.
Higher formants (F3 and beyond) are influenced by the length of the vocal tract.
This ability to fine-tune the vocal tract configuration is fundamental to the pro-
duction of the wide array of speech sounds characteristic of human language.
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Impact of Emotions on Vocal Parameters. Fig. 2.7 illustrates the source-
filter theory of vocal production[12]. When humans experience emotions, changes
occur in the somatic and autonomic nervous systems (SNS and ANS), affecting
the tension and morphology of muscles involved in voice production. These mod-
ifications influence vocal parameters by altering the structure of the vocal appa-
ratus. Specifically, the SNS primarily affects motor expression, while the ANS
impacts respiration. Due to the distinct roles of the sympathetic and parasym-
pathetic branches in different emotions, the effects of the ANS on vocalizations
vary. Typically, high-arousal emotions are associated with high sympathetic tone
and low parasympathetic tone. Physiological arousal mainly impacts parame-
ters related to respiration and phonation, such as fundamental frequency (F0),
amplitude, and duration. Emotional valence, on the other hand, is reflected in
intonation patterns and voice quality, affecting the energy distribution in the
spectrum. High-arousal emotions, such as fear or joy, are characterized by an
increase in amplitude, F0, F0 range, and F0 variability. In contrast, low-arousal
emotions, such as boredom, are associated with lower F0 and a slower speech rate.

Individual Differences on Articulation. Some studies [154] have demon-
strated the differences among speakers in lingual articulation. Speech kinematic
research has discovered differences between varied talkers. It revealed that tongue
shapes for a sound vary widely across talkers for a single phonetic context, and
continuously across the representational space. These variations highlight the
complexity of speech production, as individual anatomical and physiological char-
acteristics contribute to distinct articulatory patterns. For instance, factors such
as tongue length, muscle strength, and the flexibility of different parts of the
tongue can all influence how sounds are produced. Additionally, habitual speak-
ing styles and learned speech behaviors further contribute to these articulatory
differences.

2.2.2 StyleGAN

StyleGAN [68] marks a significant advancement in generative modeling, espe-
cially in creating realistic human faces. Unlike earlier GAN variants, StyleGAN
introduces a novel synthesis architecture that operates across multiple levels of ab-
straction, enabling the generation of high-resolution images with unprecedented
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Figure 2.8: StyleGAN2 [69] (Right Side) architecture replace the instance nor-
malization with a demodulation operation.

detail and diversity.
Central to StyleGAN is its innovative use of style-based generator and discrim-

inator networks, which separate the latent space from the image space. This
separation of w, illustrated in Fig. 2.8, allows for finer control over various as-
pects of image synthesis, including pose, expression, and lighting conditions. By
disentangling these factors, StyleGAN enables the creation of diverse and highly
customizable images with remarkable visual fidelity.

Building on the success of its predecessor, StyleGAN2 [69] further advances the
state-of-the-art in image synthesis. StyleGAN2 introduces architectural modifi-
cations such as weight demodulation, which enhance image quality and training
efficiency. In each convolutional block, a multi-layer perceptron is trained to cor-
relate random noise to a modulation vector M of identical dimensions to the
input feature’s channels. For each value wxyz in the convolution kernel weight w,
with x denoting its position in the input feature channels, y related to output
channel numbers, and z representing spatial location, modulation and normaliza-

24



tion occur based on the corresponding value of x in M:

wmxyz = Mx · wxyz√∑
x,z(Mx · wxyz)2 + ϵ

, (2.1)

with the addition of a small constant ϵ to prevent numerical errors [184]. Addi-
tionally, StyleGAN2 incorporates techniques such as path length regularization,
which encourages smoother and more interpretable latent space traversals, allow-
ing for finer control over generated images.

2.2.3 Diffusion Models

The goal of generative models is to learn a distribution that approximates real
data distribution q(x0). The denoising diffusion probabilistic models (DDPMs) [54]
present a multi-step progress to approximate q(x0) with pθ(x0) parameterized by
θ, involving both a forward and reverse process.

The forward process, often referred to as diffusion process, transforms the real
structured distribution into Gaussian noise, constructing a posterior distribution
q(x1:T |x0). This process follows a Markov chain that progressively introduces
Gaussian noise to the data samples. Formally,

q(x1:T |x0) =
T∏
t=1

q(xt|xt−1), (2.2)

q(xt|xt−1) = N (xt;
√

1 − βtxt−1, βtI). (2.3)

Here, the constants βt follow an increasing trend [54] such that when βt approxi-
mate to 1, the xt approximates the Gaussian noise distribution N (0, I).

The reverse process, also known as generative process, targets to reverse the
Gaussian noise back to joint distribution pθ(x0:T ). Formally,

pθ(x0:T ) = pθ(xT )
T∏
t=1

pθ(xt−1|xt), (2.4)

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)). (2.5)

Here, the variance Σθ(xt, t) = βtI is set as a time-dependent constant. Therefore,
a generative model Gθ could be devised to approximate mean value of Gaussian
distribution. For conditional generation, the conditional signal c can be naturally
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Figure 2.9: Linear Face Model of FLAME [79].

integrated into the network architecture. Formally, the model parameters θ are
optimized for all sampled timestamps t and x with the following objective:

Lθ = Ex,t[∥x − Gθ(x, t, c)∥2]. (2.6)

2.2.4 Parametric Face Model

Blanz and Vetter [9] first proposes the concept of generic 3D face model, 3DMM,
that learns from scanned data. 3DMM represents face model with linear bases
of shape, expression and texture by leveraging Principal Component Analysis
(PCA) to the collected 3D facial scans. And they release their face model as Basel
Face Model (BFM) [106]. The 3DMM model is composed of shape bases Aid,
expression bases Aexp and mean shape S. A template face mesh is constructed
as S = S + Aidαid + Aexpαexp after fitting the shape and expression coefficients
α. However, the BFM model is built only from head scans of 200 persons. Later
approaches [11, 10] extend this face model to 10000 facial scans of more diverse
subjects in neutral expression. To capture expression variation, FLAME [79]
collects 3800 scans of human heads and trains a linear model within linear face
shape space with articulated jaw, neck, eyballs, expressions and pose-dependent
blendshapes.

As shown in Fig. 2.9, the FLAME model is a parametric 3D head model ex-
pressed as a function M(β, θ, ψ) → (V,F), where the parameters consist of iden-
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tity shape β ∈ R|β|, facial expression ψ ∈ R|ψ| and pose θ ∈ R3k+3 involving
rotation R ∈ SO(3) and translation t ∈ R3. After conversion, FLAME outputs a
3D mesh with vertices V ∈ Rnv×3 and faces F ∈ Rnf ×3, where nv represents the
number of vertices and nf denotes the number of faces.

2.2.5 Evaluation Metrics of Text Generation

Due to the development of sequence-to-sequence deep learning technologies such
as transformer-based language models, Natural Language Generation (NLG) has
improved exponentially in recent years. It covers a broad range of tasks, includ-
ing machine translation, summarization, question answering, dialogue generation
and other open-ended generation tasks.

Evaluation Metrics. Evaluating the quality of generated text stands as a
cornerstone in Natural Language Generation (NLG) research. Metrics such as
BLEU [104] (Bilingual Evaluation Understudy), ROUGE [82] (Recall-Oriented
Understudy for Gisting Evaluation), and METEOR (Metric for Evaluation of
Translation with Explicit Ordering) serve as common tools to assess the fluency,
coherence, and relevance of the generated text. Here, we provide a brief overview
of the calculation process for these metrics.

The BLEU score assesses the similarity between a machine-generated trans-
lation and a reference text by measuring the precision of n-grams (contiguous
sequences of n words). It computes the frequency with which the sequence of
words in the output sentence appears within the reference, thereby quantifying
the quality of the translation. It can be written as

BLEU = BP × exp
(

N∑
n=1

wn · log(pn)
)
. (2.7)

The BLEU score calculates the weighted average of scores ranging from uni-
gram to N -grams. The weight for each n-gram, denoted as wn, typically employs
a uniform weight distribution, where wn = 1

N
. The pn represents the ratio of the

maximum number of times a specific n-gram occurs in the output sentence divided
by the total number of candidate n-grams. Additionally, the brevity penalty (BP)
is utilized to penalize shorter generations.
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Formally, the pn and BP is defined as

pn = Number of matching n-grams
Total number of candidate n-grams (2.8)

BP =

1, if c > r

e(1− r
c

), if c ≤ r.
(2.9)

The r represents the length of the referee sentence while c is for output sequence
length.

ROUGE [82] stands as another widely used metric, particularly favored for its
recall-oriented perspective in tasks like text summarization and machine transla-
tion. In our work, we specifically employ its variant, ROUGEL. This metric’s cal-
culation hinges on identifying the longest common subsequences (LCS) between
the candidate and reference texts. It quantifies the overlap of words appearing in
the same order in both the candidate and reference texts. For a given candidate
X and reference Y , ROUGEL is computed as follows:

ROUGEL = LCS(X, Y )
Length(Y ) . (2.10)

The Length(Y ) denotes the length of the reference Y , which serves to normalize
ROUGEL scores between 0 and 1. A higher score indicates a greater overlap
between the candidate and reference texts. The LCS(X, Y ) represents the length
of the longest common subsequence between X and Y , typically calculated using
dynamic programming techniques.

METEOR [7] calculates a score based on word-matching between candidate and
reference sentences. It utilizes a modified F1-score formula to combine precision
and recall. Formally, it is expressed as the harmonic mean of precision and recall,
given by:

METEOR = precision × recall
α× precision + (1 − α) × recall , (2.11)

where precision denotes the proportion of correctly matched uni-grams in the
candidate sentence, while recall indicates the proportion of correctly matched
uni-grams in the reference sentence. The parameter α acts as a weight to balance
precision and recall. This formulation takes into account both the accuracy of
matching and the penalty for unmatched words in the candidate and reference
sentences.
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In the realm of image captioning, CIDEr [147] ((Consensus-based Image De-
scription Evaluation)) emerges as a commonly employed metric, adept at consid-
ering both the relevance and diversity of generated descriptions. The computation
of the CIDEr score typically entails the calculation of TF-IDF scores, cosine simi-
larity, and the aggregation of similarity scores. The calculation of cosine similarity
proceeds as follows:

CosSim =
∑
w∈W TF-IDFcand(w) × TF-IDFref(w)√∑

w∈W (TF-IDFcand(w))2 ×
√∑

w∈W (TF-IDFref(w))2
. (2.12)

Following the computation of TF-IDF scores, which involves operations like Term
Frequency, Document Frequency, and Inverse Document Frequency Calculation,
the final CIDEr score is determined by aggregating the cosine similarity scores
across all n-grams. A higher CIDEr score indicates better agreement between the
candidate and reference descriptions in terms of both relevance and diversity.

SPICE [2] (Semantic Propositional Image Captioning Evaluation) score stands
as another metric for evaluating the quality of image captions. It assesses the
quality of generated descriptions based on semantic content and structure. The
SPICE score is calculated by combining both precision and recall scores, formu-
lated as:

SPICE = SPICEcontent × SPICEstructure. (2.13)

The content score, SPICEcontent, evaluates the proportion of matched semantic
propositions between candidate and reference descriptions, capturing the seman-
tic similarity. Conversely, the structure score assesses the structural similarity
between the candidate and reference descriptions, capturing how well the gener-
ated description follows the syntactic structure of the reference. Their detailed
calculation involves parsing, matching, and scoring semantic propositions [2].

In summary, BLEU is a precision-based metric that measures the n-grams by
comparing n-grams in the generated text with reference texts. METEOR tends
to be more lenient and is considered better for semantic relevance. ROUGE
measures recall and overlap of n-grams, focusing on how many words from the
reference appear in the generated text. For the CIDEr and SPICE metrics, they
are usually used for image caption evaluation. Specifically, CIDEr weights n-gram
similarity by how often an n-gram occurs across multiple references, favoring
less frequent but important words. The SPICE metric evaluates the quality
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Figure 2.10: Architecture of SyncNet [28].

by converting sentences into scene graphs that capture objects, attributes and
relationships, focusing on semantic correctness.

2.3 Pretrained Models

2.3.1 SyncNet

The SyncNet was first proposed by Joon Son Chung et al.[28] to determine the
lip-sync error in a video. A two-stream ConvNet architecture is trained to obtain
a joint embedding between the sound and mouth images from unlabeled data.
The SyncNet architecture is illustrated in Fig. 2.10.

The audio is represented by a heatmap of MFCC features, where its strength
indicates power at different frequency bins, and it is unrolled along the temporal
dimension. For the visual modality, a sequence of grayscale images around the
mouth area is utilized, typically using 5 frames of images spanning around 0.2
seconds. Both the audio and visual streams accept a spatial input of H ×W ×C

shape, and the network architecture adopts a stack of convolutional blocks. The
training objective uses contrastive loss [25] as the optimization target, formally
written as:
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Figure 2.11: Distances measured by SyncNet [28].

E = 1
2N

N∑
n=1

(yn)d2
n + (1 − yn)max(Tm − dn, 0)2 (2.14)

dn = ||vn − an||2, (2.15)

where the a and v are extracted fc7 feature vectors from audio and visual streams,
respectively. yn is the binary label indicating whether audio and video inputs are
from the synchronized time steps. And Tm is the loss margin. The loss calcu-
lation takes into account N positive pairs and N negative pairs. The process of
obtaining postive and negative sample pairs is depicted in lower part of Fig. 2.10.
Considering a video clip of 0.2 seconds, its genuine pair is chosen as the segment
of speech within that duration. For its false audio-video pair, the audio from the
same video is shifted by 2 seconds as a negative sample. This method ensures
that the network learns temporal alignment rather than speaker differences.

With this pretrained network, audio-video synchronization can be determined
by measuring the distance between their extracted features. Fig. 2.11 shows the
mean distance averaged over a clip between the audio and video features given
varied offsets. From left to right, three different scenarios are listed, including
synchronized audio-visual situations, audio faster than video, and uncorrelated
cases. Intuitively, when the L2 distance achieves its lowest value, audio and video
achieve the best synchronization at that offset value. Also, the closer the distance,
the better the synchronization quality. Therefore, the Confidence score is in-
troduced to evaluate synchronization quality, defined as the difference between
the minimum and the median of the Euclidean distances. Correspondingly, the
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Figure 2.12: Wav2vec models [116, 6] learn a robust speech representations in an
unsupervised manner.

L2 distance at this offset is defined as LSE-D. For scenarios where audio and
visual are uncorrelated, the confidence score will be very low because there will
be similar L2 distances for all time steps.

Later works [110, 184] have revealed that such pre-trained network can be used
as optimization objective to improve the lip-synchronization performance, further
demonstrating the effectiveness of audio-visual pre-training on unlabeled data.

2.3.2 Wav2Vec

Recent advancements in self-supervised learning of speech representations have
paved the way for more efficient and effective speech processing systems. One
notable approach in this domain is Wav2Vec [116, 6], which learns powerful
speech representations directly from raw audio signals in an unsupervised man-
ner. Fig. 2.12 presents the wav2vec architecture where raw audio waveform data
X is forwarded to a stack of convolutional neural networks (CNNs): an encoder
network X and an context network C. The encoder network maps the audio signal
to a latent space, while the context network integrates information from multiple
time steps to yield contextualized representations. This model is pretrained using
a causal convolutional network to predict future signals based on past samples.

During training, the model learns to distinguish a target sample zi+k, which
is k steps ahead in the future, from distractor samples z̃ drawn from a proposal
distribution pn. This discrimination is achieved by minimizing the contrastive
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loss Lk for each step k:

Lk = −
T−k∑
i=1

(
log σ(z⊤

i+khk(ci)) + λE
z̃∼pn

[log σ(−z̃⊤hk(ci))]
)

(2.16)

Here, σ(x) = 1/(1 + exp(−x)) denotes the sigmoid function, and σ(z⊤
i+khk(ci))

represents the probability of zi+k being the true sample. The overall loss is
computed as the sum of Lk across different step sizes and is applied to both the
context network and encoder network to enforce learning.

In the updated version, Wav2Vec 2.0 [6], the pretext task is modified to masked
modeling. The speech input within the latent space is masked, on top of which a
contrastive task is defined. Meanwhile, a quantized representation Q is introduced
to further enhance the contrastive objective as shown in right side of Fig. 2.12. In
contrast, they propose to jointly learn discrete speech units and contextualized
speech representations. For the context network output ct of masked time step
t, the model is tasked with identifying the quantized latent speech representa-
tion qt. This task involves navigating through a collection of K + 1 quantized
candidate representations, denoted as q̃ ∈ Qt, which includes the target qt and
K distractors. Notably, these distractors are uniformly sampled from other time
steps within the same utterance. Formally, the new contrastive loss is formuated
as

L = − log exp(sim(ct,qt)/κ)∑
q̃∼Qt

exp(sim(ct, q̃)/κ) (2.17)

where the sim(f1, f2) = f1
T f2/∥f1∥∥f2∥ denotes the cosine similarity between

context representations and quantized latent speech representations.

2.3.3 LLaMA

Trained on extensive corpora, Large Language Models (LLMs) have demonstrated
exceptional abilities across various tasks with simple instructions [13]. A series
of open-source LLMs, such as Flan-T5 [27], Vicuna [23], LLaMA [137], and Al-
paca [133], have significantly advanced the field and benefited the community.
Notably, LLaMA [137], which is trained solely on publicly available corpora,
achieves competitive results with top-tier models like Chinchilla [56] and PaLM-
540B [26], promoting the democratization and study of LLMs.
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params dimension n heads n layers learning rate batch size n tokens

6.7B 4096 32 32 3.0e−4 4M 1.0T
13.0B 5120 40 40 3.0e−4 4M 1.0T
32.5B 6656 52 60 1.5e−4 4M 1.4T
65.2B 8192 64 80 1.5e−4 4M 1.4T

Table 2.2: Architecture details of LLaMA [137].

LLaMA models are available in sizes ranging from 7 billion to 65 billion pa-
rameters, accommodating various computational budgets. The LLaMA network
utilizes the standard transformer architecture [138], with detailed architecture
and training hyperparameters summarized in Table 2.2. To enhance perfor-
mance, several techniques have been implemented, building on designs from
previous models like GPT-3, PaLM, and GPT-Neo. Specifically, the LLaMA
network employs input pre-normalization via RMSNorm [173], following GPT-
3’s approach. It replaces the original ReLU activation function with the more
advanced SwiGLU [118], as seen in PaLM. Additionally, rotary positional em-
bedding (RoPE) [124] is used at each transformer layer, replacing the standard
absolute positional embeddings used in GPT-Neo.

Network Architectures. The overall architecture of LLaMA [137] adopts a
transformer network [138], as illustrated on the left side of Fig.2.13. Unlike
RNN-based approaches such as LSTM[55], transformers handle sequential data
in parallel, enabling them to model long-term dependencies more effectively. The
transformer follows an encoder-decoder structure connected by an attention mech-
anism.

The encoder processes an input sequence X = (x1, · · · , xn) and learns a se-
quence of latent embeddings z = (z1, · · · , zn) using N stacks of self-attention
blocks and fully connected layers. The decoder then generates the output se-
quence Y = (y1, · · · , ym) sequentially, based on these latent representations, using
N stacks of blocks. Unlike the encoder, each decoder block includes an additional
layer that performs feature fusion of the encoder’s output and a masked sequence
input via multi-head attention. Here the n and m denote the lengths of the input
and output sequences, respectively.
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Multi-Head Attention

Attention

Figure 2.13: Basic transformer architecture [138].

A crucial component of this architecture is the multi-head attention mechanism,
depicted on the right side of Fig. 2.13. Instead of performing a single attention
operation, multi-head attention utilizes multiple parallel attention layers that
project the queries, keys, and values to dimensions dk, dk and dv, respectively.
Such practice allows the model to jointly attend to information from different
representation subspaces for a set of Q,K and V vectors with dmodel dimensions,
thereby enhancing learning and performance. Formally,

MultiHead(Q,K, V ) = Concat(head1, · · · , headh)WO (2.18)
where headi = Attention(QWQ

i , KW
k
i , V W

V
i ). (2.19)

The projection matricesW are defined asWQ
i ∈ Rdmodel×dk ,WK

i ∈ Rdmodel×dk ,W V
i ∈

Rdmodel×dv and WO ∈ Rhdv×dmodel . The h indicates the number of scaled dot-
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product attention operation involved within a MultiHead module. Its calculation
process is illustrated on top-right side in Fig. 2.13. Formally, the Q,K, V s are
integrated with

Attention(Q,K, V ) = softmaxQK
T

√
di
V. (2.20)
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3 Research Proposal

3.1 Realistic Talking Face Synthesis
Given a clip of human speech, this task targets to synthesize a talking face that
well synchronized with the speaker voice. Below, we summarize several crucial
aspects that a realistic talking face synthesis system is expected to encompass:

• High Image Quality: Low-resolution images or renderings with evident
blurring or generative artifacts will significantly degrade manifestation per-
formance.

• Lip Synchronization: Mouth movements must be well synchronized with
the speech content.

• Vivid Demonstration: The system should encompass distinct talking
aspects such as natural head poses, alterations in emotion, and speaker
characteristics.

• Consistent Synthesis: Synthesis results should accurately reflect the
speaker’s facial characteristics or speaking status.

• Versatile Control: The synthesis system will be more flexible and user-
friendly with a greater range of controllable perspectives.

Meeting these requirements proves particularly challenging due to the com-
plex cross-modality nature involving various interleaved elements. The synthesis
system must adeptly integrate disparate knowledge from both audio and visual
sources. The difficulty of realistic generation arises from two perspectives:

1) Initially, the input information is intertwined, with certain weak vocal fea-
tures presenting uncertainty and ambiguity. Consider the human voice, which
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encompasses speech content, emotional status, and speaker identity, all interwo-
ven. While speech content can be easily discerned, emotional status and speaker
identity may lack obvious clues, presenting various plausible possibilities. Effec-
tively extracting the required information from human speech within a unified
framework poses non-trivial challenges.

2) Conversely, integrating these pieces of information for talking face synthesis
demands cross-modality consistency across various aspects, such as facial appear-
ance and motions. This task is further complicated by the multitude of move-
ment patterns within a talking face, including head pose variations, facial action
units, and mouth movements. Head movements, akin to ridge movements, pos-
sess fewer degrees of freedom (DoF), whereas lip motions exhibit frequent changes
corresponding to spoken words, contrasting with the low-frequency alterations in
emotional expressions and other facial actions.

Numerous studies have delved into enhancing the realism of talking face syn-
thesis.

1) In pursuit of improving visual quality, several approaches have been proposed
to augment synthesis regions [175, 184], ensure temporal consistency [168], or
enhance synthesis resolution [176]. However, many of these methods overlook
the importance of maintaining identity consistency between human speech and
speaker identity, potentially impacting the audience’s experience.

2) To enhance motion naturalness, previous works either model the correlation
between dynamic head poses and audio rhythm [22, 129] or incorporate external
representations [91, 90, 108] such as emotion labels or video clips as style ref-
erences during generation. The former approaches offer limited expressive head
dynamics, resulting in coarse alignment that neglects emotional nuances present
in voice. Meanwhile, the latter studies necessitate manual style source selection
by users, leading to unnatural applications. Few works exploit direct utilization
of the underlying style information conveyed by human speech in talking face
synthesis.

Despite the ambiguous nature of identity features and speaking status within
vocal features, accurately capturing this fine-grained information and modeling it
significantly contributes to natural and realistic talking face synthesis. We argue
that a core pathway to achieving such synthesis lies in devising a sophisticated
strategy to fully exploit the fine-grained cross-modal associations. Developing a
system that integrates the aforementioned ambiguous cues and accurately reflects
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Figure 3.1: Talking face system that also considers speaker identity and status.

them onto faces demands meticulous architectural design and training paradigms,
representing an open problem worthy of exploration.

3.2 Research Approach
We target to accomplish realistic talking face synthesis via enhancing fine-grained
cross-modal association. Our key insight is to fully leverage the underlying in-
formation present in human voice and incorporate it into the generative process.
Recognizing that previous talking face synthesis systems often overlook speaker
identity and speaking status in human speech, we focus on uncovering and lever-
aging these factors during the synthesis of a talking face as shown in Fig. 3.1. In
the following sections, we present our proposed strategy of audio-visual associ-
ation learning and its derived novel applications to validate the effectiveness of
this approach.

3.2.1 Audio-Visual Association Learning

As mentioned above, the difficulty of realistic synthesis lies in both recognition
and exploitation of relevant information in generation process. We introduce
contrastive learning and disentanglement strategy to resolve these two issues, re-
spectively.

Feature Enhancement via Contrastive Learning. Leveraging relevant fea-
tures from human speech involves first identifying and enhancing features related
to speaker identity and speaking status. These features, however, are often weak
or ambiguous compared to speech content. Contrastive learning [52] offers an ef-
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fective approach to enhancing feature extraction by maximizing mutual informa-
tion across modalities. Previous studies [20, 110, 75, 181, 188] have demonstrated
the benefits of enhancing mutual information between audio and visual modalities
for lip synchronization. Inspired by this, we construct relevant pairs with simi-
lar information to enhance the extraction of speaker identity and talking status
within audio. For speaker identity extraction, we leverage video frameworks that
capture strong personal characteristics such as facial appearance and shape. As
talking status expression is more implicit, we propose leveraging explicit language
descriptions to enforce it. In summary, we borrow explicit visual cues to enforce
the feature representation to human voice. To maximize the mutual information,
we need to carefully construct paired features Fv

ex ∈ Rlc and Fa
im ∈ Rlc as pos-

itive samples and choose N− negative audio features Fa−
im ∈ RN−×lc . Following

the InfoNCE [101], the loss function can be formally represented as

Lc = −log[ exp(D(Fv
ex,Fa

im))
exp(D(Fv

ex,Fa
im)) +∑N−

j=1 exp(D(Fv
ex,Fa−

im(j)))
]. (3.1)

The D indicates feature distances measurement, where the cosine distance D(F1,F2) =
FT

1 ∗F2
|F1|·|F2| is commonly adopted and closer features often render larger scores.

Feature Integration within Disentangled Space. Realistic synthesis ne-
cessitates the natural integration of disparate aspects of generation, including
personal identity, head movement, lip sync, and facial action units. With the en-
hanced features, the talking face synthesis system is expected to integrate them
with other information from audio-visual sources. Therefore, an approach to ap-
propriately incorporate them into the corresponding aspects precisely is crucial
for successful manifestation. We propose accomplishing latent space disentangle-
ment of the generative network before integration. Subsequently, the utilization
of enhanced features becomes a problem of learning an effective mapping into
the corresponding semantic space. Such incorporation practice ensures that the
generation progress is well delegated to each specific semantic space in advance,
preventing undesirable interference with other elements. Specifically, we aim to
prevent speaker identity or talking status from impacting the lip movement of our
synthesized face. Therefore, the generative model is expected to complementarily
disentangle into speech content space and identity space or talking status space,
respectively.
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Figure 3.2: Applications of Realistic Talking Face via Cross-Model Associations.

3.2.2 Case Studies on Novel Talking Applications

By strengthening the cross-modal connections between different components of
the system, we can explicitly synthesize fine-grained characteristics. This en-
hancement not only improves the realism of talking face synthesis but also enables
innovative applications as shown in Fig. 3.2. Here, we outline specific associa-
tion strategies, such as leveraging speaker identity and speech status from human
speech, and their resulting novel applications:

• Speech2Talking-Face [126]. This novel approach involves directly infer-
ring a talking face from human speech by disentangling associations between
facial images and the underlying identity characteristics within the voice.

• AVI-Talking [128]. This system functions as a talking face instruction
tool, allowing users to manipulate the speaker’s talking status. Multi-Modal
Large Language Models meticulously model the underlying talking status
within human speech and facial movements.

As depicted in Fig. 3.2, human voice carries abundant information, with speech
content typically being explicit while speaker identity and talking status features
are often weak and ambiguous. In our research, we focus on enhancing these
subtly vocal attributes and incorporating them into our generative framework.
The Speech2TalkingFace work specifically amplifies speaker identity, resulting in
a talking system that is attuned to individual characteristics. Meanwhile, the
AVI-Talking work reinforces implicit talking status, fostering the development of
audio-visual instruction synthesis systems.
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Figure 3.3: System Overview.

3.3 System Overview
Fig. 3.3 illustrates the overview of our proposed system. In order to fully lever-
age the rich information embedded in human voice, we have incorporated several
strategies, such as contrastive learning, to amplify the vocal features. These
implicit features, encompassing speaker identity and speech status, are meticu-
lously integrated into the synthesis network, enabling innovative applications as
depicted on the right side of Fig. 3.3. Speaker identity derived from the voice is
reinforced and, in conjunction with speech content, is separately input into the
disentangled space of a generator, thereby advancing the Speech2TalkingFace ap-
plication. Similarly, the speech status is extracted and linked to the disentangled
latent space for AVI-Talking. Importantly, our association learning strategies ex-
hibit versatility, as they are applicable to both 2D and 3D talking face synthesis,
as demonstrated, confirming their broad utility.

42



4 Inferring and Driving a Face
with Synchronized
Audio-Visual Representation

In this section, we present Speech2Talking-Face (S2TF), a unified framework that
achieves face inferring and driving simultaneously from audio. The pipeline of
our method is illustrated in Fig. 4.1. Below we first introduce the overview of
our framework, then we explain the synchronization between audio and visual
representations in two latent spaces. Finally, we show the procedures of our
visually assisted curriculum learning for visual generation.

4.1 Task Formulation
Normally the problem of face reconstruction from voice is formulated in a way
of conditional image generation. Given a clip of speech A (transformed to spec-
trogram S), the ideal result would be an image I ′ with the same identity (ap-
pearance) as the source person. In our setting, rather than generating an image,
we propose to generate a clip of video V ′ = {I ′

1 . . . , I
′
K} which should be close to

the video V = {I1, . . . , IK} which produces the speech A. The generated frames
should not only have the visual appearance of the source identity but also have
accurate lip motion synced with audio.

4.2 Proposed Approach

4.2.1 Framework Overview

However, it is difficult to build supervision for both appearance and lip motion
at the same time. To this end, we adopt a similar framework as [14] with a
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Figure 4.1: The overview of our proposed Speech2Talking-Face pipeline.

style-based generator [69]. The idea is to explicitly encode frame Ik to an identity
space and a frame I+

i with data augmentation to an identity-irrelevant space. The
style-based generator is then leveraged to reconstruct the original frame Ii. The
data augmentation aims at preserving the pose and expression information while
changing the texture and shape which are highly correlated with identity. The
style-based generator enables separate control of both the information required
through the training of frame reconstruction.

Based on this framework, our goal is to encode the speech information to both
the identity and identity-irrelevant latent spaces, where they can be mapped to
the image domain by the generator.

4.2.2 Disentangled Pretraining via Explicit Visual Cues

Due to the ambiguity nature of implicit speaker identity information in human
voice, it is quite challenging to directly train an end-to-end network. We target
to first pretrain a network where the speaker identity and explicit speech content
are separately represented so that these two types of information do not infer-
ence with each other. One natural way to achieve this is devising a framework
composed of one decoder and two encoders. One encoder targets to capture fa-
cial appearance while another one accounts for facial movements. A decoder is
required to integrate information from both of them. Following the typical face
reenactment procedure, this problem is modeled as a cross-frame reconstruction
task. Formally, Given a K-frame video clip V = {I(1), . . . , I(K)}, the natural
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Figure 4.2: Formulation of pre-trained disentangled space via explicit visual cues.

training goal is to generate any target frame I(k) conditioned on one frame of
identity reference I(ref) (ref ∈ [1, . . . , K]). For target frame I(k) synthesis, it is
necessary to include facial motion and head pose information at target time step
k. But directly incorporate Ik frame as input will cause the copy-paste issue
where the network could simply learn to output the input.

It has been verified that data augmentation becomes an effective strategy to
identify distinct kinds of information from images [14, 80, 184]. The basic prin-
ciple is to utilize data augmentation to imitate data variation. For instance,
the perspective transformation and color transfer can be applied to an image
to cover the facial appearance changes. Therefore, augmented target frames
V ′ = {I ′

(1), . . . , I
′
(K)} are leveraged to provide the facial motion and head pose

information. To this end, the disentangled framework with a cross-frame recon-
struction objective is determined. Overall, this design choice follows previous
face reenactment approach [14]. In the pursuit of better disentanglement, we also
utilize perspective transformation following [184]. As depicted in Fig. 4.2, the
training objective is to reconstruct the target frame I(k) with VGG Loss LV GG

and Discriminator Loss LGAN .
In contrast to previous approach that utilizes AdaIN [61] for feature injection,

we introduce style modulation strategy [69] in our generator. At every convo-
lutional block, a multi-layer perceptron is trained to correlate random noise to
a modulation vector M of identical dimensions to the input feature’s channels.
For each value wxyz in the convolution kernel weight w, with x denoting its po-
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sition in the input feature channels, y related to output channel numbers, and z

representing spatial location, modulation and normalization occur based on the
corresponding value of x in M:

wmxyz = Mx · wxyz√∑
x,z(Mx · wxyz)2 + ϵ

, (4.1)

with the addition of a small constant ϵ to prevent numerical errors [184].

4.2.3 Audio-Visual Representation Synchronization

The solution is to synchronize the audio-visual representation within two spaces
from the same source with contrastive learning [28, 181].

Identity Space Learning. The learning of the identity space is of more impor-
tance given that the question of recovering appearances from voices is still not
well-solved. We name the visual-to-identity encoder Ev

id, which encodes feature
f vid from the image Ik. Then we leverage a speech encoder Ea

id, for encoding the
audio identity feature faid from speech S.

We first build positive and negative pairs from different talking face videos and
their corresponding speeches. As the speech embedding faid should be close to the
image embedding f vid, image embeddings from other videos f v−

id (i) can be served
as negative samples that our speech embedding should repel. We use the term
cos θ(f1,f2) = fT

1 ∗f2
|f1|·|f2| to define the cosine distance between two features f1 and

f2. Then the contrastive loss for the identity information synchronization can be
written as:

Lid
sync = −log[ e

cos θ(fv
id

,fa
id

)

e
cos θ(fv

id
,fa

id
) +∑M

i=1 e
cos θ(fv−

id
(i),fa

id
)
], (4.2)

Where M is the number of negative samples in one batch.
Additionally, as our model is trained on the VoxCeleb2 [30] dataset, identity

labels are used for more compact identity representation learning. Normally a
fully connected (fc) layer with weight W would be leveraged. Then a softmax
cross-entropy loss is served for classification.

It has been verified that after the convergence of a classification task, the
weight Wj for each class j actually lies in the centroid of all feature embeddings
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from identity j. As a result, we share the W for both audio and visual so that
given a same identity, the features from both modalities will be encoded around
a same centroid. Further more, we would expect the encoded features to be more
distinctive, thus the angular-based loss function ArcFace [35] is leveraged for any
fid from both audio and visual modality. The idea is to bring closer the features
within one class and their centroid and repel other centroids. The loss function
can be written as:

Lc = −
M∑
i=1

log[ e
s cos(θ(Wj ,fid)+m)

e
s cos(θ(Wj ,fid)+m) +∑P

p ̸=j e
s cos θ(Wp,fid)

], (4.3)

where s is a scale factor and m is a margin. The loss form is quite similar to the
contrastive loss in Eq. 4.2.

Speech Content Subspace Learning. The identity-irrelevant space is encoded
by encoder Ev

ir in the visual domain through data augmentation, where an image
I+
i would be encoded to feature f vi

ir . Thus the audio spectrogram S is divided to
S = {s1, . . . , sK} to match the frame numbers with a sliding window. Normally,
we would expect the speech features fai

ir encoded from speech encoder Ea
s to be the

same as the visual features f vi
ir . However, the identity-irrelevant space contains

information such as head pose, which cannot be inferred from speech. Instead
of synchronizing fas with f vir, we focus more on learning the dynamic changes
between frames, which includes mainly speech content information.

Specifically, we select the input frame to the identity spaces Ik as the first frame
I1, and send it also to Ev

ir to obtain the feature f v1
ir . Then we compute the changes

of the rest of the frames as ∆fvir = {f v2
ir −f v1

ir , . . . , f
vK
ir −f v1

ir }. The encoded speech
features fas = {fa2

s , . . . , f
aK
s } are thus synchronized with ∆fvir through contrastive

loss:

Ls
sync = −log[ e

cos θ(∆fv
ir

,fa
s )

e
cos θ(∆fv

ir
,fa

s ) +∑M
i=1 e

cos θ(∆fv−
ir

(i),fa
s )

]. (4.4)

The formulation of the negative pair is the same as [28].
After the learning procedure, we obtain a speech feature fas which lies also

in the identity-irrelevant space. However, as only content information can be
preserved in the speech feature, we identify that these speech features actually
formulate a speech content subspace within the identity-irrelevant space.
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4.2.4 Training Paradigm

We adopt a curriculum training paradigm to enable convergence and information
balancing within this framework. The idea is to leverage network training in the
visual domain as a probe to guide the learning of audio information.

Visual Domain Training. Having obtained the identity feature f vid and identity-
irrelevant feature f vir from the visual embedding, the style-based generator [69]
G targets to decode the concatenated feature f v = cat(f vid, f vir) to a face image
Iv ′. Detailedly, the feature is sent through MLPs and served to modulate the
weights of the generator’s convolution kernels. Then the weights are normalized
through the demodulation operation. Such design has been proven to be effective
in general image generation tasks. The reconstructed image can be written as
Iv ′ = G(f v). At this stage, the identity encoder is supervised by the angular loss
written in Eq. 4.3.

The training of the generator relies on the image reconstruction loss Lrec and
adversarial loss Ladv. For image reconstruction, we employ L1 loss in RGB space,
and the perceptual loss which constrains high-level features. For any generated
image I ′:

Lper = 1
L

L∑
l=1

∥ϕl(I) − ϕl(I ′)∥1 (4.5)

Lrec = L1 + λperLper. (4.6)

Where ϕl denotes the lth layer of a pretrained VGG19 [119] network. For ad-
versarial loss, we apply a multi-scale discriminator [148] D with ND layers. The
adversarial loss can be written as

Ladv = min
G

max
D

ND∑
n=1

(EI [logDn(I)]

+ EI’[log(1 −Dn(I ′)]).
(4.7)

Therefore, the overall training objective is written as

Lall = Lper + λ1L1 + λ2Ladv, (4.8)

where the λ1 and λ2 are balancing coefficients.
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Audio to Visual Synchronization Training. At the second stage, we attempt
to synchronize audio features to visual features. Thus the visual identity encoder
Ev
id and visual identity-irrelevant encoder Ev

ir are fixed.
The audio identity encoder Ea

id is trained on the shared W with Ev
id. It is also

supervised by the angular loss (Eq. 4.3), and the contrastive loss (Eq. 4.2). While
the audio speech content encoder Ea

s is trained under the supervision of Eq. 4.4.
During this stage, we also adopt the curriculum training strategy that first selects
videos of different identities as negative samples, then moving to the videos of
the sample identity but speaking different contents.

Final Finetuning. At last we gradually finetune all models. Particularly, a
feature of f va = cat(f vid, fas +f v1

ir ) is firstly formed and finetuned with the generator
G to reconstruct Iva′ = G(f va) , where f v1

ir provides the initial pose information.
This is for the generator to adapt to the speech content information while keeping
the identity unchanged. Specifically, if both identity and content are sourced from
speech, the reconstruction loss (Eq. 4.6) would emphasize only on the appearance
of the face but neglect the mouth shapes.

Finally the audio features are combined together as fa = cat(faid, fas + f v1
ir ) to

generate Ia′ = G(fa), and fintuned with all models. This procedure is also crucial
given that the strong expressive ability of style-based generator would implicitly
balance the information between the two features. The final cost function can be
written as:

Lall = Ladv + λrLrec + λcLc + λidsyncLid
sync + λssyncLs

sync (4.9)

where the λs weight different loss terms.
Please be noted that during testing, the feature fa for reconstruction can be

derived in two ways. The first is to encode an arbitrary f v̂ir from any face image
Î to form fa = cat(faid, f v̂ir + fas ). In this way, our generated results will preserve
the initial pose of the image Î. On the other hand, we could simply omit this
pose guidance feature and direct leverage fa = cat(faid, fas ). Frontalized faces can
thus be generated under such scenario.
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4.3 Experiments

4.3.1 Experimental Settings

Dataset. We use the popular in-the-wild dataset VoxCeleb2 [30] in our exper-
iments. It contains a total of 6,112 celebrities. 5994 speakers are selected for
training and 118 speakers are selected for testing. Images are extremely diverse
in this dataset, containing different light conditions, large head poses, and varied
video quality.

Implementation Details. We adopt the encoder from [181] as Ev
ir. The struc-

ture of visual identity encoder Ev
id is ResNeXt50 [162] and the audio encoders are

ResNetSE34. Our generator G consists of 6 blocks of style modulated convolu-
tions. The length of identity features faid and f vid are set as 2048 while identity-
irrelevant features f vir and fas are set as 512.

We conduct our experiments using PyTorch deep learning framework with eight
16 GB Tesla V100 GPUs. Images are cropped to 224×224. The audio inputs are
mel-spectrograms processed with FFT window size 1280, hop length 160 with 80
Mel filter-banks. A clip of human voice lasting 3.2 seconds is used for our speech-
to-identity mapping. During testing, We retrieve an arbitrary image from other
identities as the pose source for our generated identity. All λs in loss functions
are empirically set to 1.

Evaluation Protocol. Since prior research has not addressed the challenge of
simultaneously generating facial appearance and lip motion from speech within a
single model, we introduce two evaluation metrics to comprehensively assess our
approach. These metrics evaluate the quality of voice-to-face mapping and the
accuracy of lip movements. In Section 4.3.2, we gauge the consistency of speaker
identity between the synthesized image and the human voice by comparing with
existing approaches such as [153, 100] which focus on voice-to-face synthesis.
Meanwhile, in Section 4.3.3, we assess dynamic lip motion accuracy by comparing
with methodologies like [21, 110], which concentrate on lip-synchronization.
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Figure 4.3: Qualitative comparison of our model and previous methods.

4.3.2 Voice-to-Face Mapping Evaluation

In this section, we focus on the evaluations of voice-to-face mapping where the
relationship between human voice and static generation is considered.

We compare our model with state-of-the-art method voice2face [153]. The gen-
erated image resolution in their official release is 64 × 64. For a fair comparison,
we also re-implement their method to produce 128 × 128 facial images on the
same dataset as ours. We also re-implement Speech2Face [100] as described in
their paper. The test set of VoxCeleb2 is leveraged in our evaluation, where all
identities are not seen during training.

Qualitative Results on Voice-to-Face Generation. As illustrated in Fig. 4.3,
images generated by Voice2Face and V2F official contain unstable backgrounds
and unnatural artifacts. While results from Speech2Face are blurry with indis-
tinct facial appearances, the quality of our generated faces is comparable to real
reference facial images. Moreover, we can observe that our faces synthesized from
different voices are age- and gender-matched with the speaker. This proves that
our model can capture more underlying relationships between vocal and physical
properties. Furthermore, with the help of the pose reference feature, our gener-
ated faces have more diverse poses, which expands our application in real-world
scenarios.
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RealGenerated Retrieved top-5 results

Figure 4.4: Top-5 retrieved images.

Quantitative Results on Voice-to-Face Generation. Similar to previous
work [100], metrics on similarity, retrieval performance and image quality are
adopted for evaluation. The similarity is measured by the cosine and L1 distances
between the synthesized face and its corresponding ground truth embedded by
a pre-trained FaceNet [117]. Retrieval performance is validated by querying the
dataset with a produced image, targeting to retrieve the ground truth speaker
image. We calculate R@K, indicating the ratio of successful retrievals in the top-
K similar faces. Image quality is validated by VGGFace score (VFS), which is
proposed to replace the Inception Score in face settings. We also conduct the
ablation study on whether our centroid learning procedure is effective, thus our
model without it (S2TF w/o CL) is also evaluated on these metrics.

The results are listed in Table 4.1. Our model achieves higher similarity scores,
and higher retrieval ratios than other methods, suggesting that our model gener-
ates more similar facial images with ground truth. Some examples of the top-5
retrieval results are visualized in Fig. 4.4. It can be seen that our model could
retrieve images with similar facial attributes as real images, verifying that our
identity encoder successfully captures the audio-visual association. Additionally,
our model achieves the highest VFS among all methods, which we attribute to
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Similarity Retrieval Quality

Method cosine ↑ L1 ↓ R@1 ↑ R@5 ↑ R@10 ↑ VFS ↑

Rand - - 1.00 2.00 5.00 -
Speech2Face 0.304 65.34 8.43 16.21 24.05 32.38±1.92
Voice2Face 0.269 67.60 7.49 14.02 19.87 34.74±2.32
S2TF w/o CL 0.382 63.54 9.49 19.87 28.75 38.30±3.12
S2TF 0.397 60.84 10.65 22.85 30.80 39.00±2.90

Table 4.1: The quantitative results on VoxCeleb2 in embedding similarity, re-
trieval @K, and VGGFace Score.

Method(AUC) Rand ↑ G ↑ N ↑ A ↑ GNA ↑

Rand 50.0 50.0 50.0 50.0 50.0
PIN 78.5 61.1 77.2 74.9 58.8
S2TF w/o CL 74.8 68.6 71.6 72.3 63.6
S2TF 76.0 69.2 75.2 73.1 64.0

Table 4.2: Cross-modal matching under varying demographics.

the expressiveness of style-modulation.

Voice-Face Association Matching. We conduct an experiment on voice-face
matching with PIN [97] which is specifically designed for this task. We use stan-
dard metrics, area under the ROC curve (AUC), in speaker verification following
their work. The model is evaluated by sampling negative test pairs while holding
constant each of the following demographic criteria: gender (G), nationality (N),
and age (A).

The results are listed in Table 4.2. Though our method is not designed for
cross-modal matching, our results are comparable to theirs. Particularly, we
outperform their results on gender and the average of the three aspects.
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Figure 4.5: Comparison with talking-face baselines.

4.3.3 Lip Motion Evaluation

As we can directly generate dynamic talking faces from audio, we also show the
lip sync results. Please be noted that our goal can also be achieved by combining
voice-to-face reconstruction and audio-driven talking face generation. However,
such a pipeline is too complex and non-flexible. Here we send our generated one
frame to the talking face model of ATVG [21] and Wav2Lip [110].
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Method LMD ↓ Syncconf ↑

ATVG 6.49 4.5
Wav2Lip 12.26 4.3
S2TF 6.88 5.7

Table 4.3: Quantitative results of lip synchronization.

Evaluation Results. It can be seen from Fig. 4.5 that while ATVG has lower
qualities, the lip motion of Wav2Lip is not as accurate as ours. In Table 4.3
shows the LMD landmark distance, and the confidence score from SyncNet [28].
It can be seen that we also achieve comparable results as the methods specifically
designed for this area. Particularly, if we change faid to any f vid of an existing
frame, we can directly generate talking face videos with this framework.

4.3.4 Additional Evaluation

Effect of Varied Audio Length. Different audio length will contain different
amounts of identity-related and irrelevant information, thus it necessary to decide
an appropriate audio length. As is presented in Table 4.4, 3.2-second audio length
achieves the best performance for both similarity and retrieval metrics. This may
be caused by the fact that sufficient information is already included in 3.2 seconds
audio. Thus, increasing audio length may merely lead to model difficulties and
worse performance. Example images produced with different audio length are
shown in Fig. 4.6. We can find that increasing audio length to 4.8 leads to
inaccurate facial characteristic.

Visualization of Audio-Visual Latent Representation. To study the la-
tent representation of speaker identity, we further plot their t-SNE visualization
as depicted in Fig. 4.7. We can observe that the male and female identities are
clustered closely for both audio and visual representation, which explains why our
approach obtains superior results in gender class as shown in Tab. 4.2. Overall,
we could find that the visual embedding is separated better than the voice em-
bedding. Such result is also conformed to our intuition because facial appearance
is easier to be captured by visual images compared to human voice.
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Figure 4.6: Generated facial images under different audio length setting and their
corresponding reference images.

Audio Similarity Retrieval Quality

Length(s) cosine ↑ L1 ↓ R@1 ↑ R@5 ↑ R@10 ↑ VFS ↑

0.8 0.370 62.24 8.41 18.12 25.06 36.29±3.66
1.6 0.392 61.02 9.74 20.36 28.74 38.68±2.59
3.2 0.397 60.84 10.65 22.85 30.80 39.00±2.90
4.8 0.344 63.76 6.88 16.51 23.07 25.83±3.27

Table 4.4: The quantitative results on VoxCeleb2 with different utilized audio
length.

Ablation Studies. Apart from the evaluation of S2TF without centroid learning
above, we have also experimented on other types of contrastive losses in Eq. 4.2
such as the traditional L2 form or cosine form. Their influences on the final results
are subtle. However, using the softmax form (Info NCE) stables the training
process. The model cannot render reasonable results if there is no contrastive
loss.

As for the curriculum paradigm, the visual domain pretraining is essential for
the network to balance the identity and identity-irrelevant information. Intu-
itively, reconstructing a face from visual features is definitely easier than from
audio features.

User Study. We conduct a user study to further evaluate all methods. We
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Figure 4.7: t-SNE visualizations of audio and visual embedding in latent space.

Method Similarity ↑ Quality ↑

Speech2Face 3.76 3.64
Voice2Face 3.12 3.27
S2TF 3.95 4.32

Table 4.5: User study measured by Mean Opinion Scores.

randomly select 40 generated images from different identities in the test split of
VoxCeleb2 [30]. A total of 18 participants are asked to rate the image quality
and similarity between the synthesized image and its reference with the widely
used mean Opinion Scores (MOS) rating protocol (from 1 to 5). The results are
summarized in Table 4.5. We can see that our model achieves the highest MOS
on both metrics. Particularly, our approach outperforms Speech2Face [100] and
Voice2Face [153] on image quality by a large margin.

Derived Applications. Benefited by the disentangled design of our style-based
generator, our framework is also capable of supporting more sophisticated appli-
cations. As demonstrated in Fig. 4.8, our framework could accept another video
as pose source to guide the generation process. Intuitively, the human voice has
both speaker identity and speech content information. Thus a talking video with
frontal face could be synthesized. As for synthesizing faces with arbitrary head
poses, we could simply leverage addition operation in content-irrelevant space.
Specifically, the visual encoder extract the feature from a reference image and
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Figure 4.8: Pose control application benefited by disentangled design.

add it to the speech content feature, then the pose information is injected to our
system.

4.4 Related Work
Driving a face to talk with either a clip of audio [21, 189, 181, 110, 122, 186, 64, 22,
183] or video [155, 170, 14, 72] has long been the topic of interest for both the fields
of computer graphics and artificial intelligence. Earlier methods focus more on
modeling a specific person [131, 72]. Recent studies propose to achieve arbitrary
subject or one-shot talking face generation driven by audios or videos. A number
of studies borrow intermediate representations such as landmarks [170, 21] into
this task. But this is not convenient in our settings, as voice-reconstructed faces
have no fixed landmarks. Certain landmark-free methods [181, 110, 183] rely on
skip-connections thus require an image as network input.

Specifically, Burkov et.al. [14] disentangles facial identities and poses in a style-
based framework. However, they require a meta-learning stage on ground truth
videos. Our work leverages this framework’s advantages, offering a streamlined
latent space where encoder-decoder connections become unnecessary. This facili-

58



tates a seamless transition from explicit visual cues to speech input. Furthermore,
the well-documented statistical association between human voice and facial ap-
pearance [98, 97, 71, 57] provides a theoretical basis for cross-modal learning.
Thus, we find the concept of audio-visual association learning feasible and em-
ploy it as the basis for our curriculum training strategy.

For convenience, we have listed the related works of Speech2Talking-Face (S2TF)
in Table 4.6. Notably, our work stands out as the only approach that integrates
speech identity-based generation, lip movements, and pose control within a single
unified framework.

Year Speech Identity Lip Movements Pose Control

Voice2Face [153] 2019 ✓ ✗ ✗

Speech2Face [100] 2019 ✓ ✗ ✗

PIN [97] 2018 ✓ ✗ ✗

ATVG [21] 2019 ✗ ✓ ✗

Wav2Lip [110] 2020 ✗ ✓ ✗

PD-FGC [142] 2023 ✗ ✓ ✓

S2TF 2021 ✓ ✓ ✓

Table 4.6: Relation of Speech2Talking-Face with State-of-the-Art Methods

4.5 Summary
In this paper, we propose Speech2Talking-Face (S2TF) framework, which aims at
inferring and driving a face from speech in a unified framework. We emphasize
the properties of our method: 1) Through our explicit design of two synchronized
spaces, we successfully generate high-quality facial appearances with accurate lip
sync from speech only. 2) Our synchronization in the identity space learns a more
compact identity association between speech and human faces. 3) As a unified
framework, our model has the capacity to go beyond its designed purpose. For
example, the task of audio-driven talking face generation can be directly handled.
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5 Learning Audio-Visual
Instructions for Expressive 3D
Talking Face Generation

5.1 Task Formulation
In this section, we aim to fully leverage the speaker’s talking status information
from their voice. Our objective is to animate a template mesh with synchronized
lip movements and consistent facial expressions from an audio clip. Specifically,
our system takes an input speech A1:Ta = {ai}Ta

i=1 and generates a time series
of FLAME parametric coefficients ξ1:Ta = {θi, ψi}Ta

i=1. These include the facial
expression coefficients ψ ∈ R|ψ| and pose coefficients θ ∈ R3k+3. We do not predict
the identity coefficients β ∈ R|β|, as our primary focus is on facial expressions. For
more details about the FLAME parametric face model, please refer to Sec. 2.2.4.

5.2 Proposed Approach

5.2.1 Framework Overview

Instead of directly learning to synthesize a talking face from speech, we pro-
pose integrating facial movements descriptions to facilitate realistic generation.
As illustrated in Figure. 5.1, our framework, AVI-Talking, comprises two main
stages: an audio-visual instruction stage and a talking face synthesis stage con-
nected by visual instructions of detailed facial expression descriptions. Given a
clip of speaker speech {ai}Ta

i=1, it is first processed by Large Language Models
(LLMs) to propose visual instructions encompassing plausible facial detail de-
scriptions. Subsequently, these visual instructions, together with audio clip, are
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Figure 5.1: The overall pipeline of our Audio-Visual Instruction Talking (AVI-
Talking) Framework.

separately fed into the talking face instruction system to generate a time series
of 3D parametric coefficients {θi, ψi}Ta

i=1.

5.2.2 Disentangled Expressive Motion Prior

As depicted in Figure. 5.2, we target to establish a disentangled latent space,
where the speech content related lip-movements and facial expressions correlated
with speaking state are distinctly represented in speech content space and content
irrelevant space, respectively. Concretely, in speech content space we employ a
pretrained ASR network, Wav2Vec 2.0 [6] to encode the speaker audio A1:Ta .
These extracted speech features capture semantic content information, which
is subsequently utilized by the talking generator for syllable pronunciation. In
order to encode additional talking style information, we point out the existence
of content irrelevant space for representing content-repelling information such as
talking styles, poses and speaker identity.

To learn the content irrelevant space, we employ a transformer-based style
encoder [91] designed to capture content-repelling information. For a given talk-
ing video, we randomly select S reference frames to serve as the source for the
speaking state. These frames are then processed by the FLAME model to obtain
coefficients {θs, ψs}Ss=1, where the coefficient at time t is excluded. Subsequently,
these coefficients are fed into the style encoder to extract a comprehensive speak-
ing state representation for the video. To successfully predict coefficients at the
current time step {θt, ψt}, we rely on both the speech feature At in the speech
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Figure 5.2: Disentangled expressive motion prior is separated to two complemen-
tary latent spaces, speech content space and content irrelevant space.

content space and the extracted style information in the content irrelevant space.
The complementary nature of these properties naturally facilitates the learning
of disentangled spaces.

5.2.3 Audio-Visual Instruction via LLMs

As illustrated on the left side of Figure 5.1, the audio-visual instruction module
takes a time series of a speaker’s audio clip as input and aims to generate an
instruction sentence describing detailed facial movements that conveys the indi-
vidual’s speaking state. The key is to develop a prompting strategy to effectively
leverage the rich contextual prior knowledge inherent in LLMs.

Specifically, we leverage a pre-trained LLaMA as our base text generation
model. In order to comprehend the speaker’s speaking status existing in audio
modality, the audio signal needs to be projected into text embedding of language
model. Due to the success of pretrained-model such as HuBERT [58] on Speech
Emotion Recognition [96] (SER) tasks, we leverage HuBERT to encode the au-
dio signal. Subsequently, a typical Q-Former [78, 1] architecture is employed
to aggregate and extract speaking style information, bridging the gap between
acoustic feature and visual facial descriptions. Concretely, the Q-Former archi-
tecture leverages the standard Perceiver network [1] to compress speech input to
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Figure 5.3: The Q-Former architecture.

a fixed-length audio embedding Fa
si ∈ Rqa×l. A contrastive loss La2i

cont is applied
to encourage the queries extract audio representation that are most relevant to
visual instructions. A linear projection layer is then learned to map the aligned
feature to language model’s input space. Combining the "BOS" (Beginning-of-
Sequence) token with the instruction embedding, the audio prompt embedding is
fed to LLaMA to prompt plausible expressive facial movements consistent with
speaker status. Note that the instruction embedding is obtained by tokenizing
the pre-defined instruction templates. In our experiment, we utilize instruction
sentences like Analyze conveyed emotion in an audio snippet, elaborating on facial
expressions. We manually craft 10 sentences with similar meanings and randomly
sample one during the training phase.

Speech Feature Compression via Learnable Queries. The audio features
extracted from HuBERT encapsulate complex information, including speech con-
tent, emotional status, and acoustic details. To effectively prompt the language
model, it’s essential to first comprehend and extract relevant facial movement
information from the speech. Here, we employ the Q-Former architecture [78, 1]
to achieve this task.

As depicted in left side of Figure 5.3, learnable queries with fixed length are uti-
lized to aggregate and compress speech information by cross-attention. Notably,
such practice results in an audio embedding Fa

si ∈ Rqa×l with the same dimen-
sionality as the query length qa. This design choice simplifies the learning process
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and enhances generalization performance when handling speech inputs of varying
lengths. Subsequently, the audio embedding is fed to a projection module for
prompt embedding in language model space. To implement this, we fine-tune a
small number of parameters in the input projection layers for domain adaptation.

Contrastive Audio-Visual Instruction Alignment. To eliminate unneces-
sary information such as speech content, environment noise and focus on extract-
ing facial movements related feature, we adopt contrastive learning [101] protocol
to constrain the output of learned queries Fa

si ∈ Rqa×l. The contrastive learning
paradigm aligns audio embeddings and instruction features to maximize their
mutual information. This is achieved by enhancing higher audio-instruction sim-
ilarity of positive pairs against those of negative pairs. Specifically, we feed the
corresponding instruction through a text transformer and obtain an instruction
embedding as shown in the right side of Figure 5.3. Its output embedding of
[CLS] token is Fi

si ∈ Rl. Since there are qa query embeddings, we average Fa
si

across all queries to obtain the F̄a

si ∈ Rl and apply contrastive learning as follows:

La2i
cont = −log[ exp(D(F̄a

si,Fi
si))

exp(D(F̄a

si,Fi
si)) +∑N−

j=1 exp(D(F̄a

si,Fi−
si(j)))

]. (5.1)

The paired in-batch samples are regarded as positive samples (F̄a

si,Fi
si) while the

unpaired N− samples are taken as negative samples (F̄a

si,Fi−
si(j)). Here we opt for

cosine distance D(F1,F2) = FT
1 ∗F2

|F1|·|F2| as feature distance measurement.

Instruction Generation via Projection Layer Finetuning. After the Q-
Former is pre-trained to contrastively align acoustic features to visual facial de-
scriptions. Subsequently, the Q-Former is frozen, and we fine-tune the input
linear projection layer of LLaMA-7b to achieve visual instruction prediction as
shown in Figure 5.1. Specifically, We follow the general text generation training
paradigm [187] to learn this projection layer.

5.2.4 Instruction-Following Talking Face Synthesis

With the obtained facial instructions, a talking face synthesis network aims to
animate a mesh template with synchronized lip movements and expressions as
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Figure 5.4: Diffusion within the content irrelevant space.

illustrated on the right side of Figure 5.1. The movements of the lips and facial ex-
pressions exhibit a high degree of correlation with each other [91]. For example,
specific pronunciations often convey relevant emotions. To address this corre-
lation and potential entanglement, we propose initially training a disentangled
talking prior [113, 34], wherein the speech content space and content irrelevant
space are distinguished (shown in Figure 5.2). Subsequently, a diffusion prior
module (shown in Figure 5.4) is devised to bridge the gap between instruction
text and talking styles within the identified content irrelevant space.

Contrastive Instruction-Style Alignment and Diffusion. Once the content
irrelevant space is identified, a natural way for cross-modality generation is to
map visual instruction to the representation within this space [90]. As depicted
in Figure 5.4, we contrastively align the visual instruction with style embedding
to obtain a aligned feature c, upon which a diffusion prior network is employed
to further map it towards the distribution of the pre-trained talking prior. At
first, a Multi-Layer-Perceptron (MLP) network is derived to first align latent
instruction representation with style embedding. The typical contrastive loss
Li2s
cont is employed, following standard CLIP training process [111]. Formally,

Li2s
cont = −log[ exp(D(Fi

ci,F
s
ci))

exp(D(Fi
ci,F

s
ci)) +∑N−

j=1 exp(D(Fi
ci,F

s−
ci(j)))

]. (5.2)

The Fi
ci indicates the content-irrelevant instruction feature, which is obtained by
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passing the aligned latent instruction representation c through a projection layer.
The Fs

ci denotes its corresponding embedded style feature within the content-
irrelevant space. The batch-wise (Fi

ci,Fs
ci) instruction and style feature pairs

are taken as positive samples while the unpaired N− instances (Fi
ci,Fs−

ci(j)) are
considered as negatives samples. Similarly, we adopt cosine distance D(F1,F2) =
FT

1 ∗F2
|F1|·|F2| as feature distance measurement.

However, since this multi-modal contrastive learning strategy only pushes the
instruction embeddings to hold close direction with their associated style image
features, which is prone to cause disjoint embeddings due to the existance of
modality gap [81]. To further activate motion prior that expects visual style
embeddings, we introduce a diffusion prior network to bridge the modality gap
by mapping to their distributions.

For the diffusion prior network Fθ, we leverage the typical decoder-only Trans-
former architecture to iteratively predict the denoised style embedding zt condi-
tioned on the above representation c. Instead of imposing error prediction for-
mulation [54], we directly train the network to predict unnoised style embedding
z from noised embedding zt sampled at time step t. Formally,

Li2s
diff = Ez,t[∥z − Fθ(z, t, c)∥2] (5.3)

where we apply the naive Mean-Square Error (MSE) to the prediction result.
Therefore, the overall learning objective of visual instructions to speaking styles

generation can be written as

Li2s = Li2s
cont + λi2sLi2s

diff , (5.4)

where λ is the balancing coefficient. In our experiment, we empirically set it to
30, following a similar protocol to previous work [111].

5.3 Experiments

5.3.1 Experimental Settings

Datasets. We train both audio-visual instruction module and talking face in-
struction network on MeadText [90] dataset. Evaluation is conducted on test set
of RAVEDESS [89] and MeadText. Since both datasets are made of RGB videos,
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we obtain reconstruction results by Emoca [33] and render the facial meshes as
GT videos for comparison.

• MeadText [90]. This dataset is extended from Mead [143] dataset by label-
ing the speaker emotional status and facial action unit (FAU) with natural
language descriptions. MEAD [143] is a high-quality emotional talking-face
dataset, including recorded videos of different actors speaking with 8 differ-
ent emotions at 3 intensity levels. Note that the MeadText dataset is created
according to manual template, for more natural and diverse descriptions
users can leverage GPT-4V following the protocol of InstructAvatar [149].

• RAVEDESS [89]. There are a total of 24 professional actors (12 female, 12
male) covering over 1440 utterances in a neutral North American accent. 8
speech emotions includes calm, happy, sad, angry, fearful, surprise, disgust
and neutral expressions are produced at two levels of emotional intensity
(normal, strong). For convenience, we choose speech videos of the first 6
actors as the evaluation dataset.

Implementation Details. The videos are sampled at a rate of 25 FPS, and
the audios are pre-processed to 16 kHz for all stages of our system. The training
of the audio-visual instruction module is divided into two stages. In the first
stage, the audios are fed to HuBERT [58] for speech feature extraction. Then,
the Q-Former is pre-trained to contrastively align acoustic features to visual fa-
cial descriptions. Subsequently, the Q-Former is frozen, and we fine-tune the
input projection layer of LLaMA-7b to achieve caption prediction. To initialize
the LLaMA-7b model, we use Vicuna [23], an open-source text-based LLM widely
utilized in dialogue generation. To enhance model performance, we leverage com-
mon text data augmentation techniques such as synonym replacement during the
training stage.

For the talking face synthesis network, we adopt the model architecture of
EMOTE [34] as our basic facial motion generation network. We adapt the frame-
work with disentangled speech content space and content irrelevant space. For
speech content extraction, we utilize the state-of-the-art pretrained ASR net-
work Wav2Vec 2.0 [6] to extract the raw waveform and compress features with
temporal convolutions following a similar protocol to EMOTE [34]. For speech
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style extraction, we follow the architecture design of StyleTalk [91] and leverage
the linear styling network from EMOTE [34] as a teacher network for knowl-
edge distillation. Within the content irrelevant space, the training schedule of
our contrastive instruction-style alignment and diffusion module is adapted from
DALL-E2 [111]’s open-source implementation of diffusion prior. Specifically, the
diffusion loss weight λi2s is set to 30 to balance optimization loss. Similar to
the first stage, we also employ the same data augmentation approach to facilitate
robust performance. As our focus in this work is on modeling speaking styles, the
poses and speaker identity are set to a neutral state during both the training and
inference stages. Both our models are implemented in PyTorch [105] and trained
using 80G Tesla A100 GPUs. In our experiment, training the Audio-Visual In-
struction network requires 12 hours, whereas training the instruction-following
synthesis network takes 48 hours. Regarding inference time, processing a 30-
second audio clip necessitates approximately 7.14 seconds for the Audio-Visual
Instruction network to predict an instruction, and roughly 43.06 seconds for the
synthesis network to generate the final video.

Comparison Methods. We compare our methods with state-of-the-art template-
based models that support speech conditional 3D talking face generation, includ-
ing MeshTalk [113], FaceFormer [41], CodeTalker [163], and EmoTalk [108].

MeshTalk [113] introduces a cross-modality disentanglement mechanism to gen-
erate realistic face animation. FaceFormer [41] devises a transformer-based ar-
chitecture capable of synthesizing realistic 3D facial motions. CodeTalker[163]
incorporates the codebook technique[39] to enhance the accuracy of lip move-
ments. EmoTalk [108] employs an emotional disentanglement strategy using one-
hot emotional labels for face animation. We also present a version of our approach
that does not utilize a large language model. Instead, we directly employ the au-
dio embedding obtained by Q-Former as the instruction source for the synthesis
network, replacing its original language instruction input. For fair comparison,
we utilize the audio embedding after contrastive audio-visual instruction align-
ment as a strong baseline. This alternative approach is referred to as AVI-Talking
(w/o LLM).
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5.3.2 Quantitative Evaluation

Evaluation Metric. We validate our method from the perspectives of both
instruction generation capability and talking face synthesis quality.

• Audio-Visual Instruction Prediction. Metrics that have popularly
been involved in the field of natural language generation (NLG) task are cho-
sen to evaluate our method. Specifically, we include BLEU1, BLEU4 [104],
METEOR [7], ROUGEl [82], CIDEr [147] and SPICE [2]. The calcula-
tion procedure of these metrics is included in Sec. 2.2.5.

• 3D Talking Face Synthesis. To assess visual fidelity, we utilize standard
GAN metrics: FID [53] and KID [112] on face regions of rendered im-
ages following the evaluation protocol of previous work [4]. Additionally, to
evaluate generation diversity, we report Diversity scores [3], measuring the
extent of expression diversity generated for a given clip of human speech.
Specifically, distances across predicted style features for the same audio with
different noises are calculated. Moreover, we adopt LSE-D [110] to evaluate
lip synchronization performance. The calculation procedure of LSE-D is
illustrated in Sec. 2.3.1. Following the EmoTalk [108], we also calculate the
vertex error to validate the expressiveness of our results. Due to their differ-
ent mesh topology involved in Emotalk, we manually align their mesh with
FLAME in canonical space and apply some shape transfer techniques [83]
to compare with other approaches.
Here we briefly introduce the calculation of KID and FID. Both FID
(Fréchet Inception Distance) and KID (Kernel Inception Distance) serve
as metrics to gauge the likeness between two collections of images. FID
employs activation features from a pre-trained Inception-v3 network to cal-
culate the Fréchet distance between their respective sets of feature vectors.
Conversely, KID utilizes the Maximum Mean Discrepancy (MMD) metric,
a measure of the distance between probability distributions, to assess the
divergence between real and generated image distributions within feature
space. In both cases, lower scores signify superior performance.

Evaluation Results. Regarding the synthesis of talking faces, our study reports
quantitative results for MeadText [90] and RAVEDESS [89] in Table 5.1. Notably,
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Table 5.1: The quantitative results on MeadText [90] and RAVEDESS [89].

MeadText [90] RAVEDESS [89]

Method FID ↓ KID ↓ LSE-D ↓ EVE ↓ FID ↓ KID ↓ LSE-D ↓ EVE ↓
(×10−6) (×10−6)

MeshTalk[113] 201.06 0.3601 10.51 - 134.47 0.2831 9.19 -
EmoTalk[108] 124.41 0.2118 8.37 3.129 122.95 0.1929 8.51 3.337
CodeTalker[163] 68.68 0.0658 8.38 5.211 46.90 0.0711 8.99 4.059
FaceFormer[41] 68.35 0.0611 9.08 5.234 47.78 0.0721 8.85 4.036
GT - - 9.36 - - - 9.05 -
w/o LLM 12.91 0.0205 8.95 - 16.59 0.0259 8.56 -
AVI-Talking 12.53 0.0190 9.06 2.228 15.94 0.0225 8.81 2.323

our method demonstrates outstanding performance across most metrics on both
datasets. However, our approach may exhibit comparatively weaker lip-sync per-
formance, particularly in terms of LSE-D, when compared to other methods. We
attribute this discrepancy partly to the strong preference bias for neutral ex-
pressions in SyncNet [110], which is pre-trained on predominantly expressionless
videos. Unlike these methods, our synthesis results encompass expressive facial
details, potentially leading to lower scores. Furthermore, our approach achieves
LSE-D scores close to those of ground truth videos on both datasets, suggesting
robust generation of precise lip-sync videos. It’s worth noting that our full model
outperforms the variant that removes LLMs, underscoring the effectiveness of in-
corporating LLMs as an additional audio-visual instruction agent in our system.

5.3.3 Qualitative Evaluation

Qualitative Analysis. Subjective evaluation is crucial for validating model
performance in generative tasks. We encourage readers to refer to our supplemen-
tary materials for additional demo videos and comparison results. In Figure 5.5,
we present comparison results of our method against previous state-of-the-art ap-
proaches in three cases. In the top row are ground truth videos. Our generated
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Faceformer
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EmoTalk
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An extremely angry person speaks with fully 
down brow and nose slightly creased.

mirror away

A person feels fairly delighted and speaks 
with lip corner pre:y stretched and cheek 
pre:y raised.

augmenting

An extremely sad person speaks with brow fairly 
down, strongly raised cheek, and nose fairly 
creased.

does sample realize self were

AVI-Talking
(w/o LLM)

Figure 5.5: Qualitative Results.

audio-visual instructions are shown in green line. In the bottom row demonstrates
synthesis results guided by above instructions. Compared to other competitive
approaches, our method achieves superior detailed expressions. Notably, our sys-
tem is capable of generate facial movements distinct from Ground Truth but
convey consistent speaking state (See second and third case). It can be seen that
our method produces plausible audio-visual instructions and generates expres-
sive facial details aligned with the speaker’s state. Regarding lip synchronization
performance, we observe that CodeTalker [163] or Faceformer [41] may generate
more natural pronunciation in expressionless states. However, when involving
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Table 5.2: User study measured by Mean Opinion Scores. Larger is higher, with
the maximum value to be 5.

MOS on \ Approach MeshTalk [113] EmoTalk [108] CodeTalker [163] Ours
Lip Sync Quality 2.43 2.83 3.13 3.23

Movement Expressiveness 2.83 3.0 2.53 3.27
Expression Consistency 2.37 3.03 2.33 3.50

emotional states, slight distortions in lip movements can be observed (e.g., the
stretching of lip corners during happy emotions). This observation aligns with
the LSE-D scores in the quantitative evaluation presented in Table 5.1. Nev-
ertheless, our approach still achieves competitive synthesis results compared to
others and approaches the performance of ground truth videos, thus validating
the effectiveness of our approach in lip synchronization. When compared with our
variant version (without LLM), the synthesis results exhibit richer facial details,
such as raised cheeks and creased noses (as observed in the happy and sad cases).
We believe that this phenomenon may arise from the complexity of information
embedded within human speech. While this complexity may slightly compromise
the performance of the synthesis network, resulting in the loss of some subtle
details.

User Study. We conducted a user study involving 15 participants to gather their
opinions on 30 videos generated by our method alongside three competing meth-
ods. Among these, twenty videos were created using randomly selected speaker
audios from the test set of MeadText, while the remaining ten were sourced from
RAVEDESS. We utilized the well-established Mean Opinion Scores (MOS) rat-
ing protocol. Participants were tasked with providing ratings on a scale of 1 to 5
for three specific aspects of each video: (1) Lip Sync Quality, (2) Movement Ex-
pressiveness, and (3) Expression Consistency. Lip sync quality evaluates mouth
movements in sync with speech content, movement expressiveness assesses facial
detail richness, and expression consistency measures the alignment between facial
movements and speaker speech expressions.
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An extremely sad person speaks with 
fairly down brow.

An extremely delighted person speaks 
with lip corner significantly stretched 
and lightly raised cheek.
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Contr Align
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Aug.

Figure 5.6: Ablation Study.

The results are presented in Table 5.2. MeshTalk [113] scores the lowest across
all aspects, possibly attributed to the architecture design of its naive UNet. By
incorporating transformer blocks, EmoTalk [108] and CodeTalker [163] achieve
higher lip-sync scores. Regarding movement expressiveness and expression con-
sistency, our model significantly surpasses other approaches, owing to its carefully
derived audio-visual instruction strategy. Overall, our AVI-Talking model out-
performs its counterparts in expressive synthesis, highlighting the effectiveness of
our approach.

5.3.4 Further Analysis

Ablation Study We conduct ablation studies on both stages of our system,
wherein we systematically remove three crucial components from each stage to
evaluate the effectiveness of our framework design.
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Table 5.3: Ablation over model design of Audio-Visual Instruction stage.

Metric w/o Aug. w/o LLaMA w/o Q-Former Full

BLEU1 ↑ 45.4 32.4 41.4 47.4
BLEU4 ↑ 12.7 7.1 10.4 11.4
METEOR ↑ 21.5 16.1 20.7 22.0
ROUGEl ↑ 38.0 28.0 36.0 38.4
CIDEr ↑ 54.5 32.8 53.0 49.3
SPICE ↑ 34.8 27.4 36.4 40.9

Table 5.4: Ablation over model design of Talking Face Synthesis stage.

Method LSE-D ↓ Diversity ↑ FID ↓ KID ↓

w/o Aug. 9.11 0.433 14.18 0.0192
w/o Diffusion 9.21 0 18.72 0.0268
w/o Cont Align 9.07 0.373 13.37 0.0190
Full (Ours) 9.06 0.435 12.53 0.0190

Audio-Visual Instruction Module. We conduct experiments on the first stage
model (1) w/o text augmentation; (2) w/o LLaMA generator and (3) w/o Q-
Former alignment. For the setting without the LLaMA base model, we adopt the
BLIP2 training paradigm [78] and utilize image-grounded text generation loss for
instruction generation. The numerical results on the MeadText dataset [90] are
presented in Table 5.3. We find that without text data augmentation, the model
tends to overfit to a sub-optimal point, leading to slightly worse performance.
But the overall impact for the performance is marginal considering that metrics
of BLEU4 and CIDEr are even better. Removing the LLaMA model results in
the loss of rich contextual knowledge, thereby also causing inferior performance.
Furthermore, without the Q-Former contrastive alignment strategy, the extrac-
tion and alignment of speech features to text embedding become inadequate,
introducing significant training difficulties and resulting in significantly inferior
performance.
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3D Talking Face Synthesis. For the second stage, we train and evaluate the
talking face synthesis network by removing (1) text augmentation, (2) the diffu-
sion prior network, and (3) contrastive alignment. The numerical results on the
MeadText dataset [90] are demonstrated in Table 5.4, and visualization results
are depicted in Figure 5.6. Similar to the first stage, without text data aug-
mentation, the synthesis results suffer from inferior performance on all metrics.
Visualization results in the first row illustrate that the absence of augmentation
tends to inadequately capture the smiling lip corner motion (See the first case
in the left column). Without employing the diffusion strategy, the generation
process becomes deterministic, leading to a lack of diversity. We also observe
significantly reduced performance on other metrics, possibly due to the diverse
generation nature of this problem. Visualizations in Figure 5.6 indicate that with-
out adopting the diffusion strategy, the network tends to produce conservative
generations, where the lip corner is not as well stretched as in our full model (See
the first case in the left column). Removing contrastive alignment also results
in inferior outcomes, highlighting its effectiveness in boosting generation perfor-
mance.

Visualization of Aligned Speech Features. To further analyze the perfor-
mance of Audio-Visual Instruction design, we visualize the intermediate speech
features that are contrastively aligned using Q-Former. In particular, as discussed
in Sec. 5.2.3, the contrastive audio-visual instruction alignment aims to extract
audio embeddings closely relevant to the visual instructions. Consequently, the
resulting audio embeddings are expected to include rich speaker state information.

As shown in Figure 5.7, the audio samples are from male utterances in the
MeadText dataset, focusing on five typical speaking emotions. Notably, the
aligned speech features corresponding to each specific emotion exhibit closely
clustered patterns. We present samples of utterances representing five typical
emotions. Notably, there is a discernible clustering pattern observed among em-
beddings associated with the same emotional type. It is interesting that speech
features belonging to the happiness class exhibit particularly close clustering,
which could be attributed to the distinct characteristics of a happy voice.
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angry
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Figure 5.7: Visualizations of t-SNE embeddings derived from aligned speech fea-
tures using Q-Former.

Generation Diversity of Talking Face Instruction System. In Table 5.4,
we illustrate the pivotal role of diffusion strategy in enhancing generation di-
versity. Additionally, in Figure 5.8, the bottom row showcases the audio-visual
instruction, while the rows above demonstrate generation variations using the
same text instruction. The left columns display the sad speaker status, where
different lip curves are predicted, while the right columns demonstrate an an-
gry case with varying eyebrow and cheek movements. We present visualizations
showcasing diverse synthesis. Observing the left column, it shows that multiple
lip curves can be synthesized for instructions conveying disappointing emotions.
Similarly, the right column demonstrates varied eyebrow and cheek movements
in response to text instructions suggesting anger. These outcomes validate the
capability of the talking face synthesis system to produce diverse results.

OOD Analysis of Talking Face Instruction System. To further assess the
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bridge experience hasout when come

A person feels disappointed and speaks 
with lip corner fully depressed and quite 
down brow.

A person feels quite angry and speaks with 
an lowered brow.

Figure 5.8: Diverse generation results of the talking face instruction system are
depicted.

generalizability of our proposed talking face synthesis module, we conducted ex-
periments with out-of-distribution (OOD) instructions. Unlike the instructions
in our dataset, which explicitly describe facial movements, we also explored visual
instructions indicated by abstract concepts. As shown in Figure 5.9, within each
row, we present instructed synthesis outcomes for the same speaker’s speech, en-
compassing four distinct out-of-distribution instructions. The initial three rows
showcase various successful cases while the final row illustrates an instance where
the model misinterprets the instruction. Our model demonstrates the ability to
capture the implicit speaking state of the speaker in the first three rows, yielding
plausible synthesis results. This success can be attributed to the adoption of
the diffusion mechanism and the structural similarity of natural language embed-
dings. However, when faced with particularly complex and abstract instructions,
our model tends to misinterpret the implied speaking states as seen in the last row.

77



Her eyes lit up with delight, and 
her spirit began to twirl in joyous 
celebra7on.

Through clenched teeth, a low growl 
rumbled from the man's throat, 
sending shivers down his spine.

A low, menacing growl escaped 
the man's 7ghtly pressed lips.

His jaw clenched as a throbbing 
pain throbbed in his temples.

Figure 5.9: Visualization of Out-of-Distribution (OOD) results from the Talking
Face Instruction System.

5.4 Related Work
While methods such as [41, 163, 31, 108] successfully synchronize facial motion
with the driven audio, they often learn deterministic models, resulting in rigid
motion within speech-irrelevant regions, leading to unnatural synthesis. To ad-
dress these limitations, recent approaches [129] introduce a diffusion mechanism
for its remarkable generative capability, yielding diverse high-quality synthesis
results [135, 76].

However, while modeling various poses and expressions, these approaches ne-
glect to capture the emotional content implied within the audio. Furthermore,
methods relying on end-to-end diffusion, from reference video or style embedding
to parametric models, lack explainability. Therefore, we propose integrating a
large language model into our system to firstly generate an interpretable audio-
visual instruction, which is leveraged to guide the speech-driven 3D talking head
generation. To augment emotion awareness, we apply the diffusion process cou-
pled with contrastive learning solely to the speech-irrelevant space.

Recent advancements in talking face generation have demonstrated the lan-
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guage model’s capacity to generate multi-modal content [179] and synthesize fa-
cial motions [99, 141]. Typically, these approaches involve deriving special tokens
for another modality and learning a projection layer to align them with language
space [99]. However, this process demands substantial paired data and intricate
training techniques for effective alignment. In contrast to these methodologies,
our approach takes a direct path by predicting the text description of emotional
status and facial details. This eliminates the need for challenging cross-modal
alignment procedures, which also provides enhanced explainability and flexibility
to users.

For convenience, we have provided a list of related works on AVI-Talking in
Table 5.5. Our model distinguishes itself as the only 3D speech-driven talking
face system that comprehensively supports emotion, language instruction, and
explainability within a single, holistic framework.

Year With Emotion 3D Text Control Explainability

Mead [144] 2020 ✓ ✗ ✗ ✗

GC-AVT [80] 2022 ✓ ✗ ✗ ✗

EAMM [65] 2022 ✓ ✗ ✗ ✗

Sinha et al. [121] 2022 ✓ ✗ ✗ ✗

TalkClip [90] 2023 ✓ ✗ ✓ ✗

MeshTalk [113] 2021 ✗ ✓ ✗ ✗

EmoTalk [108] 2023 ✓ ✓ ✗ ✗

CodeTalker [163] 2023 ✗ ✓ ✗ ✗

FaceFormer [41] 2022 ✗ ✓ ✗ ✗

AVI-Talking 2024 ✓ ✓ ✓ ✓

Table 5.5: Relation of AVI-Talking with State-of-the-Art Methods

5.5 Summary
In this paper, we propose AVI-Talking, an Audio-Visual Instruction system
for expressive 3D Talking face generation. In contrast to the aforementioned
approaches, we explore harnessing the generative power of large language models
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(LLMs) to act as a multi-modality reasoning engine. This will actively hallu-
cinates diverse and plausible facial details based on the emotional content of
the input audio, thereby offering a more comprehensive and nuanced synthesis.
We emphasize several appealing properties of our framework: 1) We address the
speech-driven expressive talking face generation by introducing an intermediate
visual instruction, which decomposes the challenging audio-to-visual generation
into two stages with clear learning objective. 2) A soft prompting strategy is
derived to harness the prior contextual knowledge underlying LLMs for speaker
talking state comprehension. 3) The disentangled talking prior learning proce-
dure ensures complementary integration of lip-sync movements and audio-visual
instruction. 4) A diffusion prior network is introduced to map audio-visual in-
structions to latent distribution of content irrelevant space.

Future Work. In this paper, we have investigated into specifying a pre-
trained Large Language Model (LLM) for cross-modal audio-visual generation
using finetuning techniques. Recent studies [77] higlight the remarkable capabil-
ity of Retrieval Augmented Generation (RAG) in injecting knowledge into Large
Language Models (LLMs). Future research will involve comparing the effective-
ness of RAG and fine-tuning performance, particularly tailored for this task.

Meanwhile, recent works [5] suggest that visual foundation models can yield
competitive results, provided a robust visual tokenizer is utilized. Consequently,
future research will delve into directly tokenizing stylized embeddings within the
content-irrelevant space and fine-tuning general visual foundation models for ex-
pressive talking face synthesis. In this way, the model might be able to circumvent
relying on specific audio-visual instruction dataset, thereby achieving superior
performance with high generality.
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6 Conclusion

This paper targets realistic video generation by exploiting the implicit information
of human speech. We propose to leverage explicit visual cues to facilitate audio-
visual association learning through a framework with three key components. The
overall architecture follows an encoder-decoder structure with a disentangled bot-
tleneck latent space, and explicit visual cues are utilized to facilitate audio-visual
association learning via contrastive learning.

According to this framework, two networks are carefully adapted for 2D and
3D talking face synthesis, taking into account speaker identity and talking status.
The Speech2Talkingface is a generative framework capable of not only inferring
appearances but also driving faces to talk with speech. It synchronize speech with
visual representations through two branches and uses a style-based generator for
balancing multi-modal information. Two latent spaces, the identity space and
the identity-irrelevant space, are defined through the reconstruction training of
visual features. Contrastive loss is employed for modality synchronization within
the these spaces.

AVI-Talking is an Audio-Visual Instruction System for expressive Talking face
generation. It bridge the audio-visual modality gap with an intermediate vi-
sual instruction representation. The framework decomposes the audio-to-video
generation into two stages, each with a distinctive objective. By presenting vi-
sual instruction as an intermediate output, our system not only enhances model
interpretability but also grants users the flexibility to specify desired instruc-
tions or modifications, enriching user interaction and greater customization. A
contrastive instruction-style alignment and diffusion strategy further refines the
joint representation towards the distribution of the pre-trained talking prior.

Overall, the first network effectively integrates the identity information of the
human voice, while the second network extracts the underlying talking status
information from the speaker’s speech. The design of both networks follows our
proposed framework, validating its effectiveness for realistic facial video synthesis.
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The Speech2Talkingface network employs data augmentation techniques to iden-
tify the speech content space, while AVI-Talking directly relies on the pre-trained
Wav2Vec-2.0 for content relevant information extraction. Using the pretrained
Wav2Vec-2.0 network provides a well speech-related prior, easing the learning
process of content-relevant space formation. Additionally, Speech2Talkingface
uses a convolution-based architecture suitable for 2D image synthesis, while AVI-
Talking leverages a transformer-based network for dynamic vertex modeling. To
bridge the modality gap, Speech2Talkingface fine-tunes the entire system, while
AVI-Talking uses a diffusion-based network, demonstrating the effectiveness of
diffusion models in closing the modality gap.

6.0.1 Outlook

1. Real-time Talking Face Applications. In current framework, the com-
putation of Audio-Visual Instruction module suffers from heavy overload.
Deploying such system to real-time applications will lead to prohibitively
calculation burden. Therefore, it is necessary to devise some strategies to
improve the running efficiency of this module in future work.

2. Unified Framework. In our AVI-Talking work, we utilize separate speech
encoders: HuBERT within the audio-visual instruction module and Wav2Vec-
2.0 within the talking face synthesis module. However, is it possible to
achieve this functionality with a unified speech extractor? Future research
will explore the potential of using a single network to simultaneously learn
both talking states and acoustic content.

3. Facilitating Audio-to-Visual Instruction. This work leverages publicly
available language generator LLama [136] as the backbone to synthesize
visual instructions. To promote speech information comprehension, our
work compose an audio encoder to prompt this language model. However,
the devised module is just a preliminary exploration. Recent developed
multi-modal language models such as LLama3 might be an option to achieve
better performance.

4. Image Quality Enhancement with Diffusion Transformers. Recent
works in generative models have demonstrated the capability of Diffusion
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Transformers (DiTs) [107] with the help of various newly design training
techniques [190, 46, 18, 19] such as flowing matching or positioning encod-
ing. With remarkable scalability, these architectures support high-quality
video synthesis [180, 102]. It is worth exploring leveraging these backbones
in Speech2Talking-Face work to improve the resolution and generation qual-
ity in our tasks.

5. Multi-modal Talking Face Instruction System. Future work will ex-
ploit the mutual benefits of human voice and visual cues to develop a multi-
modal talking face instruction system, addressing the ambiguity of vocal
features with the explicit semantic meaning of visual cues.

6. Long-range Sequential Modeling. In the Speech2Talkingface applica-
tion, the model currently determines speaker identity from voice clips of
less than 3 seconds. Future work will attempt to capture speaker identity
with long-range sequential modeling to utilize more relevant information.

7. Addressing Human Race Bias. The unbalanced distribution of speak-
ers in the Speech2Talkingface framework may introduce human race bias,
leading to ethical issues. Future research will explore larger datasets for
objective distribution and safeguard the pre-trained model for misuse.

8. Incorporating Head Motion. The AVI-Talking application assumes
static head poses, which is not always accurate. To synthesize more vivid
results, future work will include head motion descriptions within the audio-
visual instructions to incorporate talking head dynamics.

9. Facial Appearance Modeling. Unlike Speech2Talkingface, the AVI-
Talking framework does not account for facial appearance. Future work
will consider integrating a neural renderer for facial appearance modeling.

10. Speech-to-Gesture Modeling. Facial movements are only one part of the
broader spectrum of human communication. Gestures, including arm move-
ments and hand actions, are closely linked to speech and serve as powerful
expressive tools in human interaction. Therefore, it is crucial to incorporate
these elements into virtual digital human systems to create more natural
and effective communication. Moreover, recent advancements in diffusion

83



models and large language models (LLMs) offer innovative techniques to
enhance the development of these systems.
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