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ABSTRACT  
 

This dissertation proposes a novel audio-driven facial animation method based on multi-

modal relevance, that is, given a piece of audio and a segment of talking video, this method 

can generate realistic video results of the same speaker conditioned on the audio. To take full 

advantage of different modality inputs, this paper designs a neural network to model the rele-

vance of sequential inputs, including intra-sequence and inter-sequence across modalities, the 

calculated relevance scores are transformed into weighted value and contribute to predicting 

dynamics of human faces. In addition, this method utilizes the intermediate human faces rep-

resentation of 3DMMs, which convert a face image into a vector in disentangled representa-

tion space, by introducing 3DMM, we exclude the impact of audio non-related regions in hu-

man faces when performing mapping from audio signal to facial movement. In order to visu-

alize our results, we utilize a neural rendering network to generate photorealistic RGB images 

of human faces from 3D coarse rendering results. Compared with other methods, this method 

is directly oriented to sequential input, which is more in line with the characteristic of input 

data in audio-driven facial animation tasks. In addition, owing to the design of Transformer 

architecture, this method can perform parallel prediction, which means the entire input se-

quence can be processed in one step, more importantly, by adding the correlation information 

of input sequence, which obtained in relevance modelling stage, this method can effectively 

utilize the information of adjacent frames, thereby generating more accurate lip results, at the 

same time, gain better performance in lip-audio synchronization. Both qualitative evaluation 

such as self-reenactment and multi-target reenactment and quantitive evaluation such as land-

mark error and expression error are conducted and the results prove the effectiveness of this 

method.  
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CHAPTER 1: INTRODUCTION  

The purpose of facial animation is to make use of information from different driving 

modalities to generate highly natural and smooth facial animations. Facial animation technol-

ogy has strong practical significance and application value in scenarios such as human-com-

puter interaction and virtual reality. The current human-computer interaction is usually 

through voice or text communication, but compared with the process of human-to-human in-

teraction, the experience it brings to people is completely different. In fact, facial expressions, 

body movements, and tone of voice in human-to-human interaction play a vital role in the in-

teraction process. The same content will give people completely different feelings through 

different facial expressions. At present, human-computer interaction based on facial anima-

tion technology has been applied in many real-world scenarios, such as artificial intelligence 

anchors and virtual customer service agents. 

 

Figure 1. Schematic diagram of face animation generation 

Facial animation usually require two types of input, namely reference input and driving 

input(also called source input), as shown in Figure 1. Among them, the reference input pro-

vides information about the character, including the character's identity information, posture 

information, expression information, etc.; the driving input provides the information we want 

the character to animate. Our task is to refine the parts we want from the reference input and 

the driving input. For reference input, we generally hope to extract identity information and 

posture information of the character; for driving input, we hope to extract facial expression-

related information contained therein. For the case where the driving input is video, we can 

directly extract the corresponding expression information since it inherently lies in the 2D 

space, but for driving modality with less information such as text or speech, additional 



modules are required to transfer it to 2D space. After that, we need to fuse the extracted infor-

mation and generate video results based on the fused information. 

Facial animation generation can improve user experience in industries such as film mak-

ing, television and games. Since this task usually needs to be applied to the scene of human 

interaction, it has extremely high requirements for real-time and image quality of the results, 

and how to generate real, natural, non-mechanized results is still under exploring.  

We mainly focus on one specific type of task in facial animation generation, i.e. audio-

driven facial animation where the driving input is a piece of audio and the reference is a piece 

talking video. Current research in this field usually focus on how to optimize the process of 

audio-to-expression mapping[38][40][45][50] or employ special designed network to im-

prove the  quality of synthesized video[47-49]. In our research, we are going to use a Trans-

former-based sequence generation model during feature extraction and generation stage, so as 

to solve the shortcomings of the current sequence model in terms of computational efficiency, 

long-term and short-term dependency extraction. In addition, current face animation methods 

do not effectively use the information in the reference video, while latter contains a lot of in-

formation about the speaking style of the reference character. We explicitly study the correla-

tion between the driving audio and the facial expression features obtained from reference 

video through 3D face reconstruction process[12], so as to establish a mapping from the 

source audio to the 3D space. 

The structure of this dissertation is as follows, in Chapter 2, we introduce the develop-

ment of facial animation and related technologies in our method, including 3D face model, 

Transformers and facial animation. In Chapter 3, we explain the methodology used in our ex-

periments, including evaluation methodology, design of system architecture and the pipeline 

of our proposed method. In Chapter 4, we explain the design and implementation of our pro-

posed method in detail, including comparison between several possible options and why 

make such decisions. In Chapter 5, we evaluate our method using several criteria proposed in 

Chapter 3. In Chapter 6, we summarize the work we do and point out the future application of 

this technique.  

CHAPTER 2: LITERATURE REVIEW 

3D Face Model. The 3D Face Morphing Model (3DMM) was first proposed by Blanz 

and Vetter at SIGGRAPH in 1999 [1]. They collected a large 3D scan face dataset and em-

ployed optical flow to construct dense semantic correspondence of the original scan data. 



They used PCA to establish a face parameterized model, which decouples the face in the 3D 

scene into five types of representations, including shape (identity), expression, texture, light-

ing, and posture. Through controlling different components of the input face representation, 

the 3DMM model can generate fine-grained 3D face by controlling the weight of the compo-

nents. The contribution of 3DMM is that, first of all, it provides a controllable face generation 

model, we can achieve fine-grained generation by controlling the different components of the 

parameters; in addition, it provides a decoupled face representation, while this decoupling 

representation is more maneuverable; finally, it provides a paradigm for constructing 3D face 

models, which has a profound impact on subsequent research including methods based on tra-

ditional methods and methods based on deep learning. [2] first proposed to use an encoder-

decoder structure to model the geometric structure of a human face, where the encoder pro-

jects a 3D face onto a 2D image, and the decoder fits a classic face model. This allows the de-

coupling of shape changes caused by identity and expression. Bagautdinov et al. [3] intro-

duced a VAE-based structure to represent global and local shape changes in different layers 

of the network, and then simulate different levels of details of the facial geometry. In their 

work, the 3D geometric structure is represented by using a two-dimensional mapping and 

convolved in the image dimension. This work can represent highly detailed geometric struc-

ture information in the hidden space. Furthermore, Lombardi et al. [4] proposed to jointly en-

code changes in appearance and geometry, so that highly detailed facial rendering can be per-

formed from a new perspective. Ranjan et al. [5] proposed a CoMA model based on the auto-

encoder architecture. This is the first model that directly convolves on 3D mesh to model the 

geometric structure of the face, allowing very concise representation of facial geometry. Li et 

al. [6] proposed FLAME head model based on a 4D face scan dataset, which can combine 

jaw movement and linear expression blendshapes to provide nonlinear control on facial ex-

pressions. Thomas et al. [7] proposed a new strategy and modeling technique for face regis-

tration, which considers symmetry, multi-scale and spatially varying details, and can be ap-

plied to neutral faces and faces expression. In addition, they released an open-source software 

framework for registration and model building. Based on the framework, they released a new 

version of Basel face model (BFM17), which broadened the age distribution of the original 

model and added an additional facial expressions model. In view of its powerful expressive 

ability and stability, BFM17 has gradually become the priority for current 3D face models. 

Egger et al. [8] summarized the development of 3D face models in 20 years, and reviewed the 

establishment of 3D face models and the challenges of applying these models (including 



capture, modeling, image formation and image analysis). They compared different 3D face 

models and provide suggestions for future research methods of this field. 

Except for 3D face model itself, the research on the application of the 3D face model is 

also a very active topic. Among them, 3D face reconstruction is a research direction that de-

velops quite rapidly. 3D face reconstruction refers to obtaining a 3D face representation of 

the person from a face image or a sequence of face images. Since 3D faces are highly manip-

ulable, we can edit 3D faces to change certain attributes. After processing with neural render-

ing technology, we can achieve the purpose of editing the characters in 2D images, thus 

avoiding various problems of directly editing 2D faces. 

Tuan et al. [9] proposed a regression model of 3DMM CNN to regress 3D face shape 

and texture parameters from images. In addition to focusing on the regression of face shape, 

ExpNet[10] and FacePoseNet[11]  are designed to regress expression and pose parameters of 

the 3D face solely. Deng et al. [12] proposed an accurate 3D face reconstruction method 

based on weakly supervised learning. They propose to use image pixel loss and perception 

loss in the reconstruction stage, and can regress the coefficients of all 3D faces at once. In ad-

dition, their model can be well adapted to the presence of facial occlusion and multiple pic-

tures of a single person. In their results, those generated based on multiple pictures of single 

person is better than that of a single picture. [13] summarized the development process of 3D 

face reconstruction technology by 2020, and put forward a prospect for the future of 3D face 

reconstruction technology. 

Transformers. Transformer [17] is one type of neural network which mainly based on 

self-attention mechanism. It was originally proposed in the field of NLP and used to solve the 

problem of computational efficiency and long-term dependence of traditional sequence mod-

els such as LSTM and GRU. Since the day it was proposed, Transformer has shined in the 

field of NLP, surpassed many state-of-the-art results at that time in multiple tasks, and proved 

the rationality of its architecture. The follow-up work is basically based on the original Trans-

former architecture. Among them, BERT [18] pre-trained a Transformer using self-super-

vised methods on unlabeled text data. The text features obtained by the Transformer have 

achieved better results than traditional Word2Vec in various tasks. Although BERT is effec-

tive, but because the model is too large, and requires too many hardware resources, so it is 

not suitable for many lightweight scenarios. In view of the high time complexity and exces-

sive memory usage of the original Transformer, Zhou et al. [19] proposed a new Informer ar-

chitecture. The ProbSparse self-attention mechanism proposed by this architecture is less 



time-complex than the original self-attentionr. In addition, it also proposed a distillation 

mechanism to shorten the length of the self-attention sequence, thereby reducing the memory 

consumption of the architecture. Finally, they proposed to predict only once instead of the 

original step-by-step prediction, which allows the predicted results to be obtained in linear 

time. 

While Transformer is hot in the NLP field, it has also caused CV scholars to think about 

Transformer. Dosovitskiy et al. [20] first proposed a Transformer-based image classification 

model, ViT, which novelly regarded image as a sequence of patches, and retained the original 

structural information of the image by indexing each patch thus construct a pseudo-sequence. 

In addition, the patch-based image sequence contains less information, which circumvents the 

problem of excessive memory consumption of Transformer to a certain extent. ViT retains 

the original NLP Transformer's architectural design as much as possible, and entirely based 

on attention mechanism. ViT has been trained and tested on multiple image classification da-

tasets. The results show that it has achieved better classification results in scenarios with 

large amounts of data. Even when the amount of data is small, it can achieve a good image 

classification result compared with other models. Compared with the way that completely 

abandons CNN in ViT, DETR [21] seeks a compromise. For the object detection task, DETR 

first uses CNN to obtain the feature sequence of the image. Since the object detection task 

does not require ordered inputs, so the feature sequence obtained by CNN can directly input 

into a Transformer to predict the category and coordinates of the object, which is more effi-

cient and convenient than the traditional methods of setting anchors. Chen et al. [22] pro-

posed a Transformer for general vision problems, namely IPT. The main idea of IPT is to use 

the strong expressive ability of Transformer model, and use multi-head and multi-tail learn-

ing on a large-scale corpus, then draw the idea of contrastive learning to fine-tune the model 

on different tasks. IPT has achieved better results than current best methods on different un-

derlying CV tasks (such as image super-resolution, denoising, etc.). Swin Transformer [23] as 

the latest Transformer model, has achieved higher accuracy on image classification problems, 

at the same time the speed is close to CNN methods. Swin Transformer draws on the idea of 

hierarchy and local connection in CNN, achieves better prediction accuracy by constructing a 

hierarchical Transformer and focus on single window through a sliding window, thereby re-

ducing the overall amount of calculation.  

In addition to these pseudo-sequence problems that divide images into patches, there are 

also some CV tasks dealing with image sequences. These tasks are more in line with the 



characteristics of Transformer itself, and good results have been achieved on some tasks. Liu 

[24] et al. proposed ConvTransformer architecture and used it to solve the video prediction 

problem, that is, predicting the intermediate or subsequent frames based on the existing video 

input. Its characteristic is to replace the 1D tensor input in traditional Transformer with a 3D 

tensor, and design a 3D tensor attention calculation method based on convolution. So that the 

Transformer architecture can be adapted to the problem of image sequences, and it can 

achieve quite realistic results in the prediction of intermediate frames and the prediction of 

subsequent frames. In addition to the single-modality problem in CV field, Transformer is 

currently also used to solve cross-modal or multi-modal problems in CV fields. Zheng et al. 

[25] used Transformer to solve visual question answering (VQA) task. They proposed to use 

three Transformers to model the correlation in text modality, image modality (using object 

detection skeletons), and cross-modality. These three Transformers allow the model to cap-

ture the high-order relationship between the inputs, so as to achieve the purpose of expressing 

spatial alignment. Inspired by the information retrieval model, they also used a relevance 

modeling method based on text entities and visual entities. It turns out the combination of en-

tity-based and cross-modal relevance perform better than other methods. Similarly, Li et al. 

[26] used a cross-modal Transformer to model the correlation of different modality inputs in 

the task of audio-driven 3D dance generation. Their main contribution is that they labeled the 

AIST dataset, used optical flow method to establish dense semantic correspondence of the da-

taset, and used it as representation of motion feature. Experiments have proved that dance 

movements generated based on the cross-modal Transformer can not only make movements 

in every frame more realistic, and achieve a higher continuity in the overall video. Han et al. 

[27] summarized the progress of visual Transformer, and concluded several success factors of 

the visual Transformer and the future direction. 

Facial Animation. Face animation refers to the generation of video of the target person 

speaking under the conditions of one or more pictures of the target person and input of one or 

more driving modalities. The resulting video contains information come from driving modal-

ity(speaking content) and also the information of the target person (identity of the speaker, 

speaking style, etc.). According to the driving modalities, the task of face animation can be 

divided into (1) video-driven face animation[31-37]; (2) audio-driven face animation. Ac-

cording to face representations used, tasks can be divided into 1) latent vector representation; 

(2) facial landmark representation; (3) 3D face representation. Due to the fact that different 

driving modalities will lead to totally different problems that need to be solved. Here, we 



only list the related work that is closest to our task, that is, researches of audio-driven facial 

animation. 

The goal of audio-driven facial animation is to generate a video result that conforms to 

the audio content of the driving input. A key problem that needs to be solved in this task is 

the alignment of audio to facial expression space. Considerations include: character identity 

preservation, audio-visual synchronization, natural movement, etc. Audio-driven face anima-

tion can be divided into methods based on latent vector representation, facial landmarks and 

3D face according to the difference of intermediate face representation. Here we will discuss 

them separately. 

The method based on latent vector uses latent vector as the representation of facial ex-

pressions, and controls the accuracy of the speech-to-face expression mapping through the 

loss function of image result, without the need to generate a visual intermediate facial repre-

sentation. The advantage of these methods is that end-to-end training strategy can be used, 

and the demand for computing resources is relatively small. Jamaludin et al. [38] first pro-

posed a facial animation generation network based on a encoder-decoder structure. They used 

two sub-networks to extract the expression feature of the audio and the identity feature of the 

face in one picture, and then obtained a video result through the decoder. It belongs to the 

early exploratory work of face animation generation based on deep learning. Due to its sim-

ple architecture and no additional control conditions, the generated result suffer from prob-

lems such as identity leakage, low video resolution and unnatural smoothness, etc. Wiles et 

al. [40] proposed X2Face network. By learning an intermediate representation of the embed-

ded face, the network effectively separates the information of the character’s identity, expres-

sion and head posture, thereby training the network in several stages. The problem of this 

model is the instability of face embedding and the generation network are relatively simple, 

besides, the results of their model are unstable. Vougioukas et al. [42] proposed to use a 

frame discriminator and a sequence discriminator in the generation stage to solve the problem 

of unsmoothness in generated video. On the one hand, they ensure the quality of the gener-

ated results, and on the other hand, ensure the stability of the generated video results.  

The method based on facial landmarks first considers mapping from audio to accurate 

face landmarks, and then uses the image-to-image translation network to generate photo-real-

istic pictures. The method using facial landmarks can add loss constraints on facial land-

marks, which can alleviates the stability problems of methods based on latent vectors due to 

end-to-end training to some extent. Suwajanakorn et al. [39] proposed a single person-



oriented face animation method. They used a large number of Obama speech videos to train 

their speech-to-lip-landmarks network and rendering network, so as to be able to generate 

very photorealistic results for single person. Since only single character is used in the training 

data, their network generalization ability is poor, and the reproducibility is not high. Sefik et 

al. [41] proposed a network to map audio to the movement of facial landmarks. Their method 

can generate better lip synchronization results on standard face, but because only the land-

marks of the standard face is generated without considering the difference in landmarks of 

different people, so the practical value of their work is low. Zhang et al. [43,44] proposed the 

APB2Face and APB2FaceV2 networks. The former uses additional posture and blink coding, 

and only extracts the expression feature from the audio. The former has achieved good results 

on their self-built dataset and can generate natural blink results; the latter proposed an adap-

tive convolution module based on the former architecture to fuse audio features, and used a 

lightweight network structure to achieve real-time face animation. Zhou et al. [45] proposed a 

novel facial animation generation network, Makeittalk, based on the intermediate facial land-

marks. In their audio processing stage, the audio decoupling method was used to divide the 

audio into identity and content parts to control different feature levels respectively. Their 

method can generate natural head and lip movement, but the problem is that their head move-

ment is trained based on a large video dataset of a single person, so there exist problems such 

as fixed and mechanical movement pattern. Yu et al. [46] proposed a facial animation method 

based on multi-modal driving input, that is, text and speech co-drive pattern to generate land-

mark movement of the standard face, then use the de-standardization method to convert the 

standard face to specific face, and finally generate the resulting video through a generation 

network based on the face sketch. Prajwal et al. [47] used masks of lower half of the face on 

the original video frame, and used a pre-trained lip-reading discriminator network to ensure 

that better lips are generated, because the network only focuses on the generation of the lower 

half of the face, their proposed network can generate very precise lip movements. 

The 3D face-based methods first consider how to obtain accurate facial expression pa-

rameters in 3D space from audio. According to the types of final result, it can be divided into 

directly generating 4D mesh results or using rendering methods to obtain 2D video results. 

Karras et al. [48] proposed a low-latency audio-driven facial animation generation method 

based on face meshes. Their method directly learns the mapping from audio waveforms to 3D 

face mesh vertices, and uses a low-dimensional vector to represent expression changes that 

cannot be learned by audio. Cudeiro et al. [49] proposed the VOCA network to learn the 



mapping of audio to 3D face vertex transformation, which can control the difference in 

speaking style through additional input. The 3D face model in their work is FLAME[6], and 

released an open source dataset of 4D face scans. The main problem with VOCA is that the 

original model is only trained on 12 speakers, which can only be tested on the template char-

acters precedented during training, thus limiting the scope of application of the model. Song 

et al. [50] proposed a 3DMM-based audio-driven facial animation model. They used a pre-

processing network to extract audio content features, and then used a mapping network to 

map the audio to the expression space of 3DMM. After obtaining the recombined features, 

Rasterization and cropping are used to obtain an image of the lip area, then a neural rendering 

network is trained to obtain a refined lip result, final video is obtained after stitching with the 

original image. Their method can well cope with large pose changes. Yi et al. [51] innova-

tively proposed to study the correlation between audio and posture changes, and used neural 

networks to establish their mapping. In addition, in view of the weak generalization ability of 

current neural rendering networks, they refer to memory mechanism and proposes a memory 

network to retain speaker information during training, so as to speed up and optimize the in-

ference process through the calculation of speaker similarity during testing. Similarly, the 

AudioDVP proposed by Wen et al. [52] is very similar in network structure to [51]. The dif-

ference is that they do not consider the relationship between audio and head pose, and only 

calculate the reconstruction loss of the lower half of the face during the rendering process. 

Since the head pose is obtained from the original frame, the lower half of the generated face 

can be pasted back to the original image to ensure sufficient authenticity. The problem with 

AudioDVP is that the neural rendering module requires a long speaking video for fine-tuning 

during testing, so real-time rendering cannot be achieved. Richard et al. [53] proposed a 

cross-modal 3D facial animation model MeshTalk. They proposed a cross-modal loss in the 

classification hidden space of face animation, which combines audio-related and audio-unre-

lated parts separately, thereby generating more accurate face mesh animation results. 

MeshTalk has some versatility problems, including a certain delay in audio and video. In ad-

dition, the model cannot achieve real-time performance on some hardware with low compu-

ting power. 

 



CHAPTER 3: RESEARCH METHODOLOGY 

3.1	EVALUATION	CRITERIA	

The goal of audio-driving facial animation is to generate photorealistic and temporal co-

herent speaking video, and most importantly, requires lip motion in sync with the content of 

audio. We use both qualitative and quantitative criteria to analysis the results and evaluate the 

performance of our system. 

For qualitative evaluation, we adopt two strategies to evaluate our system, the first is 

self-reenactment, where source audio and reference audio are the same, the other is multi-tar-

get reenactment, which compare the results using the same audio to reenact different charac-

ter. In self-reenactment, the video result should be similar to the original video since both au-

dio input and character are the same. In multi-target reenactment, the lip movement should 

similar across different generated results since the driving audio source are the same. 

We further carried out quantitative evaluation. We calculate the L2 difference of 3D ex-

pression coefficients between generated results and ground-truth frames, since expression co-

efficients of 3DMM reflect the whole facial expression rather than audio-correlated region, to 

focus on lip shape accuracy, we use additional facial landmark L2 difference between gener-

ated results and ground truth images. In addition, another factor we care for is the audio-vis-

ual synchronization of generated video, therefore we adopt SyncNet[54], which calculate the 

audio-visual synchronization score using a two-stream neural network. For the details of 

evaluation implementation and results, please refers to Chapter 5.  

3.2	EXPERIMENTAL	DESIGN		

The main purpose of this project is to generate realistic taking videos while take full ad-

vantage of information in all input modalities. Generally, in the task of audio-driven talking 

video generation, the inputs usually consist of a piece audio and single image, sometimes ac-

companied with a short video to fine-tune the network to learn person-specific speaking style. 

In training stage, both the audio stream and video stream are split into frames, and the net-

work learns to map feature of specify audio frame to corresponding target video frame fea-

ture, which can be considered as a frame level one-to-one mapping. Actually, this pattern 

lacks consideration of relevance between adjacent frames of both audio and visual modalities, 

which can be seen as an intrinsic feature of the input sequence, besides, even some methods 

already consider using sequence model to extract temporal audio feature to improve temporal 



stability, they still not explicitly consider the relevance in single modality or relevance be-

tween audio and video stream, i.e. the multi-modal relevance.  

In our hypothesis, we assume explicit modelling of both single modality relevance and 

multi-modal relevance between audio and visual modalities will be beneficial for the map-

ping from audio to visual feature. Based on this hypothesis, we design a system to 1) model 

relevance of different modalities, 2) compute audio-visual mapping based on the relevance 

scores of different modalities, 3) visualize results by 3D rendering and use a neural rendering 

network to verify the effectiveness of our method.  

 

Figure 2. Flowchart of our proposed audio-driven talking video generation model based on multi-modal 
relevance, except for the usual audio to expression mapping module, we introduce an additional branch 
which accept video frames as input. Both audio and image input are being mapped to 3DMM space, self-
attention and cross-attention of intermediate 3DMM representation are being calculate in Transformers. 
The predicted expression coefficients replaced those extracted from video frames, and render to photoreal-
istic face images by a neural rendering network. 

3.2.1 OVERVIEW 

The framework of our proposed method is showed in Figure 2. The framework of our 

proposed method has three main components, decoupling of face attributes based on 

3DMM(described in Section 3.2.2), speech-to-expression mapping based on multi-modal rel-

evance(described in Section 3.2.3) and photorealistic 2D image generation based on neural 

rendering (described in Section 3.2.4) 

The model formulation is as follows; given a piece of audio clip A!"#(hereinafter called 

source audio or driving audio) and a short talking video 𝑉$%&(hereinafter called reference 

video). Our goal is to generate a new talking video 𝑉#  of the same person in 𝑉$%& while the 

content of speech keeps the same with 𝐴'$(.  

The source audio is separated into 𝑚 frames 𝑎'$( = {𝑎'$(! , 𝑎'$(" , … , 𝑎'$(#}. Similarly, 

audio stream and visual stream are separated from the reference video and converted into a 

sequence of audio frames 𝑎$%& = {𝑎$%&! , 𝑎$%&" , … , 𝑎$%&$} and a sequence of video frames 



𝑣$%& = {𝑣$%&! , 𝑣$%&" , … , 𝑣$%&$}, both have a length of 𝑛. For each reference video frame, we 

use 3D face reconstruction method[12] to obtain the reconstruction coefficients which con-

tains expression and other components. For 𝑖th video frame, after 3D face reconstruction, a 

vector 𝑋) is obtained of 𝑅𝟚𝟝𝟟. For source audio sequence 𝑎'$( and the reference audio se-

quence 𝑎$%&, we use librosa[55] to extract mfcc feature of those audio clips whose dimension 

is 13, and then concatenate those mfcc features along time dimension, result in an input vec-

tor 𝑚𝑓𝑐𝑐 of shape (𝑚 + 𝑛, 13). 

After obtained independent representation of both audio and video input, to fuse infor-

mation of audio modality and visual modality, we adopt a multi-modal relevance computing 

architecture to predict visual output in according with reference audio. The relevance is com-

puted by Transformer[17] model, which is a neural network all about attention.  There are 

two types of relevance to be computed, single-modal relevance and multi-modal relevance. 

Single-modal relevance modeling is performed to obtain the sequence-dependent representa-

tion of source audio, then the multi-modal correlation is performed among source audio fea-

ture, reference audio feature and reconstructed expression coefficients of reference video 

frames. After that, the predicted expression coefficients are combined with other facial coeffi-

cients of reference frames in order, which are then feed into 3DMMs to generate 3D meshes. 

Next, using OpenGL, the 3D meshes can be rasterized and what we get are coarse 2D render-

ing frames. Finally, a neural rendering network is used to render these coarse frames to obtain 

photorealistic video frames, and the video frames are spliced to obtain the predicted video re-

sult. The following sections describe each procedure in detail.  

3.2.2 DECOUPLING OF FACE ATTRIBUTES BASED ON 3DMM 

One of the core issues of audio-driven facial animation task is how to represent human 

faces. Due to the high complexity of human faces, it is quite difficult to find a suitable feature 

that represents the face; in addition, various attributes of human faces are highly entangled, 

brings about more difficulties for some specific tasks which needs to analysis specific seman-

tic features of human faces. A recent study[34] have shown that a human face can be repre-

sented as a point on a high-dimensional manifold. Therefore, dimensionality reduction algo-

rithms are often needed to reduce the computational complexity. 

Monocular RGB reconstruction based on 3DMM is a method to solve the problem of 

face representation. 3DMM itself is a 3D face statistical model, which solves the problem of 

recovering 3D faces from 2D images; in addition, 3DMM provides parameterized and 



disentangled space which is able to manipulate specific attributes of given face model, in-

cluding face shape, expression, texture, posture, etc. It provides the possibility to inde-

pendently study a certain component of the face. With the development of neural networks, 

the 3DMM coefficients solved by neural networks have better accuracy and higher computa-

tional efficiency than traditional methods that are calculated through optimization algorithms. 

Except for 3DMM, there are other options for human face representation, for example, 

facial landmarks. Compared with these methods, 3DMM has more advantages: 

1) Easy to manipulate. 3DMM is more maneuverable than other face representation due to 

its disentangled parameters space and parametric characteristics such as better control of 

attributes such as lighting, expression, and posture.  

2) Better identity preserving. Among audio-driven talking face generation experiments, 

some studies based on 2D face representation usually suffer from the problem of identity 

leakage, which means the generated faces are far from the original person and unidenti-

cal, the reason can be attributed to inadequate separation from facial movement-related 

parts and facial structural parts, resulting facial structural information is changed during 

the process of reenactment. For 3DMM representation, disentanglement of moving parts 

of face(lip, facial muscles) and motionless parts(shape, contour) have already been done 

during the face reconstruction procedure. Since we usually do not modify the identity 

component of the 3D face in the reference video, the face animation generation task based 

on the 3D face can provide a better identity preserving effect.  

We use 3DMM face representation in our experiment. Except for the above mentioned 

advantages of 3DMM, explicit decoupling of facial motion-related features from other mo-

tionless features is crucial for the multi-modal relevance modeling procedure in the next sec-

tion, since for relevance modeling, it learns the potential relevance between different frames 

in the input sequence, so that frames at different positions in the input sequence will affect 

the prediction of the current frame, current research indicated that only some acoustic feature 

of speech have connection with movement of specific areas of faces, including some non-

speech-related facial features in input, for example, geometry of face, will cause the network 

fail to converge.  

Here we use [12] to reconstruct 3D face from 2D input image, since their method is fast, 

accurate and robust to occlusion which is pretty common in real-life data. The specific pro-

cess is as follows, given the input image sequence 𝑣$%& = {𝑣$%&! , 𝑣$%&" , … , 𝑣$%&$}, which 

length is 𝑛, we input each image separately into the 3D face reconstruction network to obtain 



a vector of 257 dimension 𝑋) = (α) , β) , δ) , γ) , 𝑝)) ∈ 𝑅𝟚𝟝𝟟	specific to the current image 𝑣$%&%. 

𝛼) , 𝛽) , 𝛿) , 𝛾) , 𝑝) respectively represent geometric, expression, texture, lighting and pose coeffi-

cient vectors of 3D parameterized face model. This set of parameters is adapted to specific 

face model which is settled during training phase. Here the expression basis are built from a 

subset of FaceWarehouse[56] basis, and others bases are from BFM17[7]. 

 
Figure 3. Comparison between results of neutral expression and one random expression, the interactive 

system is provided by[57] and the face model is FLAME[6]. There are several bars in the left pane to con-

trols the coefficients of 3D face model basises, the right image is rendering results under current parame-

ters settings. The only difference between these two results is the value of first and second expression coef-

ficients and jaw coefficients. Jaw coefficients is unique for FLAME face model, while contained in generic 

expression components for other face model.  

It is worth noting that the expression coefficients in 3DMM mainly controls the dynamic 

change of lip area of a 3D mesh, so mapping from speech to 3D face expression coefficients 

can achieve the purpose of face animation. Figure 3 gives an intuition of changing expression 

coefficients leads to the structural change of lip area.  

3.2.3 SPEECH-TO-EXPRESSION MAPPING BASED ON MULTI-MODAL RELE-
VANCE 

In the task of audio-driven facial animation generation, how to align the audio to expres-

sion space is the most crucial problem. Experiments suggest that current sequence model 

used in this mapping stage has insufficient computational efficiency and problems in short-

term and long-term dependency extraction, which leads to unsmoothness in generated video. 

To solve the above shortcomings, after the audio feature extraction stage, we adopt a Trans-

former-based sequence generation model to achieve the mapping from audio to expression. In 

addition, the current face animation method mostly does not effectively use the image-level 

information in reference video, while the latter contains a lot of information about the speak-

ing style of the character.  



We explicitly model the relationship between the modal characteristics of the source au-

dio and the reference video, so as to establish a mapping from the source audio to the expres-

sion that is more in line with the speaker's style.  

There are three types of relevance to be considered, audio-audio single-modal double-

sequence relevance, expression-expression single-modal single-sequence relevance and au-

dio-expression cross-modal double-sequence correlation. Each correlation modeling is car-

ried out through a Transformer model, which lead to three Transformer models, namely Au-

dio Transformer 𝑓-./)0(𝑚𝑓𝑐𝑐), Expression Transformer 𝑓%12(β), and Multi-modal Trans-

former 𝑓($0''Cℎ3&(( , ℎ4E in our entire model 𝑓5$-6' = C𝑓-./)0 , 𝑓%12, 𝑓($0''E. 

The core idea of Transformer is attention, which conduct by self-attention layers, each 

self-attention layer includes a multi-head self-attention layer and a feed-forward layer; the 

relevant representation is calculated by involving relevance computation in multi-head atten-

tion layer. Specifically, for input sequence 𝑋 = (𝑥7, 𝑥8, … , 𝑥6) ∈ 𝑅6×3 where 𝑛 and 𝑚 refers 

to sequence length and dimension of feature respectively. The general calculation formula for 

hidden representation is: 

𝑋: = ;×<
√3

× 𝑣	, 𝑋: ∈ 𝑅6×3, 

where 𝑞, 𝑘, 𝑣 all represent input sequence in self-attention manner. × here represents matrix 

multiplication. 

The expression-expression relevance calculation uses the expression components β of 

3D coefficients 𝑋,	obtained by 3D face reconstruction of the reference video, which work as 

the input to 𝑓%12 to obtain the implicit sequence-aware representation of the input expression 

coefficients sequence. The purpose of calculating self-relevance of facial expression coeffi-

cients is to add sequence information to the input expression parameters to obtain expression 

hidden vectors. By adding expression self-relevance constraints, we introduce the dynamic 

change information of expression which is implicit in the reference video into the training 

and prediction stages, which can improve the accuracy and coherence of the prediction re-

sults, and make the speaking style of the generated results more similar to it in the reference 

video. The output of 𝑓%12 is ℎ7:61 , which is the hidden representation of input expression se-

quence β7:6. The calculation formula of 𝑓%12 is as follows: 

𝑓%12(β7:6) = ℎ7:6
4  

Audio-audio correlation is mainly used to establish the correlation between source audio 

and reference audio. The intuition behind modelling the relevance of source and reference 



audio is that, on the one hand, the movement of the articulating organ is not only determined 

by the current phoneme, but also determined by the forward and backward phonemes, that is, 

the coordinated pronunciation of the forward and backward has a great influence on the 

movement trajectory of the articulating organ corresponding to the current phoneme. What 

makes the predication of acoustic lip movement more suitable for N-to-1 mapping rather one-

to-one mapping, that is why we model the relevance between audio frames of the same input 

sequence. On the other hand, modeling the relevance between source audio and reference au-

dio provides additional reference information for audio to expression mapping. Given concat-

enated audio features 𝑚𝑓𝑐𝑐7:3?6, The calculation formula of audio-audio autocorrelation is 

as follows: 

𝑓-./)0(𝑚𝑓𝑐𝑐7:3?6) = ℎ7:3?6
3&((  

Audio-expression cross-modal correlation is used to improve the accuracy of audio-to-

expression mapping and the continuity of the output parameter sequence, since reference au-

dio and reference video come from the same media resource, which make them own inherent 

synchronization properties. We hope to calculate the relevance score based on the correlation 

between source audio and reference audio, then rely on the relevance score and the synchro-

nization of reference audio and reference video to enhance the accuracy of inference results. 

It is implemented by a Multi-modal Transformer 𝑓($0'', which completes audio-to-expression 

mapping based on the correlation between multiple modalities. The audio-expression calcula-

tion formula is as follows. 

f#"@!!Lh7:A?BAC## , h7:B
4 N = β#7:3 

Before computing the multi-modal relevance, we first concatenate audio and video hid-

den vector ℎ7:3?6
3&(( , ℎ7:6

D  to get a composite vector 𝑥7:3?86
3&((,4 , then self-attention is computed on 

this vector. After that, we obtain a hidden vector which contains multi-modal information  

ℎ7:3?86
3&((,4 , since we only need to predict expression coefficients in according with reference 

audio with length 𝑚, we reserve part of output which consider source audio as 𝑞 and refer-

ence features as 𝑘 during self-attention calculation stage, which result in partial of hidden 

vector ℎ7:3
3&((,4, then this hidden vector pass through a linear layer, to obtain the predicted ex-

pression coefficients β#7:3.  

All Transformers in our experiment follows the architecture of [17], each Transformer 

has 10 Transformer encoding layers which consist of a multi-head attention layer and a 



positional feed-forward layer, a learnable positional encoding is used in our experiment. Each 

multi-head attention layer has 10 attention heads, the hidden size of layer is 800.  

We measure the L2 discrepancy between predicted expression coefficients β#7:3 com-

puted by multi-modal relevance and expression coefficients β7:3 extracted from visual 

stream, the expression loss we design is as follows 

ℒexp(𝑋) =
1
𝑚PQRβ) − β#)RQ

8

A

)I7

 

While expression loss adds constraints on motion of human faces, it lacks control of lip 

motion, which lead to a low loss value while lip motion is not in accordance with audio con-

tent. The reason behind this might be expression coefficients reflect the dynamic change of 

total face, and the weights of basis which control non-lip region is relatively high, therefore a 

low L2 expression loss do not mean a better accuracy of lip motion. That is why we add a lip 

landmark loss to encourage the lip shape accuracy. After obtained 3D coefficients of human 

portraits, a 3D mesh 𝒳 in line with this coefficient can be obtained by incorporating a 3D 

face model, then the facial landmark ℓ(𝒳)of 3D mesh 𝒳 can be computed by project func-

tion. We denote the landmarks extracted by face detection method[58] as 𝑠), then the land-

mark loss can be formulated as: 

ℒlmark(𝒳) =
1
m  P||ℓ(𝒳))

A

OI7

− 𝑠)||8 

It is worth mentioning that, we only impose this constraint on lip landmarks, which is a 

subset of human facial 68 landmarks.  

Furthermore, to improve the continuity of adjacent frames in generated results, we im-

pose a MSE smooth loss constraint on predicted expression coefficients.  

ℒsmooth(𝒳) =
1

𝑚 − 1 P ||β#()?7)

3V7

5I7

− β#)||8 

In conclusion, we use three loss function to generate accurate lip motion and temporal 

smooth results, the total loss function during mapping stage can be formulated as: 

ℒtrans = λ7ℒexp + λ8ℒlmark + λXℒsmooth 

where λ7, λ8, λX are the weights of these individual loss functions, in our experiment, 

they are set to 1, 100 and 0.01 respectively. We use Adam optimizer with default setting for 

20 epochs with a batch size of 4, the learning rate is fixed at 0.001.  



3.2.4 PHOTOREALISTIC 2D IMAGE GENERATION BASED ON NEURAL REN-
DERING 

Neural rendering refers to a technology that uses deep neural networks for image or 

video generation under conditions that allow explicit or implicit control of the attributes of 

the 3D scene[16] (such as lighting, camera parameters, pose, geometric structure, etc.). Neu-

ral rendering leverage neural networks to simulate complex physical rendering processes to 

obtain high quality 2D images. In our task, this technique is used to generate visualized 2D 

results. 

Although the demand for high-quality rendering is increasing, there is still no way to di-

rectly obtain realistic 2D images from 3D face meshes, limited by the current expressive ca-

pabilities of 3D face models. One alternative method and also which used by many existing 

works rely on physical rasterization to get a coarse 2D face image. After that, a neural net-

work is used to optimize the coarse result to obtain a find-grained 2D face image. We will use 

neural rendering to optimize the preliminary results to generate photo-realistic images. 

We adopt the neural rendering network of [52], which renders the lower face of coarse 

2D input, the lower face is obtained by a face mask to cover the lower face region. After ren-

dering process, we obtain a photorealistic 2D lower face. Then the photorealistic lower face is 

pasted to the original face image according to the mask region. This process is depicted in 

Figure 4. 

It is worth mentioning that, the neural rendering network is person-specific, which 

means the training corpus should only contain single person. We create a training corpus on 

single relatively long video, For the input video, we extract target video frame 𝐼 and corre-

sponding synthetic frame 𝐼[ , which was synthesized by 3D face reconstruction and physical 

rendering methods mentioned in the previous section, lead to a training corpus \C𝐼5 , 𝐼[5E]5I7
Y , 

where 𝑀 denotes the length of input frames. 

The neural rendering network consists of a U-Net based generator 𝒢 and a discriminator 

𝒟, which were trained together in an adversarial manner. The generator is composed of an 

encoder and a decoder. The encoder downsamples input image to a low-dimensional latent 

representation by several convolutional layers accompanied with batch normalization layers 

and Leaky ReLU. The decoder is used to upsamples the latent representation and generate 

photorealistic lower faces. The architecture of decoder is similar to PatchGAN[], which uti-

lize transpose convolution, batch normalization, dropout and ReLU. 



 
Figure 4. we employ a lower face mask to force neural rendering network focusing on the generation of lip 

nearby region, the idea is from AudioDVP[52]. Applying face masks for both synthetic frame and target 

frame, we obtain pair of training data which enable our neural rendering network to refine coarse input 

The generator and discriminator of our neural rendering network are optimized by the 

following loss function: 

ℒ(𝒢, 𝒟) = ℒrec(𝒢) + λℒadv(𝒢, 𝒟) 

The photometric reconstruction loss ℒrec(𝒢) encourage the generator to generate photo-

realistic face image, which can be formulated as follows: 

 

Here 𝑇5 = \𝐼[5])I5V]^
5?]^   refers to a stack of tensor, which is helpful for maintain coher-

ence in generated results.  

The GAN adversarial loss can be formulated as follows, here we use the vanilla GAN 

loss: 

 
The neural rendering network is trained separately from Transformers 𝑓5$-6', we use 

Adam optimizer, the network is initialized with normal distribution, the training process takes 

300 epochs with batch size set to 8 and learning rate of 0.002. 

CHAPTER 4: DESIGN AND IMPLEMENTATION  

4.1	DESIGN		

Virtual avatar is a technology widely discussed recently, it has been widely used in prac-

tical applications such as 3D games, virtual idols, and virtual meetings. In these applications, 

how to drive the virtual avatar so that it can give feedback similar to real person is a major 

problem. Audio-driven facial animation, as one of the solutions to this problem, uses the 



correlation between voice and facial expressions to complete the driving process of the vir-

tual avatar. There are many researches on audio-driven facial animation according to differ-

ent type of inputs. In our project, we mainly consider the situation where the input is audio 

and video (rather than single image). In this context, there are mainly two types of data, voice 

data and face data in video. With regard to voice data, we need to pay more attention to se-

mantic-related information, while less attention to who the speak is. Similarly, as for face 

data, we mainly pay attention to dynamic information (expression) of the face, especially the 

movement of the lips, and less attention to the identity information of the person. The pipe-

line of audio-driven facial animation usually includes speech feature extraction, facial feature 

extraction, multi-modal feature fusion (or audio-expression mapping), and face image genera-

tion. 

In terms of input data, traditional methods lack effectively use of input video infor-

mation. Specifically, the traditional method usually a neural network and takes speech as in-

put and take facial images as supervision information, the neural networks accomplish map-

ping from speech features to facial expressions, which can be seen as a one-to-one mapping. 

In fact, input voice and video own sequence characteristics which can be helpful for audio-

expression mapping. How to effectively use this sequence information to assist in generating 

audio-lip synchronization and realistic video results is the main challenge of our research. To 

solve above challenge, we designed a many-to-many training strategy, that is, the network in-

put is no longer a single audio-face pair in input sequence, but takes the entire sequence as 

the input of the neural network in each step. The purpose of this is to make full use of the 

learning ability of the neural network and take advantage of the correlation information in the 

input sequence to generate more accurate and sequential results. In order to obtain supervi-

sion information, we divide the input sequence into two parts, the first part is used as the seed 

input to calculate sequential relevance during training, while the other part is used as driving 

input(audio) and supervision information(face). 

To build sequential dependency, we use Transformer network, since Transformer shows 

advantages over sequence networks such as RNN and LSTM in many tasks[19][20], the su-

periority of Transformer includes the ability to extract long-term dependency in sequence and 

parallel computing over entire sequence to improve the speed of inference. Therefore, we use 

the Transformer network to extract sequence-related features in the meanwhile complete 

cross-modal feature mapping. 



In terms of procedures design, we use librosa python library to extract the mfcc features 

of speech as the feature representation of speech. This is mainly due to the fact that mfcc fea-

tures have been proven to capture the dynamic changes of speech in a short duration in many 

current researches, which can represent semantic information of speech. As for face represen-

tation, we use BFM face model based on 3DMM. Compared with 2D face representation 

(such as facial landmarks). On the one hand, the expression basis of 3DMM reflects the 

change of the character’s lip shape, which can store dynamic information of the face. on the 

other hand, 3DMM provides a decoupled representation space for faces, allowing operations 

on specific components of the face without affecting other components, which avoids the 

problem of identity loss come from 2D face representation in mapping stage. In audio-expres-

sion mapping stage, we use multiple Transformers to extract features with sequential infor-

mation, and perform cross-modal mapping based on these features to obtain smooth results. 

In image generation stage, we use OpenGL and a neural rendering network to generate photo-

realistic face images. OpenGL as a physical rendering technology, is used to render 3D mesh 

and generate a face image with a specific camera position, but limited by the low quality of 

the 3D mesh texture, the resulting rendering result is far from photorealistic. In order to ob-

tain realistic face image results, we use the neural rendering network proposed by [52], which 

can generate photorealistic face images based on the coarse face images obtained by the 

physical rendering. 

4.2	IMPLEMENTATION	

Here we describe the implementation detail of our experiment. The structure of this sec-

tion is as follows. First, we explain the dataset used in this experiment and why we choose it. 

Then we explain the preprocessing procedure to process data. Finally, we describe the imple-

ment details of both training and evaluation.  

In our all experiments, the input of our model contains a piece of audio used to drive 

specific person (hereinafter referred to as source audio), and a short speaking video which 

contains only one speaker throughout the entire video (hereinafter referred to as reference 

video). The dataset used in our method is LRW[59], which is a public large-scale visual 

speech recognition dataset of more than 1000 identities, Figure 5 shows frames extracted 

from this dataset among different identities, since this dataset is designed for lip reading task, 

it contains paired audio and visual data in synchronization with each other, furthermore, they 

process their collected data with a multi-stage pipeline including shot detection, face 



detection, face tracking etc. to remove irrelevant factors in videos which make it suitable for 

our task.  

 
Figure 5. LRW is a large-scale speaking video dataset which contains speaking videos of thousands of 

identities, which usually used for tasks concerning of multi-modal such as lip-reading or audio-driven fa-

cial animation 

The raw data in LRW dataset are speaking videos while the input to our system are 

paired audio file and video frames, which requires further preprocessing, to separate audio 

and visual information contained in reference video, audio stream and visual stream are ex-

tracted independently by ffmpeg[60] video processing util, result in an audio file(hereinafter 

referred to as reference audio) and video frames(also called reference frames). All videos in 

LRW dataset last for 1.16s, we extract video frames at a rate of 25, result in 29 frames for 

each video. For audio file extraction, we use the default parameters of ffmpeg and obtain au-

dio last for 1.16s, which keep the same with video duration.  

To obtain audio feature representation, we extract 13-dim mfcc feature of all audio files 

and concatenate them over time dimension, result in a sequence of audio frames whose length 

keeps the same with video frames. Since no 3D labels in our dataset, to train our network, we 

adopt 3D Face Reconstruction to obtain 3D labels from 2D images. All video frames are fed 

to our 3D Face Reconstruction network to extract 3DMM coefficients of 257 dimension and 

being regarded as ground-truth for audio-to-expression mapping. 

Our model trained in a self-supervision manner since no 3D ground-truth information 

contained in our dataset. After obtained audio feature representation and visual feature repre-

sentation in data preprocessing stage, both of them are fed into our Transformers to compute 

multi-modal relevance. During training phase, source audio, reference audio and reference 

frames are all come from the same video, a N-supervision strategy is adopted in our experi-

ment to split source and reference sequence. Specifically, for a input video with 29 frames, 



we take the former 20 frames as reference input and the rest 9 frames as source input, lead to 

3 sequences of input with length 9, 20, 20 for source audio, reference audio and reference 

frames respectively, as for the rest 9 video frames not used in reference input, since they are 

in synchronization with source audio, which can be used as the ground-truth for our audio-to-

expression mapping in a self-supervision manner. During evaluation phase, reference audio 

and reference frames come from the same video, while the source audio is provided addition-

ally. 

Specifically, source audio features of length 𝑚 and reference audio features of length 𝑛 

are concatenate along sequence dimension, result in an audio feature sequence of length 𝑚 +

𝑛. The combined audio feature sequence is sent to Audio Transformer to compute self-rele-

vance along sequence dimension, thus generate relevance-based audio features. Self-rele-

vance of expression features is computed in parallel by feeding reference frame features of 

length 𝑛 into Expression Transformer, Next, both output feature sequences are concatenate 

along time dimension then feed to Multi-modal Transformer to fuse multi-modal information 

based on relevance scores computed by multi-head attention of consecutive features, after 

computing multi-head attention of input sequences, the linear layer in Multi-modal Trans-

former carry out feature mapping, which maps source audio to predicted expressions parame-

ters. During training, we supervise the predicted expression coefficients sequence with, while 

during inference, the predicted expressions are in accordance with source audio.  

Our neural rendering network is trained individually, to obtain paired coarse and fine-

grained 2D input, we first extract face images in LRW dataset, and then use 3D face recon-

struction and OpenGL renderer to obtain 2D coarse rendering results. The network is trained 

to recover find-grained results from coarse input with lower face mask.  

We implement our method using PyTorch, all experiments are conducted on single PC 

with 2 NVIDIA GeForce RTX 2080Ti.    

CHAPTER 5: RESULTS AND DISCUSSION / EVALUATION 

In this Chapter, we demonstrate the evaluation details of our proposed method, in our 

experiment, we use both qualitative method and quantitative method.   

5.1	QUALITATIVE	EVALUATION		

Since the quality of facial animation is a relatively subjective judgement, to eliminate 

subjective factor to some extent, we incorporate two methods to evaluate the result by 



comparison. First is self-reenactment, where source audio and reference audio are the same, it 

can reflect the quality of audio to expression mapping in our model by comparing with the 

original video, the result video generated by our method should be similar to the original 

video which can be seen as ground truth. The other is multi-target reenactment, which use the 

same driving video to animate multiple characters, it can reflect the stability of our method, 

the lip movement across multiple characters should similar to each other since the driving au-

dio are the same for these characters, furthermore, multi-target reenactment can also reflect 

the accuracy of lip motion given the visual stream correspond to audio stream.  

In Figure 6, we depict the results of self-reenactment generated by our proposed method. 

There are two rows for each identity, the upper row represents images cropped from original 

video, where lip motions are inherent in line with audio content. the lower row represents im-

ages generated by our method driving by its audio content.  

 
Figure 6.  self-reenactment results of our proposed method, there are two rows concerning of each identity, 

the first are images cropped from source video while the second are images generated by our method given 

audio signal. It can be seen that our generated lip movement are quite similar to the original video with 

high quality.  

In Figure 7, we show the results of multi-target reenactment, to compare the lip motion 

across different identities, we select speaking videos of 4 characters as reference video, which 

all collected from YouTube. In this figure, top row shows source video frames that are con-

sistent with source audio, the source audio is used to drive different characters together with 

individual reference video of each character. Since the driving audios are the same for all 

identities, the lip motion among identities should be similar, while speaking style is remained 



for each individual due to the original speaking video is provided during inference time. For 

more multi-target reenactment results, please refers to the Appendix.  

 
Figure 7. multi-target reenactment results of our proposed method, here the first row shows source images 

in accordance with driving audio. The lip movement can be seen as the ideal target. Other rows are images 

generated by our method given the same audio as the first row. It can be seen that the lip movement gener-

ated by our method are quite realistic.  

5.2	QUANTITATIVE	EVALUATION	

The main goal of our proposed method is to map audio to lip motions with better accu-

racy by introducing multi-modal relevance. During evaluation stage, lip motion accuracy is 

the most important evaluation criteria. To quantitative analysis the performance of lip mo-

tions, we calculate LSE-E(Lip Sync Error – Expression), which compute MSE between ex-

pression coefficients 𝛽[  predicted from audio and 3D expression coefficients reconstructed 

from video 𝛽 which can be regarded as ground-truth lip motion. The calculation of LSE-E 

can be formulated as: 

LSE-EC𝛽[, 𝛽E =
1
𝑚P||𝛽)

3

)I7

− 𝛽[)||8 

where 𝑚 refers to the length of generated frames. This metric reflects the accuracy of lip 

shape in frame level.  

Since 3D expression coefficients involve the movement of non-lip region, which do not 

directly reflect the lip motion accuracy, we further compare LSE-L(Lip Sync Error - Land-

mark), which calculate the MSE error of lip landmarks as an additional criterial, it can be for-

mulated as: 

LSE-L(𝒳, 𝑠) =
1
𝑛  P||𝒳_

6

_I7

− 𝑠_||8, 𝑛 ∈ ℛ 



Where 𝑛 refers the index of landmarks, ℛ represent the landmarks which in association 

with lip region.   

The results of above mentioned criterial is showed in Table 1, a lower value is better for 

both of them.  
Table 1. quantitative evaluation of our proposed method, we outperform all other methods in several met-

rics, LSE-D, LSE-E and LSE-L while obtain relatively good results in LSE-C and FID.  

 
Audio-lip synchronization is another key objective for facial animation. Chung et al. [64] 

proposed a two-stream network called SyncNet to measure audio-lip synchronization of 

video. SyncNet accept an audio and video segments as input, and output two values namely 

LSE-D(Lip Sync Error - Distance) and LSE-C(Lip Sync Error - Confidence), the former 

measure the distance between lip and audio representation in a shared space, which can be 

used to evaluate the matching degree between audio and video, a lower value is better.  The 

latter criteria measure the correlation between audio-visual streams, the lower confidence 

score means there exists several portiones of audio-visual pairs are out-of-sync. Further de-

tails of theses metrics can be found in [54]. Here we employ pretrained SyncNet to verify the 

audio-lip synchronization of generated videos.  

We also report the Fréchet Inception Distance (FID)[61] score which is a common met-

ric used to evaluate the image quality in image generation task.  

We compare the results of our method with several state-of-the-art audio-driving talking 

face generation methods on LRW test dataset, including Speech2Vid[38], LipGAN[62], 

Wav2Lip[47] and AudioDVP[52], the results demonstrate our method outperforms all of 

them in LSE-D, LSE-E and LSE-L which prove the effectiveness of our proposed method in 

generating audio-visual synchronized talking videos.   

 



CHAPTER 6: CONCLUSIONS AND RECOMMENDATIONS  

In this dissertation, we propose a novel neural network architecture to accomplish the 

task of audio-driven facial animation. Our system is designed for specific situation in video 

portraits, when a short talking video is provided. To take full advantage of input modalities, 

especially the inherent synchronization in reference video. We proposed to use multi-Trans-

former architecture to compute the multi-modal relevance of input, which can accelerate both 

the training and evaluating process by its intrinsic parallel computing characteristics, based 

on this, a precise audio to expression mapping is performed to reenact human portraits. By 

incorporating a neural rendering network, photorealistic portrait videos can be generated. 

Both qualitative and quantitative experiments prove the effectiveness of our method. Never-

theless, our approach has several limitations for practical use, for example, our system re-

quires a relatively long video clip when animating new character, this is the demand for both 

multi-modal relevance learning and neural rendering, the duration of reference video deter-

mine the quality of relevance computing and the plausibility of generated results, which is in-

evitable for our designed system. Another limitation is that we have to pursuit the balance be-

tween lip accuracy and the smoothness of lip motion, since human lip motions are highly un-

predictable and have strong randomness, even providing audio signal as condition, pursue the 

accuracy of lip shape in every moment excessively will bring about problem such as incon-

secutive movement of lip, an alternative solution and exactly what we do is lower the accu-

racy to some extent while ensure a level of smoothness in generated results. 

Our proposed system can be used to generate video portraits for both 2D space and 3D 

space, under the condition that the avatar can be fitting to a 3D Face Model. The technique of 

audio-driven facial animation has broad prospects for development, since it provides the abil-

ity to generate motion segment of 3D avatar, which can serve as the underlying technology 

for VR/AR applications such as virtual meeting, distance education and so on.   
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27 Give details of data storage arrangements, including security measures in place to protect the data, 
where data will be stored, how long for, and in what form. Will data be archived – if so how and if 
not why not.   

  
All data will be encrypted and kept in password protected cloud storage on the University Office 365 
system which will not be shared. Any USB sticks used to store or transfer data will be password 
protected, and will be reformatted at the end of the project in order to destroy the data. The data will 
be stored until the completion of the project and then deleted.  
(this box should expand as you type) 

28 Please indicate if your data will be stored in the UWTSD Research Data Repository (see https://re-
searchdata.uwtsd.ac.uk/ ).   If so please explain. (Most relevant to academic staff)  

  
 
 
(this box should expand as you type) 

29 Confirm that you have read the UWTSD guidance on data management (see 
https://www.uwtsd.ac.uk/library/research-data-management/) 
 

YES ☒ 
NO ☐ 

30 Confirm that you are aware that you need to keep all data until after your re-
search has completed or the end of your funding 

YES ☒ 
NO ☐ 

  
SECTION K: Declaration 



31 The information which I have provided is correct and complete to the best of my knowledge. I have 
attempted to identify any risks and issues related to the research activity and acknowledge my obli-
gations and the rights of the participants. 
 
In submitting this application I hereby confirm that I undertake to ensure that the above named re-
search activity will meet the University’s Research Ethics and Integrity Code of Practice which is 
published on the website: https://www.uwtsd.ac.uk/research/research-ethics/  

 
Signature of applicant: Yizhen Ma Date: 2021/11/11 

 
 

2.	SOME	CRITICAL	CODE		

The Multi-Transformer model we used in our method 
 

 
 

Part of hyper-parameters default setting of our model 

 



3. MORE	RESULTS		

The first row shows the desired lip movement we want different identities to animate, 
the next few rows show the animated results generated by our method. 

 
 

 
 

 
 

 


