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With the continuous advancement of Virtual Reality (VR) technology, people's requirements for hu-
man-computer interaction are becoming increasingly high. To achieve realistic facial expression animation 
in VR human-computer interaction, a method based on weighted Dirichlet algorithm is proposed to effec-
tively synchronize and coordinate complex facial expressions and mouth shape changes in 3D facial anima-
tion. This method achieves natural transitions between different facial expressions and mouth shapes by 
applying weighted processing to key facial points and combining Dirichlet energy minimization technolo-
gy. It also combines a mouth shape prediction model based on a Transformer deep learning architecture to 
achieve speech-driven lip animation synchronization and coordination. The findings denoted that the pre-
dicted animation trajectory of the weighted Dirichlet algorithm highly overlapped with the actual motion 
trajectory on the corners of the mouth and middle of the lips, with maximum errors reduced to 3.0mm and 
1.8mm, respectively. In addition, the errors in the lip and nasolabial groove areas were reduced by 46.49% 
and 54.12%, respectively. In summary, the 3D facial animation synchronized and coordinated motion based 
on the weighted Dirichlet algorithm effectively achieves precise simulation and coordinated motion of facial 
animation actions, significantly improving the performance of 3D facial animation.
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1. Introduction
With the rapid advancement of technologies such 
as Virtual Reality (VR), Augmented Reality (AR), 
and digital human-computer interaction, 3D Fa-
cial Animation (FA), has become a key indicator for 
measuring interactive experience in terms of real-
ism and naturalness, serving as the core carrier of 
human-computer emotional communication. 3D 
FA has a wide range of applications in film and tele-
vision production, game development, VR, and hu-
man-computer interaction. For example, in scenari-
os such as virtual anchors, film and television special 
effects, and remote medical care, 3D faces not only 
need to accurately reproduce the detailed changes 
in facial expressions, but also need to achieve syn-
chronous coordination between expressions and 
speech, head posture, and body movements, to cre-
ate immersive emotional resonance for users [23]. 
However, due to the complex anatomical structure 
of the face, which includes over 60 facial muscles, 
and the diverse motion patterns of the face, exist-
ing 3D FA generation often suffers from inconsis-
tent timing of facial region movements [24]. These 
factors lead to inconsistent animation and unnatu-
ral shaking of expressions that violate anatomical 
rules. Therefore, how to achieve synchronous and 
coordinated movement of facial expressions and 
mouth shapes under dynamic conditions remains 
an urgent problem to be solved. Traditional meth-
ods often rely on a large amount of manual adjust-
ments and complex algorithms, but these methods 
are difficult to balance efficiency and effectiveness 
[6]. In recent years, researchers have attempted to 
optimize facial motion coordination through phys-
ical simulation and data-driven methods. However, 
physical simulation methods are based on muscle 
dynamics models to construct motion constraints. 
Although they can simulate muscle activity realisti-
cally, they have high computational complexity and 
are difficult to meet real-time interaction require-
ments [15]. However, data-driven methods often 
rely on large-scale 3D facial motion capture data. 
Although they can ensure local authenticity, they 
are prone to motion breakage when transferring 
across identities and scenes [14]. In this context, 
Partial Differential Equations (PDEs) have grad-
ually become a new direction for solving synchro-

nization and coordination problems due to their 
efficient ability to describe continuous field distri-
butions. Among them, the Dirichlet algorithm, as a 
classic elliptic PDE solving method, has gradually 
attracted the attention of researchers due to its ad-
vantages in handling complex geometric shapes and 
dynamic deformations. Chauhan et al. [30] found 
that the Dirichlet algorithm can provide a mathe-
matical framework for global coordination of facial 
motion by constraining the function distribution 
within the field through boundary conditions [30]. 
However, the traditional Dirichlet algorithm uses 
uniform weights for all facial regions, which cannot 
reflect the motion priority of different parts [21]. 
Therefore, an innovative 3D FA generation meth-
od based on weighted Dirichlet algorithm was de-
signed. This method constructs a regional differen-
tiation weight matrix and sets fixed weights based 
on anatomical priors of facial motion amplitudes 
in advance, distinguishing high, medium, and low 
dynamic regions spatially. The innovation of this 
study lies in: (1) changing the unified facial weights 
in the traditional Dirichlet algorithm to differen-
tiated weight allocation based on regional motion 
priority, and adopting an architecture of weighted 
Dirichlet geometric deformation and Transformer 
temporal prediction running in series to achieve 
phased collaboration between spatial geometric de-
formation and temporal lip motion prediction. (2) 
Introducing a cyclic weighting mechanism during 
the decoding process reduces computational com-
plexity to linear while maintaining the ability to 
model long sequences. The main contribution of 
this study lies in: (1) transforming the facial mo-
tion coordination problem into a weighted elliptical 
PDE constraint, breaking through the limitation 
of traditional Dirichlet methods that use uniform 
weights for all facial regions. (2) constructing a dy-
namic weight matrix based on regional motion pri-
ority to achieve anatomical differentiation control 
of high, medium, and low dynamic regions. (3) es-
tablishing a cross-modal mapping mechanism from 
speech features to lip motion coefficients, and use 
Transformer architecture to decouple long-range 
temporal dependencies in audio-visual synchroni-
zation.
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2. Related Works
With the continuous advancement of VR technolo-
gy, computer 3D FA has gradually received attention 
from many experts and scholars. Stan et al. [25] de-
signed a new method based on diffusion technique 
to generate non-deterministic and more realistic 
speech-driven 3D FAs. This method utilized a pre-
trained large speech representation model, Hubert, 
to encode audio input. The findings denoted that 
this method could generate FAs [25]. Liu et al. [11] 
denoted a new method called Emoface to create au-
dio-driven 3D FAs with vivid emotional dynamics. 
This method used independent speech encoders and 
emotion encoders to learn audio and map it to a se-
quence of controller values to generate facial expres-
sions with multiple emotions. The findings denoted 
that this method was feasible [11]. Fan et al. [5] pro-
posed a joint audio text model to capture contextu-
al information of expressive-speech driven 3D FAs. 
This method combines acoustic and text modalities 
to maintain audio stream lip synchronization while 
integrating real-life facial expressions. The findings 
denoted that the model performed well compared to 
existing state-of-the-art methods [5].
Data-driven and deep learning methods have made 
significant progress in the generation of 3D FAs. Pan et 
al. [18] introduced a new equipment parameter based 
emotional dialogue facial dataset and proposed the 
Latents2Rig model, which helps to convert 2DFA into 
3D FA. The results indicate that this method is signifi-
cantly superior to existing state-of-the-art methods in 
terms of authenticity and accuracy [18]. Romeo et al. 
[20] proposed a data-driven facial simulation work-
flow to enhance the realism of facial performances. 
This method used an extended position-based dy-
namic solver to add physical simulations to FAs, and 
controlled the behavior of the simulations through 
activation maps. The findings denoted that this meth-
od was effective [20]. Wang et al. [29] designed a deep 
learning-based expression dynamic capture and 3D 
animation generation method to achieve the goal of 
generating more vivid FA expressions. The findings 
denoted that this method could achieve real-time de-
tection of facial regions in video images [29].
The Dirichlet algorithm plays an important role in 
coordinating facial movements. Ding et al. [3] pro-
posed a new global local interference decoupling 

method for federated facial expression recognition, 
and used the Dirichlet algorithm to control the dis-
tribution of expression categories among different 
samples, thereby solving the unique challenge of 
heterogeneous expression data and heterogeneous 
interference in federated facial expression recogni-
tion [3]. To provide detection performance for micro 
expressions, Jain Rakesh Kumar et al. introduced a 
new weighted edge node locally constrained graph 
attention network and automatically applied Dir-
ichlet to node features and global edge features in 
the graph attention network to ensure the unique-
ness of each class feature [8]. Tsurumaki et al. [28] 
constructed a probability generation model based on 
a multi-layer multimodal latent Dirichlet algorithm, 
and characterized the dynamic correlation between 
facial expressions and emotional stimuli through a 
probability generation framework.
In summary, although many achievements have been 
made in the technology of 3D FA, current research still 
has certain limitations in the synchronization and co-
ordination of complex expressions and mouth shape 
changes. In addition, robust feature representation 
and distributed privacy protection learning strategies 
in complex environments have been explored in relat-
ed perception tasks. To this end, a method based on 
weighted Dirichlet algorithm is proposed for synchro-
nously coordinating complex expressions and mouth 
shape changes in 3D FA, combined with Transformer 
model, to achieve speech-driven lip animation syn-
chronization and coordination.

3. Synchronized and Coordinated 
Motion of 3D Facial Animation Based 
on Weighted Dirichlet Algorithm
3.1. 3D Facial Motion Based on Weighted 
Dirichlet Algorithm
With the rapid advancement of artificial intelligence 
technology, people's demand for the quality of VR re-
alism is becoming increasingly high, and the genera-
tion and control technology of 3D FA has therefore 
become a current research hotspot [12]. Traditional 
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3D FA methods often rely on keyframe interpolation 
or physical model-based methods, but these meth-
ods often have certain limitations when dealing with 
complex facial expression changes and fine motion 
coordination [19, 26]. The core idea of Dirichlet al-
gorithm, as a deformation method based on Laplace 
operator, is to construct an energy function about 
the vertex position and achieve the deformation 
of the model by solving the minimum value of the 
energy function [1]. This algorithm has the advan-
tages of high computational efficiency, high degree 
of freedom deformation, and strong adaptability. 
Therefore, research is conducted on the motion de-
formation design of 3D faces based on the Dirichlet 
algorithm. The process is shown in Figure 1.
In Figure 1, the purpose of the three-dimensional face 
motion deformation process based on the Dirichlet 
algorithm is to establish spatial topology and initial 
geometric weight measurement. Firstly, the control 
point set is subjected to Delaunay tetrahedralization 
to construct spatial adjacency relationships. Based 
on this partition, the dual can be used to construct a 
three-dimensional Voronoi diagram (consisting of 
convex polyhedral cells surrounding each control 
point and their common faces, edges, and vertices). 
Subsequently, further the Sibson local coordinates 
are calculated through the intersection of Voronoi cell 

volumes, which are used to quantify the initial spatial 
weights of the passive points relative to the nearby 
control points. The above Delaunay triangulation, 
Voronoi diagram, and Sibson coordinate calculation 
provide the geometric weight measurement and local 
neighborhood information required for deformation, 
while the final vertex displacement is determined by 
the subsequent weighted Dirichlet energy minimiza-
tion as the core solver. The mathematical expression 
of Voronoi diagram is shown in Equation (1).
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In Equation (3), iS  means the Sibson 
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In Equation (5), 1 2, ,... mH O O O  means the 
determinant of the polygon, where 

, ,m m m mO z z z  means the coordinates of the 
m th vertex. Equation (5) can be regarded as a 
direct extension of equation (4) from a triangle 
to any polygon vertex, and its determinant 
structure remains in the same form as in the 
case of a triangle. Based on the above 
determinant expression, for any polyhedron, its 
volume can be expressed as one sixth of the sum 
of the positive determinants on each face of the 
polyhedron [22]. The equation for calculating 
the volume of polyhedra is shown in Equation 
(6). 

1 2
1 2

, ,...
, ,...

6
m

m

O O O
V O O O .     (6) 

In Equation (6), 1 2, ,... mV O O O  represents the 
volume of the polyhedron, and 

1 2, ,... mO O O  represents the sum of 
determinants on all faces of the polyhedron. In 
the traditional Dirichlet algorithm, the influence 
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In Equation (7), V  represents the 
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In Equation (8), b  represents the right-hand 
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Figure 2
Schematic diagram of Voronoi diagram generation process.

In Equation (3), Si means the Sibson coordinate val-
ue of point pi to point q, Vq represents the Voronoi 
diagram of the passive control point q set, and Q rep-
resents the set of control points q. Research applies 
determinant-based methods to calculate the volume 
of any polyhedron, to determine the relative posi-
tions and weights of points within the polyhedron. 
The determinant expression of a triangle is shown in 
Equation (4).
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In Equation (5), 1 2, ,... mH O O O  means the 
determinant of the polygon, where 

, ,m m m mO z z z  means the coordinates of the 
m th vertex. Equation (5) can be regarded as a 
direct extension of equation (4) from a triangle 
to any polygon vertex, and its determinant 
structure remains in the same form as in the 
case of a triangle. Based on the above 
determinant expression, for any polyhedron, its 
volume can be expressed as one sixth of the sum 
of the positive determinants on each face of the 
polyhedron [22]. The equation for calculating 
the volume of polyhedra is shown in Equation 
(6). 

1 2
1 2

, ,...
, ,...

6
m

m

O O O
V O O O .     (6) 
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the traditional Dirichlet algorithm, the influence 
of active control points on surrounding passive 
control points is unbalanced [32]. Therefore, to 
make the deformation effect more flexible and 
accurate, the study introduces weights to adjust 
the change values of control points, thereby 
controlling the deformation strength in different 
regions. The calculation of weighted Dirichlet 
energy ( )E V  is shown in Equation (7). 
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In Equation (7), V  represents the 
displacement vectors of all vertices in the grid, 
L  represents the Turapuras matrix, and W  
represents the diagonal weight matrix. The 
diagonal elements of W are pre-determined by 
the anatomical priors of the motion amplitudes 
of each facial region, and they vary differently 
in space while remaining constant in time. 
Minimize the energy and apply a fixed 
displacement or target position of the active 
control point as the boundary condition to 
obtain a linear equation system as shown in 
Equation (8). 
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In Equation (8), b  represents the right-hand 
term generated by boundary conditions. The 
coefficient matrix is symmetric positive definite, 
so the solution is unique and can be efficiently 
calculated using sparse solvers such as 
conjugate gradient method. This weighting 
mechanism does not change the essence of the 
Dirichlet method's partial differential equations, 
only adjusting the metric of the Laplacian 
operator through the weight matrix W, so that 
high dynamic regions are given priority in 
energy minimization. The differentiated weights 
are applied in a segmented linear 
approximation method for non-linear 
deformation areas such as the docking area, 
meeting the accuracy requirements for 
moderate deformation. 

3.2. Synchronization and Coordination 
of Facial Animation Based on 
Transformer Model 
The study introduces weight adjustment control 
point influence through weighted Dirichlet 
algorithm to achieve more accurate and flexible 
facial deformation effects. To further enhance 
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In Equation (7), ΔV represents the displacement vec-
tors of all vertices in the grid, L represents the Tura-
puras matrix, and W represents the diagonal weight 
matrix. The diagonal elements of W are pre-deter-
mined by the anatomical priors of the motion ampli-
tudes of each facial region, and they vary differently 
in space while remaining constant in time. Minimize 
the energy and apply a fixed displacement or target 
position of the active control point as the bound-



Information Technology and Control 2026/3/551514

ary condition to obtain a linear equation system as 
shown in Equation (8).
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In Equation (8), b  represents the right-hand 
term generated by boundary conditions. The 
coefficient matrix is symmetric positive definite, 
so the solution is unique and can be efficiently 
calculated using sparse solvers such as 
conjugate gradient method. This weighting 
mechanism does not change the essence of the 
Dirichlet method's partial differential equations, 
only adjusting the metric of the Laplacian 
operator through the weight matrix W, so that 
high dynamic regions are given priority in 
energy minimization. The differentiated weights 
are applied in a segmented linear 
approximation method for non-linear 
deformation areas such as the docking area, 
meeting the accuracy requirements for 
moderate deformation. 

3.2. Synchronization and Coordination 
of Facial Animation Based on 
Transformer Model 
The study introduces weight adjustment control 
point influence through weighted Dirichlet 
algorithm to achieve more accurate and flexible 
facial deformation effects. To further enhance 
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In Equation (8), b represents the right-hand term 
generated by boundary conditions. The coefficient 
matrix is symmetric positive definite, so the solu-
tion is unique and can be efficiently calculated using 
sparse solvers such as conjugate gradient method. 
This weighting mechanism does not change the es-
sence of the Dirichlet method's partial differential 
equations, only adjusting the metric of the Laplacian 
operator through the weight matrix W, so that high 
dynamic regions are given priority in energy min-
imization. The differentiated weights are applied 
in a segmented linear approximation method for 
non-linear deformation areas such as the docking 
area, meeting the accuracy requirements for moder-
ate deformation.

3.2. Synchronization and Coordination of 
Facial Animation Based on Transformer Model
The study introduces weight adjustment control 
point influence through weighted Dirichlet algo-
rithm to achieve more accurate and flexible fa-
cial deformation effects. To further enhance the 
synchronization and coordination of 3D FA, it is 
necessary to introduce more complex temporal 
modeling methods to achieve synchronization and 
coordination of FA. The difficulty of synchronized 
and coordinated motion in FA modeling lies in the 
coordination between speech and lip shape. Con-
ventional expressions such as smiling, sad, etc. can 
be achieved through the deformation of control 
points such as the eyes, eyebrows, and corners of 
the mouth [7, 17]. However, different speech pro-
nunciations involve different changes in the mouth, 
so to achieve synchronous coordination in FA, re-
search needs to design 3d facial coordinated move-
ments driven by speech. Due to the susceptibility of 
Recurrent Neural Networks (RNNs) to vanishing 
gradients when processing long sequences, it is dif-
ficult to capture temporal dependencies. Due to the 
sensitivity of RNNs to vanishing gradients when 
processing long sequences, it is difficult to capture 
temporal dependencies. Therefore, the Transform-

er architecture is chosen to generate 3D FAs [31]. 
The deformation parameters output by the weight-
ed Dirichlet algorithm are used as static spatial 
geometric constraints and run in series with the lip 
motion coefficients predicted by the Transformer 
in the pipeline. The former predefines the deforma-
tion weights of each facial region, while the latter 
independently trains to generate temporal coeffi-
cients corresponding to speech. There is no feed-
back mechanism or shared loss function between 
the two, and the weights of different regions deter-
mine the driving amplitude of the lip motion coeffi-
cient. The mouth shape prediction model based on 
Transformer architecture is shown in Figure 3.
In Figure 3, the model is mainly broken into an in-
put layer, a feature fusion layer, a core processing 
module, and an output layer. Among them, the input 
layer receives audio signals as the initial input of the 
model. The feature fusion layer fuses the input tem-
poral features through concatenation and addition 
operations to form the initial input features of the 
model. The core processing module is based on the 

 
 

 

the synchronization and coordination of 3D FA, 
it is necessary to introduce more complex 
temporal modeling methods to achieve 
synchronization and coordination of FA. The 
difficulty of synchronized and coordinated 
motion in FA modeling lies in the coordination 
between speech and lip shape. Conventional 
expressions such as smiling, sad, etc. can be 
achieved through the deformation of control 
points such as the eyes, eyebrows, and corners 
of the mouth [7, 17]. However, different speech 
pronunciations involve different changes in the 
mouth, so to achieve synchronous coordination 
in FA, research needs to design 3d facial 
coordinated movements driven by speech. Due 
to the susceptibility of Recurrent Neural 
Networks (RNNs) to vanishing gradients when 
processing long sequences, it is difficult to 
capture temporal dependencies. Due to the 
sensitivity of RNNs to vanishing gradients 
when processing long sequences, it is difficult to 
capture temporal dependencies. Therefore, the 
Transformer architecture is chosen to generate 
3D FAs [31]. The deformation parameters 
output by the weighted Dirichlet algorithm are 
used as static spatial geometric constraints and 
run in series with the lip motion coefficients 
predicted by the Transformer in the pipeline. 
The former predefines the deformation weights 
of each facial region, while the latter 
independently trains to generate temporal 
coefficients corresponding to speech. There is no 
feedback mechanism or shared loss function 
between the two, and the weights of different 
regions determine the driving amplitude of the 
lip motion coefficient. The mouth shape 
prediction model based on Transformer 
architecture is shown in Figure 3. 

Figure 3 

Mouth shape prediction model based on Transformer 
architecture. 

 

Feature extraction

Softmax

BatchNorm

Fully connected 

Forward propagation 
module

Multi head 
attention

Dimension 
Mapping

BatchNorm

Softmax

Forecast 
results

Montage

Addition

Sound signal

Input layer

Feature Fusion 
Layer

Output 
layer

Core processing module  
In Figure 3, the model is mainly broken into an 
input layer, a feature fusion layer, a core 
processing module, and an output layer. 
Among them, the input layer receives audio 
signals as the initial input of the model. The 
feature fusion layer fuses the input temporal 
features through concatenation and addition 
operations to form the initial input features of 
the model. The core processing module is based 
on the Transformer architecture and utilizes 
multi-head attention mechanism to capture 
long-range dependencies between features. 
Subsequently, feature transformation and 
dimension mapping are performed through the 
forward propagation module and feature 
extraction module. In the output layer, batch 
normalization is performed through the 
BatchNorm layer to alleviate the distribution 
offset problem during the training process. 
Finally, the coefficient prediction layer 
composed of a fully connected layer and a 
Softmax activation function outputs the 
predicted mouth action coefficients related to 
audio. The mathematical expression for the 
mouth movement coefficient is shown in 
Equation (9). 
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shown in Equation (10). 
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Transformer architecture and utilizes multi-head 
attention mechanism to capture long-range depen-
dencies between features. Subsequently, feature 
transformation and dimension mapping are per-
formed through the forward propagation module and 
feature extraction module. In the output layer, batch 
normalization is performed through the BatchNorm 
layer to alleviate the distribution offset problem 
during the training process. Finally, the coefficient 
prediction layer composed of a fully connected layer 
and a Softmax activation function outputs the pre-
dicted mouth action coefficients related to audio. 
The mathematical expression for the mouth move-
ment coefficient is shown in Equation (9).
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architecture is shown in Figure 3. 
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operations to form the initial input features of 
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multi-head attention mechanism to capture 
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dimension mapping are performed through the 
forward propagation module and feature 
extraction module. In the output layer, batch 
normalization is performed through the 
BatchNorm layer to alleviate the distribution 
offset problem during the training process. 
Finally, the coefficient prediction layer 
composed of a fully connected layer and a 
Softmax activation function outputs the 
predicted mouth action coefficients related to 
audio. The mathematical expression for the 
mouth movement coefficient is shown in 
Equation (9). 
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In Equation (9), C1,2,...,a represents the mouth action 
coefficient corresponding to the audio features of 
the previous a frame, EC denotes the function for es-
timating the mouth action coefficient, and F1,2,...,a rep-
resents the audio features of the previous a frame. 
The mathematical expression of the input feature is 
shown in Equation (10).
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In Equation (10), 1,2,...,aCG  represents the final 
input feature generated for predicting the 
mouth motion coefficient in frame a , aE  
represents the mouth motion feature 
embedding in frame a , and 1,2,..., 1aFC C  
represents the output after feature extraction of 
the mouth shape coefficient in the previous 

1a  frames. The predicted input features of 
the mouth motion coefficient in the first frame 
are shown in Equation (11). 

1 1C ag f E           (11) 

In Equation (11), 1Cg  represents the input 
feature used to predict the mouth shape 
coefficient of the first frame, and 1f  represents 
the audio feature of the first frame. To better 
extract features from speech and improve the 
effectiveness of facial expression synthesis, the 
latest Transformer-based audio pre-training 
model, the Wave Language Model (WavLM), is 
used for self-supervised pre-training on a large 
unlabeled speech dataset [2]. The network 
structure based on WavLM is shown in Figure 
4. 
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In Figure 4, in this network structure, acoustic 
units are first modeled and corresponding labels 
are generated through unsupervised K-means 
clustering. Next, gate relative position offset 
encoding is introduced, and the input audio is 
transformed to simulate mixed background 
sound. Then, the Transformer encoder uses the 
labels generated from the first iteration to 
predict the mask region. The feature output 
after self-attention encoding is shown in 
Equation (12). 
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In Equation (12), ah  represents the feature 
output of the a th frame after self-attention 
encoding,  represents the attention weight 
in the self-attention mechanism, bv  represents 
the input vector of the b th frame, and T  
represents the length of the input sequence [16]. 
To generate realistic and coordinated facial 
action expression sequences while reducing 
computational complexity and memory 
requirements, a deep learning architecture 
called Recurrent Weighted Key-Value (RWKV) 
that combines the advantages of RNN and 
Transformer is proposed for decoding. The 
network structure based on RWKV is shown in 
Figure 5. 
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In Figure 5, the structure mainly contains a time 
mixing module and a channel mixing module, 
which are used for time series dependency 
modeling and feature channel interaction, 
respectively. Firstly, the input sequence data is 
normalized by LayerNorm to enhance the 
stability of subsequent modules. The 
standardized features enter the time mixing 
module, where weighted temporal responses 
are calculated using the Weighted Key-Value 
(WKV) unit in the RWKV architecture. While 
maintaining the ability to model long sequence 
dependencies, the time complexity is reduced 
from O(n²) to O (n). The time mixed features are 
passed through LayerNorm again and enter the 
channel mixing module. The channel mixing 
module achieves information fusion between 
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In Equation (10), G1,2,...,a represents the final input 
feature generated for predicting the mouth motion 
coefficient in frame a, Ea represents the mouth mo-
tion feature embedding in frame a, and FC(C1,2,...,a–1) 
represents the output after feature extraction of the 
mouth shape coefficient in the previous a–1 frames. 
The predicted input features of the mouth motion co-
efficient in the first frame are shown in Equation (11).
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in the self-attention mechanism, bv  represents 
the input vector of the b th frame, and T  
represents the length of the input sequence [16]. 
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normalized by LayerNorm to enhance the 
stability of subsequent modules. The 
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1,2,..., 1,2,..., 1,2,..., 1aC a a aG F E FC C .   (10) 

In Equation (10), 1,2,...,aCG  represents the final 
input feature generated for predicting the 
mouth motion coefficient in frame a , aE  
represents the mouth motion feature 
embedding in frame a , and 1,2,..., 1aFC C  
represents the output after feature extraction of 
the mouth shape coefficient in the previous 

1a  frames. The predicted input features of 
the mouth motion coefficient in the first frame 
are shown in Equation (11). 

1 1C ag f E           (11) 

In Equation (11), 1Cg  represents the input 
feature used to predict the mouth shape 
coefficient of the first frame, and 1f  represents 
the audio feature of the first frame. To better 
extract features from speech and improve the 
effectiveness of facial expression synthesis, the 
latest Transformer-based audio pre-training 
model, the Wave Language Model (WavLM), is 
used for self-supervised pre-training on a large 
unlabeled speech dataset [2]. The network 
structure based on WavLM is shown in Figure 
4. 
Figure 4 

Network architecture based on WavLM. 

 

CNN Encoders

Audio input

Gate control relative position 
offset encoding

K-means

Label Label storage

Clustering

Mask

 

In Figure 4, in this network structure, acoustic 
units are first modeled and corresponding labels 
are generated through unsupervised K-means 
clustering. Next, gate relative position offset 
encoding is introduced, and the input audio is 
transformed to simulate mixed background 
sound. Then, the Transformer encoder uses the 
labels generated from the first iteration to 
predict the mask region. The feature output 
after self-attention encoding is shown in 
Equation (12). 

1

T

a b
b

h v .              (12) 
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output of the a th frame after self-attention 
encoding,  represents the attention weight 
in the self-attention mechanism, bv  represents 
the input vector of the b th frame, and T  
represents the length of the input sequence [16]. 
To generate realistic and coordinated facial 
action expression sequences while reducing 
computational complexity and memory 
requirements, a deep learning architecture 
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that combines the advantages of RNN and 
Transformer is proposed for decoding. The 
network structure based on RWKV is shown in 
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in the self-attention mechanism, bv  represents 
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normalized by LayerNorm to enhance the 
stability of subsequent modules. The 
standardized features enter the time mixing 
module, where weighted temporal responses 
are calculated using the Weighted Key-Value 
(WKV) unit in the RWKV architecture. While 
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In Figure 5, the structure mainly contains a time 
mixing module and a channel mixing module, which 
are used for time series dependency modeling and 
feature channel interaction, respectively. Firstly, the 
input sequence data is normalized by LayerNorm to 
enhance the stability of subsequent modules. The 
standardized features enter the time mixing module, 
where weighted temporal responses are calculated 
using the Weighted Key-Value (WKV) unit in the 
RWKV architecture. While maintaining the ability 
to model long sequence dependencies, the time com-
plexity is reduced from O(n²) to O(n). The time mixed 
features are passed through LayerNorm again and 
enter the channel mixing module. The channel mix-
ing module achieves information fusion between 
feature channels through nonlinear transformation 
and linear recombination of channel dimensions. 
Finally, the output of the channel mixing module is 
used as a feature of the current timing step to gener-
ate predictions for the final task. The weighted tem-
poral response formula of the time mixing module is 
shown in Equation (13).

 
 

 

feature channels through nonlinear 
transformation and linear recombination of 
channel dimensions. Finally, the output of the 
channel mixing module is used as a feature of 
the current timing step to generate predictions 
for the final task. The weighted temporal 
response formula of the time mixing module is 
shown in Equation (13). 
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In Equation (13), tr  represents the feature 
representation of the current time t  in the time 
mixing module, rW  and r  represent the 
weight matrix and smoothing coefficient in the 
time mixing module, respectively, and t  
denotes the input feature of the current time t . 
The feature fusion formula of the channel 
mixing module is shown in Equation (14). 
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In Equation (14), tk  represents the feature 
representation of the current time t  in the 
channel mixing module, while kW  and k  
respectively represent the weight matrix and 
smoothing coefficient in the channel mixing 
module [27]. The weighting and formula for 
temporal step features is shown in equation 
(15). 
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In Equation (15), twkv  represents the feature 
representation of the weighted combination of 
t  at the current time,  represents the 
smoothing parameter, and tv  represents the 
feature value of t  at the current time [9]. By 
normalizing and weighting the temporal step 
features, long sequence dependency modeling 
can be effectively carried out, improving the 
realism and coordination of generation, while 
significantly reducing computational 
complexity and memory requirements. The 
model training adopts a multi-task joint loss 
function. For the lip movement coefficient 
prediction of the main task, the mean absolute 
error (MAE) loss is used to supervise the 
regression of frame-by-frame coefficients. The 
spatial position of the three-dimensional 
vertices is constrained by the mean square error 
loss for geometric consistency, and a temporal 
smoothness regularization term is introduced to 
suppress frame-to-frame jitter. To address the 
imbalance problem of emotion categories, the 
focal loss is introduced in the auxiliary emotion 

classification branch that shares the encoded 
features. By down-weighting the majority class 
and up-weighting the minority class, the model 
focuses on the lip shape features under rare 
emotions, thereby enhancing the prediction 
robustness in extreme expressions. 

4. Synchronized and 
Coordinated Motion Verification 
of 3D Facial Animation Based on 
Weighted Dirichlet Algorithm 
4.1. Experimental Environment Setup 
To assess the performance of synchronized and 
coordinated motion in 3D FA based on 
weighted Dirichlet algorithm, an experimental 
environment was built in Ubuntu 16.04.7 LTS 
environment. The experimental setup included 
a CPU with Intel Core i7-9700, a GPU with 
NVIDIA GeForce GTX 1080Ti, and 32GB of 
memory. In addition, the experiment was 
equipped with a facial expression capture 
system from Natural Point OptiTrack and a 
deep learning framework from PyTorch. The 
hyperparameter configuration for model 
training is as follows: the AdamW optimizer 
was used in the study, with an initial learning 
rate set to 1×10-4, a batch size of 32, and 100 
training iterations. In addition, the Dropout rate 
was set to 0.3, the number of multi-head 
attention heads was 8, the hidden layer 
dimension was 512, and both the encoder and 
decoder layers were set to 6. The datasets used 
were the publicly available BIWI 3D facial 
dataset and VOCASET dataset. To further 
enrich the dataset, the study also utilized a 
facial expression capture system for data 
collection at a speed of 100 frames per second. 
During the data collection process, the study 
selected 10 healthy subjects aged between 22 
and 35, including 5 males and 5 females, all of 
whom had no history of facial deformities or 
movement disorders. After marking 37 key 
landmarks on the subjects' faces, they were 
asked to complete an action sequence that 
included 6 basic emotions and common 
pronunciations in Mandarin Chinese and 
English. This self-built dataset contained a total 
of 12000 sample sequences, each with a length 
of 100 frames. The sample distribution is as 
follows: in the emotion category, neutral 
accounts for 25%, joy 20%, sadness 18%, anger 
17%, surprise 12%, and fear 8%. In the 
distribution of phonemes, the Chinese initial 
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In Equation (10), 1,2,...,aCG  represents the final 
input feature generated for predicting the 
mouth motion coefficient in frame a , aE  
represents the mouth motion feature 
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represents the output after feature extraction of 
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1a  frames. The predicted input features of 
the mouth motion coefficient in the first frame 
are shown in Equation (11). 

1 1C ag f E           (11) 

In Equation (11), 1Cg  represents the input 
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coefficient of the first frame, and 1f  represents 
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model, the Wave Language Model (WavLM), is 
used for self-supervised pre-training on a large 
unlabeled speech dataset [2]. The network 
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In Figure 4, in this network structure, acoustic 
units are first modeled and corresponding labels 
are generated through unsupervised K-means 
clustering. Next, gate relative position offset 
encoding is introduced, and the input audio is 
transformed to simulate mixed background 
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predict the mask region. The feature output 
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In Equation (12), ah  represents the feature 
output of the a th frame after self-attention 
encoding,  represents the attention weight 
in the self-attention mechanism, bv  represents 
the input vector of the b th frame, and T  
represents the length of the input sequence [16]. 
To generate realistic and coordinated facial 
action expression sequences while reducing 
computational complexity and memory 
requirements, a deep learning architecture 
called Recurrent Weighted Key-Value (RWKV) 
that combines the advantages of RNN and 
Transformer is proposed for decoding. The 
network structure based on RWKV is shown in 
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In Equation (13), rt represents the feature represen-
tation of the current time t in the time mixing module, 
Wr and μr represent the weight matrix and smoothing 
coefficient in the time mixing module, respectively, 
and αt denotes the input feature of the current time 
t. The feature fusion formula of the channel mixing 
module is shown in Equation (14).
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In Equation (15), twkv  represents the feature 
representation of the weighted combination of 
t  at the current time,  represents the 
smoothing parameter, and tv  represents the 
feature value of t  at the current time [9]. By 
normalizing and weighting the temporal step 
features, long sequence dependency modeling 
can be effectively carried out, improving the 
realism and coordination of generation, while 
significantly reducing computational 
complexity and memory requirements. The 
model training adopts a multi-task joint loss 
function. For the lip movement coefficient 
prediction of the main task, the mean absolute 
error (MAE) loss is used to supervise the 
regression of frame-by-frame coefficients. The 
spatial position of the three-dimensional 
vertices is constrained by the mean square error 
loss for geometric consistency, and a temporal 
smoothness regularization term is introduced to 
suppress frame-to-frame jitter. To address the 
imbalance problem of emotion categories, the 
focal loss is introduced in the auxiliary emotion 

classification branch that shares the encoded 
features. By down-weighting the majority class 
and up-weighting the minority class, the model 
focuses on the lip shape features under rare 
emotions, thereby enhancing the prediction 
robustness in extreme expressions. 

4. Synchronized and 
Coordinated Motion Verification 
of 3D Facial Animation Based on 
Weighted Dirichlet Algorithm 
4.1. Experimental Environment Setup 
To assess the performance of synchronized and 
coordinated motion in 3D FA based on 
weighted Dirichlet algorithm, an experimental 
environment was built in Ubuntu 16.04.7 LTS 
environment. The experimental setup included 
a CPU with Intel Core i7-9700, a GPU with 
NVIDIA GeForce GTX 1080Ti, and 32GB of 
memory. In addition, the experiment was 
equipped with a facial expression capture 
system from Natural Point OptiTrack and a 
deep learning framework from PyTorch. The 
hyperparameter configuration for model 
training is as follows: the AdamW optimizer 
was used in the study, with an initial learning 
rate set to 1×10-4, a batch size of 32, and 100 
training iterations. In addition, the Dropout rate 
was set to 0.3, the number of multi-head 
attention heads was 8, the hidden layer 
dimension was 512, and both the encoder and 
decoder layers were set to 6. The datasets used 
were the publicly available BIWI 3D facial 
dataset and VOCASET dataset. To further 
enrich the dataset, the study also utilized a 
facial expression capture system for data 
collection at a speed of 100 frames per second. 
During the data collection process, the study 
selected 10 healthy subjects aged between 22 
and 35, including 5 males and 5 females, all of 
whom had no history of facial deformities or 
movement disorders. After marking 37 key 
landmarks on the subjects' faces, they were 
asked to complete an action sequence that 
included 6 basic emotions and common 
pronunciations in Mandarin Chinese and 
English. This self-built dataset contained a total 
of 12000 sample sequences, each with a length 
of 100 frames. The sample distribution is as 
follows: in the emotion category, neutral 
accounts for 25%, joy 20%, sadness 18%, anger 
17%, surprise 12%, and fear 8%. In the 
distribution of phonemes, the Chinese initial 
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In Equation (14), kt represents the feature repre-
sentation of the current time t in the channel mix-
ing module, while Wk and μk respectively represent 
the weight matrix and smoothing coefficient in 
the channel mixing module [27]. The weighting 
and formula for temporal step features is shown in 
equation (15).

 
 

 

feature channels through nonlinear 
transformation and linear recombination of 
channel dimensions. Finally, the output of the 
channel mixing module is used as a feature of 
the current timing step to generate predictions 
for the final task. The weighted temporal 
response formula of the time mixing module is 
shown in Equation (13). 
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In Equation (13), tr  represents the feature 
representation of the current time t  in the time 
mixing module, rW  and r  represent the 
weight matrix and smoothing coefficient in the 
time mixing module, respectively, and t  
denotes the input feature of the current time t . 
The feature fusion formula of the channel 
mixing module is shown in Equation (14). 
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representation of the current time t  in the 
channel mixing module, while kW  and k  
respectively represent the weight matrix and 
smoothing coefficient in the channel mixing 
module [27]. The weighting and formula for 
temporal step features is shown in equation 
(15). 
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In Equation (15), twkv  represents the feature 
representation of the weighted combination of 
t  at the current time,  represents the 
smoothing parameter, and tv  represents the 
feature value of t  at the current time [9]. By 
normalizing and weighting the temporal step 
features, long sequence dependency modeling 
can be effectively carried out, improving the 
realism and coordination of generation, while 
significantly reducing computational 
complexity and memory requirements. The 
model training adopts a multi-task joint loss 
function. For the lip movement coefficient 
prediction of the main task, the mean absolute 
error (MAE) loss is used to supervise the 
regression of frame-by-frame coefficients. The 
spatial position of the three-dimensional 
vertices is constrained by the mean square error 
loss for geometric consistency, and a temporal 
smoothness regularization term is introduced to 
suppress frame-to-frame jitter. To address the 
imbalance problem of emotion categories, the 
focal loss is introduced in the auxiliary emotion 

classification branch that shares the encoded 
features. By down-weighting the majority class 
and up-weighting the minority class, the model 
focuses on the lip shape features under rare 
emotions, thereby enhancing the prediction 
robustness in extreme expressions. 

4. Synchronized and 
Coordinated Motion Verification 
of 3D Facial Animation Based on 
Weighted Dirichlet Algorithm 
4.1. Experimental Environment Setup 
To assess the performance of synchronized and 
coordinated motion in 3D FA based on 
weighted Dirichlet algorithm, an experimental 
environment was built in Ubuntu 16.04.7 LTS 
environment. The experimental setup included 
a CPU with Intel Core i7-9700, a GPU with 
NVIDIA GeForce GTX 1080Ti, and 32GB of 
memory. In addition, the experiment was 
equipped with a facial expression capture 
system from Natural Point OptiTrack and a 
deep learning framework from PyTorch. The 
hyperparameter configuration for model 
training is as follows: the AdamW optimizer 
was used in the study, with an initial learning 
rate set to 1×10-4, a batch size of 32, and 100 
training iterations. In addition, the Dropout rate 
was set to 0.3, the number of multi-head 
attention heads was 8, the hidden layer 
dimension was 512, and both the encoder and 
decoder layers were set to 6. The datasets used 
were the publicly available BIWI 3D facial 
dataset and VOCASET dataset. To further 
enrich the dataset, the study also utilized a 
facial expression capture system for data 
collection at a speed of 100 frames per second. 
During the data collection process, the study 
selected 10 healthy subjects aged between 22 
and 35, including 5 males and 5 females, all of 
whom had no history of facial deformities or 
movement disorders. After marking 37 key 
landmarks on the subjects' faces, they were 
asked to complete an action sequence that 
included 6 basic emotions and common 
pronunciations in Mandarin Chinese and 
English. This self-built dataset contained a total 
of 12000 sample sequences, each with a length 
of 100 frames. The sample distribution is as 
follows: in the emotion category, neutral 
accounts for 25%, joy 20%, sadness 18%, anger 
17%, surprise 12%, and fear 8%. In the 
distribution of phonemes, the Chinese initial 
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In Equation (15), wkvt represents the feature rep-
resentation of the weighted combination of t at the 
current time, ψ represents the smoothing parameter, 
and vt represents the feature value of t at wthe current 
time [9]. By normalizing and weighting the temporal 
step features, long sequence dependency modeling 
can be effectively carried out, improving the realism 
and coordination of generation, while significantly 
reducing computational complexity and memory re-
quirements. The model training adopts a multi-task 
joint loss function. For the lip movement coefficient 
prediction of the main task, the mean absolute er-
ror (MAE) loss is used to supervise the regression of 
frame-by-frame coefficients. The spatial position of 
the three-dimensional vertices is constrained by the 
mean square error loss for geometric consistency, and 
a temporal smoothness regularization term is intro-
duced to suppress frame-to-frame jitter. To address 
the imbalance problem of emotion categories, the fo-
cal loss is introduced in the auxiliary emotion classi-
fication branch that shares the encoded features. By 
down-weighting the majority class and up-weighting 
the minority class, the model focuses on the lip shape 
features under rare emotions, thereby enhancing the 
prediction robustness in extreme expressions.
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4. Synchronized and Coordinated 
Motion Verification of 3D Facial 
Animation Based on Weighted 
Dirichlet Algorithm
4.1. Experimental Environment Setup
To assess the performance of synchronized and 
coordinated motion in 3D FA based on weighted 
Dirichlet algorithm, an experimental environment 
was built in Ubuntu 16.04.7 LTS environment. The 
experimental setup included a CPU with Intel Core 
i7-9700, a GPU with NVIDIA GeForce GTX 1080Ti, 
and 32GB of memory. In addition, the experiment 
was equipped with a facial expression capture sys-
tem from Natural Point OptiTrack and a deep learn-
ing framework from PyTorch. The hyperparameter 
configuration for model training is as follows: the 
AdamW optimizer was used in the study, with an 
initial learning rate set to 1×10-4, a batch size of 32, 
and 100 training iterations. In addition, the Drop-
out rate was set to 0.3, the number of multi-head 
attention heads was 8, the hidden layer dimension 
was 512, and both the encoder and decoder layers 
were set to 6. The datasets used were the publicly 
available BIWI 3D facial dataset and VOCASET 
dataset. To further enrich the dataset, the study 
also utilized a facial expression capture system for 
data collection at a speed of 100 frames per sec-
ond. During the data collection process, the study 
selected 10 healthy subjects aged between 22 and 
35, including 5 males and 5 females, all of whom 
had no history of facial deformities or movement 
disorders. After marking 37 key landmarks on the 
subjects' faces, they were asked to complete an ac-
tion sequence that included 6 basic emotions and 
common pronunciations in Mandarin Chinese and 
English. This self-built dataset contained a total 
of 12000 sample sequences, each with a length of 
100 frames. The sample distribution is as follows: 
in the emotion category, neutral accounts for 25%, 
joy 20%, sadness 18%, anger 17%, surprise 12%, and 
fear 8%. In the distribution of phonemes, the Chi-
nese initial consonants were evenly distributed, ac-
counting for approximately 4.76% each. The vowels 
consisted of 10% monophthongs, 15% diphthongs, 
and 10% nasal vowels. Vowels accounted for 20% 

and consonants accounted for 24% of English pho-
nemes. To address the imbalance between minority 
classes such as fear and surprise and neutral ma-
jority classes in the dataset, a triple optimization 
strategy was adopted. Firstly, the minority class 
samples were oversampled to augment the repre-
sentation of underrepresented categories. Second, 
the majority class samples were undersampled 
to mitigate the overwhelming dominance of neu-
tral samples while retaining their key distribution 
characteristics. Finally, focus loss is adopted in the 
auxiliary emotion classification branch to alleviate 
the impact of class imbalance. The specific imple-
mentation details are as follows: In the stage of mi-
nority class oversampling, the study did not adopt 
a simple sample replication method, but instead 
used SMOTE synthetic minority class oversam-
pling technology. By calculating the feature simi-
larity between minority class samples, synthetic 
samples that conform to the distribution law of 
sample features were generated, achieving a rea-
sonable expansion of the number of minority class 
samples. In the majority undersampling stage, a 
hierarchical undersampling method was used to 
first divide neutral majority class samples into 
multiple subsets based on dimensions such as inter 
frame variation amplitude and feature similarity of 
the action sequence. Then, a certain proportion of 
samples were randomly selected from each subset 
to ensure the preservation of the core feature in-
formation of the majority class samples and avoid 
the loss of effective information caused by exces-
sive deletion of samples. In the optimization stage 
of the loss function, an improved Focal Loss func-
tion was introduced. By dynamically adjusting the 
focus parameter, a lower loss weight was set for 
neutral majority samples, and a higher loss weight 
was assigned to minority samples such as fear and 
surprise. This forced the model to focus on feature 
learning of minority samples during training, ulti-
mately achieving a balanced contribution of each 
category sample to the model training, ensuring the 
recognition performance and generalization ability 
of the model for different category samples. Finally, 
after mixing and organizing all the data, they were 
broken into a training set and a validation set in a 
3:7 ratio. The specific experimental environment 
configuration is shown in Table 1.



Information Technology and Control 2026/3/551518

This study used the following indicators to evalu-
ate the animation performance. The marker point 
distance is the mean of the Euclidean distances be-
tween the predicted positions and the actual posi-
tions of the facial marker points. The lip vertex error 
is the root mean square error of the displacements 
of all vertices in the lip area from the predicted to 
the actual displacements. The synchronization con-
sistency is quantified by the Pearson correlation 
coefficient between the audio and the lip movement 
curve. The synchronization accuracy is defined as 

Environment Configuration

Operating system Ubuntu 16.04.7 LTS

Processor Intel Core i7-9700

Graphics card NVIDIA GeForce  
GTX 1080Ti

Memory 32GB

Facial expression  
capture system Natural Point OptiTrack

Deep Learning Framework PyTorch

Table 1   
Experimental environment configuration.

the proportion of frames where the time difference 
between the peak of the lip movement and the peak 
of the phoneme is less than a threshold (50 ms). The 
naturalness score is obtained from the subjective 
ratings (1 to 5 points) given by the participants on 
the authenticity of the animation. Synchronous and 
coordinated movement refers to the alignment of 
the lip movement and the speech in time sequence 
and the natural coordination of the movements in 
each facial area.

4.2. Validation of the Deformation Effect of 
Weighted Dirichlet Algorithm
To study the deformation effect of the weighted Di-
richlet algorithm, a comparison was made between 
the predicted FA trajectories of the Dirichlet algo-
rithm before and after weighting, as shown in Figure 
6. From Figure 6(a), the predicted animation trajec-
tory generated by the weighted Dirichlet algorithm 
highly coincided with the actual motion trajectory 
on the corner of the mouth. When approaching 40 
frames, the error distance was the largest, and the 
actual motion trajectory was -2.0mm. However, 
the predicted motion trajectories of the weighted 
pre - and post Dirichlet algorithms were 6.3mm and 
1.0mm, respectively, resulting in errors of 8.3mm 
and 3.0mm. From Figure 6(b), the weighted Dir-

 
 

 

pre - and post Dirichlet algorithms were 6.3mm 
and 1.0mm, respectively, resulting in errors of 
8.3mm and 3.0mm. From Figure 6(b), the 
weighted Dirichlet algorithm also exhibited a 
highly overlapping state on the motion 
trajectory of the middle lip. When approaching 
200 frames, the error reached its maximum 
value, and the actual trajectory was 2.3mm. The 

predicted motion trajectories of the weighted 
pre - and post Dirichlet algorithms were -1.4mm 
and 0.5mm, respectively, resulting in errors of 
3.7mm and 1.8mm. In summary, the weighted 
Dirichlet algorithm significantly reduces errors 
in predicting FA trajectories, making the 
generated animation trajectories more 
consistent with the actual motion trajectories. 

 

Figure 6 

Comparison of pre - and post weighted Dirichlet algorithms for predicting facial animation trajectory. 
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To further assess the deformation effect of the 
weighted Dirichlet algorithm, it was compared 
with other advanced algorithms. Comparative 
algorithms included traditional Dirichlet 
algorithm, Laplacian deformation algorithm, 
and As-Rigid-As-Possible Deformation (ARAP) 
deformation algorithm. The comparison of 
vertex errors in key facial regions using 
different deformation algorithms is shown in 
Table 2. From Table 2, the weighted Dirichlet 
algorithm had the lowest vertex error in both 
high and medium dynamic regions. In 
low-dynamic areas such as cheeks and 
forehead, the ARAP deformation algorithm had 
the lowest vertex error. The error of ARAP 
deformation algorithm in the forehead area was 
1.62 ± 0.24, and the error of weighted Dirichlet 
algorithm was 1.74 ± 0.25, with an increase of 
only 7.40% in error. For the lip region, the vertex 
error of the weighted Dirichlet algorithm was 
1.83 ±  0.29. Compared with the traditional 
Dirichlet algorithm, the error was reduced by 
46.49%. Compared with the Laplacian 
deformation and ARAP deformation, the error 
was reduced by 56.53% and 37.96%, 
respectively. In the nasolabial groove area, the 
error of the weighted Dirichlet algorithm was 

1.78 ±  0.27, which was 54.12%, 32.06%, and 
41.63% lower than the Laplacian deformation, 
ARAP deformation, and traditional Dirichlet 
algorithm, respectively. In summary, the 
weighted Dirichlet algorithm has superior 
overall performance in 3D FA deformation. 

To test the performance of the weighted 
Dirichlet algorithm in practical applications, a 
heatmap of the weight distribution of control 
points was studied and analyzed, as shown in 
Figure 7. From Figure 7, the weight values of 
the mouth area were all above 4.0, while the 
weights of the eyebrow and cheek areas were 
concentrated around 1.5. In contrast, the weight 
of low dynamic areas such as the forehead was 
the lowest, only around 0.5. In summary, the 
weighted Dirichlet algorithm can flexibly and 
accurately allocate weights in the design of 
synchronized and coordinated motion in 3D FA, 
enhancing the realism and coordination of 3D 
FA. From a mechanistic perspective, the 
phenomenon of significantly higher weights in 
the perioral region was related to the higher 
muscle distribution density and greater range of 
motion during pronunciation. Weighted 
processing essentially set the constraint stiffness 
coefficients of each region in the Dirichlet 

(a) The movement trajectory of  
the corners of the mouth

(b) The movement trajectory of  
the middle of the lips

Figure 6
Comparison of pre - and post weighted Dirichlet algorithms for predicting facial animation trajectory.
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ichlet algorithm also exhibited a highly overlapping 
state on the motion trajectory of the middle lip. 
When approaching 200 frames, the error reached 
its maximum value, and the actual trajectory was 
2.3mm. The predicted motion trajectories of the 
weighted pre - and post Dirichlet algorithms were 
-1.4mm and 0.5mm, respectively, resulting in errors 
of 3.7mm and 1.8mm. In summary, the weighted Dir-
ichlet algorithm significantly reduces errors in pre-
dicting FA trajectories, making the generated ani-
mation trajectories more consistent with the actual 
motion trajectories.
To further assess the deformation effect of the 
weighted Dirichlet algorithm, it was compared 
with other advanced algorithms. Comparative al-
gorithms included traditional Dirichlet algorithm, 
Laplacian deformation algorithm, and As-Rig-
id-As-Possible Deformation (ARAP) deforma-
tion algorithm. The comparison of vertex errors 
in key facial regions using different deformation 
algorithms is shown in Table 2. From Table 2, the 
weighted Dirichlet algorithm had the lowest vertex 
error in both high and medium dynamic regions. In 
low-dynamic areas such as cheeks and forehead, 
the ARAP deformation algorithm had the lowest 
vertex error. The error of ARAP deformation algo-
rithm in the forehead area was 1.62 ± 0.24, and the 
error of weighted Dirichlet algorithm was 1.74 ± 
0.25, with an increase of only 7.40% in error. For the 
lip region, the vertex error of the weighted Dirichlet 
algorithm was 1.83 ± 0.29. Compared with the tradi-
tional Dirichlet algorithm, the error was reduced by 
46.49%. Compared with the Laplacian deformation 
and ARAP deformation, the error was reduced by 
56.53% and 37.96%, respectively. In the nasolabial 
groove area, the error of the weighted Dirichlet al-
gorithm was 1.78 ± 0.27, which was 54.12%, 32.06%, 
and 41.63% lower than the Laplacian deformation, 
ARAP deformation, and traditional Dirichlet algo-
rithm, respectively. In summary, the weighted Di-
richlet algorithm has superior overall performance 
in 3D FA deformation.
To test the performance of the weighted Dirichlet 
algorithm in practical applications, a heatmap of 
the weight distribution of control points was stud-
ied and analyzed, as shown in Figure 7. From Figure 
7, the weight values of the mouth area were all above 
4.0, while the weights of the eyebrow and cheek ar-

eas were concentrated around 1.5. In contrast, the 
weight of low dynamic areas such as the forehead 
was the lowest, only around 0.5. In summary, the 
weighted Dirichlet algorithm can flexibly and ac-
curately allocate weights in the design of synchro-
nized and coordinated motion in 3D FA, enhanc-
ing the realism and coordination of 3D FA. From a 
mechanistic perspective, the phenomenon of sig-
nificantly higher weights in the perioral region was 
related to the higher muscle distribution density 
and greater range of motion during pronunciation. 
Weighted processing essentially set the constraint 
stiffness coefficients of each region in the Dirichlet 
energy functional through differentiation, so that 
high dynamic regions are given priority in the min-
imization process, thereby improving the accuracy 
of local deformation. In Figure 7, the weight around 
the mouth (>4.0) was approximately 8 times that of 
the low dynamic area of the forehead (~0.5). This 
difference was consistent with the physiological 
characteristics of high muscle density and large 
movement amplitude around the mouth, indicating 
that the differentiated weight matrix effectively 
maps anatomical differences in movement priority, 
making energy allocation more in line with facial 
physiological driving laws.

energy functional through differentiation, so 
that high dynamic regions are given priority in 
the minimization process, thereby improving 
the accuracy of local deformation. In Figure 7, 
the weight around the mouth (>4.0) was 
approximately 8 times that of the low dynamic 
area of the forehead (~0.5). This difference was 
consistent with the physiological characteristics 
of high muscle density and large movement 
amplitude around the mouth, indicating that 
the differentiated weight matrix effectively 
maps anatomical differences in movement 
priority, making energy allocation more in line 
with facial physiological driving laws.

Figure 7

Thermogram of weight distribution of control points.
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Table 2

Comparison of vertex errors in key facial regions using different deformation algorithms.
Facial area Laplacian ARAP Traditional Dirichlet Weighted Dirichlet

High dynamic
Lip 4.21±0.63 2.95±0.44 3.42±0.51 1.83±0.29
Nasolabial fold 3.88±0.59 2.62±0.39 3.05±0.48 1.78±0.27

Middle dynamic
Eyebrow 2.97±0.42 1.89±0.30 2.15±0.33 1.67±0.24
Eye Corners 3.12±0.47 1.95±0.31 2.40±0.36 1.71±0.25

Low-dynamic
Cheeks 2.15±0.33 1.75±0.26 1.98±0.28 1.81±0.26
Forehead 1.82±0.27 1.62±0.24 1.76±0.25 1.74±0.25

4.3. Synchronized and Coordinated 
Motion Coordination Verification
To verify the synchronization and coordination 
between FA and speech generated based on the 
Transformer model, an analysis was carried out 
through the degree of lip closure, as shown in 
Figure 8. From Figure 8(a), the actual lip 
distance changes in pronunciation highly 
overlapped with the lip distance changes in the 
generated animation. Although the maximum 
error occurred at frame 60, with an actual lip 
distance of 15mm and an animation generated 
lip distance of 21mm, resulting in an error of 
6mm, the overall lip movement trend remained 
highly consistent with the real data. Figure 8(b) 
shows the speech waveform generated for this 
animation segment. Usually, higher syllables 
require a larger lip distance for pronunciation. 
The peak trends in Figure 8(a)-(b) are basically 
consistent, indicating that the mouth 
movements in the animation are consistent with 
the actual pronunciation of speech. Taking the 
6mm peak deviation around frame 60 in Figure 
8(a) as an example, the time propagation 

characteristics of errors were further studied. In 
the following 20 frames, the error quickly fell 
back to below 2.5mm and remained stable, 
without any trend of error accumulation and 
amplification along the time axis. In the entire 
100 frame sequence, the sliding window mean 
of lip distance error remained in the range of 
1.8-2.3mm, indicating that the self-attention 
mechanism of Transformer can effectively 
suppress cross frame error propagation and 
avoid drift phenomena at the end of long-term 
sequences. This temporal stability benefited
from the explicit modeling ability of the model 
for long-range dependencies.

To further validate the synchronization 
performance of FA based on the Transformer 
model, a comparative analysis was conducted 
with other advanced models. Other models 
included 3D Convolutional Neural Network 
(3D CNN), Bidirectional Long Short Term 
Memory Network (Bi-LSTM), FaceFormer, and 
Diffusion based Talking Head (DiffTalk) [4, 10, 
13, 33]. Among them, the 3D CNN architecture 
selected for the study adopted a 3-layer 
spatiotemporal convolution kernel with a kernel 

Figure 7
Thermogram of weight distribution of control points.
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4.3. Synchronized and Coordinated Motion 
Coordination Verification
To verify the synchronization and coordination be-
tween FA and speech generated based on the Trans-
former model, an analysis was carried out through 
the degree of lip closure, as shown in Figure 8. From 
Figure 8(a), the actual lip distance changes in pro-
nunciation highly overlapped with the lip distance 
changes in the generated animation. Although the 
maximum error occurred at frame 60, with an actual 
lip distance of 15mm and an animation generated lip 
distance of 21mm, resulting in an error of 6mm, the 
overall lip movement trend remained highly consis-
tent with the real data. Figure 8(b) shows the speech 
waveform generated for this animation segment. 
Usually, higher syllables require a larger lip dis-
tance for pronunciation. The peak trends in Figure 
8(a)-(b) are basically consistent, indicating that the 
mouth movements in the animation are consistent 
with the actual pronunciation of speech. Taking the 
6mm peak deviation around frame 60 in Figure 8(a) 
as an example, the time propagation characteristics 
of errors were further studied. In the following 20 
frames, the error quickly fell back to below 2.5mm 
and remained stable, without any trend of error ac-
cumulation and amplification along the time axis. In 
the entire 100 frame sequence, the sliding window 
mean of lip distance error remained in the range of 
1.8-2.3mm, indicating that the self-attention mech-
anism of Transformer can effectively suppress cross 
frame error propagation and avoid drift phenomena 
at the end of long-term sequences. This temporal 
stability benefited from the explicit modeling ability 
of the model for long-range dependencies.

Facial area Laplacian ARAP Traditional Dirichlet Weighted Dirichlet

High dynamic
Lip 4.21±0.63 2.95±0.44 3.42±0.51 1.83±0.29

Nasolabial fold 3.88±0.59 2.62±0.39 3.05±0.48 1.78±0.27

Middle dynamic
Eyebrow 2.97±0.42 1.89±0.30 2.15±0.33 1.67±0.24

Eye Corners 3.12±0.47 1.95±0.31 2.40±0.36 1.71±0.25

Low-dynamic
Cheeks 2.15±0.33 1.75±0.26 1.98±0.28 1.81±0.26

Forehead 1.82±0.27 1.62±0.24 1.76±0.25 1.74±0.25

Table 2
Comparison of vertex errors in key facial regions using different deformation algorithms.

To further validate the synchronization performance 
of FA based on the Transformer model, a comparative 
analysis was conducted with other advanced models. 
Other models included 3D Convolutional Neural Net-
work (3D CNN), Bidirectional Long Short Term Mem-
ory Network (Bi-LSTM), FaceFormer, and Diffusion 
based Talking Head (DiffTalk) [4, 10, 13, 33]. Among 
them, the 3D CNN architecture selected for the study 
adopted a 3-layer spatiotemporal convolution kernel 
with a kernel size of 3×3×3, which achieves lip shape 
prediction by capturing audio and visual cross mod-
al temporal features. The Bi-LSTM model adopted a 
two-layer bidirectional structure with a hidden layer 
dimension of 256. It introduced layer normalization 
and dropout regularization to optimize the cross-
frame feature transfer mechanism based on the in-
frastructure, to meet the real-time requirements of 
speech-driven applications. The synchronization per-
formance comparison of different speech-driven FA 
models is shown in Table 3. From Table 3, the Trans-
former model performed well in all evaluation met-
rics. Among them, the landmark distance of this model 
was only 2.58 ± 0.39 mm, which was 38.72%, 35.18%, 
10.73%, and 14.57% lower than 3D CNN, Bi-LSTM, 
FaceFormer, and DiffTalk models, respectively. The 
lip vertex error of the Transformer model was also 
lower than all other models, with reductions of 37.74%, 
33.97%, 10.07%, and 14.23%, respectively. In terms of 
synchronized and coordinated motion, the Trans-
former model scored 0.91 ± 0.02, which was 24.66%, 
19.74%, 4.60%, and 7.06% higher than other models, re-
spectively. In summary, FA based on the Transformer 
model exhibits significant advantages in synchroniza-
tion performance, accuracy, and consistency.
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To verify the performance in noisy environments, 
the stability of mouth shape prediction under dif-
ferent models in noisy environments was compared 
and studied, as shown in Figure 9. From Figure 9(a), 
the lip vertex error was maximum at a Signal-to-
Noise Ratio (SNR) of -10dB. At this point, the Trans-
former model had an error of 3.2 ± 0.5mm, while 3D 
CNN, Bi-LSTM, FaceFormer, and DiffTalk models 
had errors of 5.6 ± 0.8mm, 5.2 ± 0.7mm, 4.1 ± 0.6mm, 
and 4.8 ± 0.9mm, respectively. The research model 
reduced the error by 42.86%, 38.46%, 21.95%, and 
33.33%, respectively. When the SNR was 10dB, the 
lip vertex error was minimized, and the error of the 

(a) Comparison between actual lip distance changes 
and animated lip distance changes

(b) Speech waveform of animation

 
 

 

size of 3 × 3 × 3, which achieves lip shape 
prediction by capturing audio and visual cross 
modal temporal features. The Bi-LSTM model 
adopted a two-layer bidirectional structure with 
a hidden layer dimension of 256. It introduced 
layer normalization and dropout regularization 
to optimize the cross-frame feature transfer 
mechanism based on the infrastructure, to meet 
the real-time requirements of speech-driven 
applications. The synchronization performance 
comparison of different speech-driven FA 
models is shown in Table 3. From Table 3, the 
Transformer model performed well in all 
evaluation metrics. Among them, the landmark 
distance of this model was only 2.58 ± 0.39 

mm, which was 38.72%, 35.18%, 10.73%, and 
14.57% lower than 3D CNN, Bi-LSTM, 
FaceFormer, and DiffTalk models, respectively. 
The lip vertex error of the Transformer model 
was also lower than all other models, with 
reductions of 37.74%, 33.97%, 10.07%, and 
14.23%, respectively. In terms of synchronized 
and coordinated motion, the Transformer model 
scored 0.91 ± 0.02, which was 24.66%, 19.74%, 
4.60%, and 7.06% higher than other models, 
respectively. In summary, FA based on the 
Transformer model exhibits significant 
advantages in synchronization performance, 
accuracy, and consistency. 
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Lipstick closure degree result. 
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Table 3 

Comparison of synchronization performance of different speech-driven facial animation models. 

Model 
Distance of marker 
points/mm 

Lip vertex 
error/mm 

synchronized and coordinated 
motion 

3D CNN 4.21±0.62 3.87±0.58 0.73±0.05 
Bi-LSTM 3.98±0.59 3.65±0.54 0.76±0.06 
FaceFormer 2.89±0.43 2.68±0.39 0.87±0.03 
DiffTalk 3.02±0.45 2.81±0.41 0.85±0.04 
Transforme
r 2.58±0.39 2.41±0.35 0.91±0.02 

 

To verify the performance in noisy 
environments, the stability of mouth shape 
prediction under different models in noisy 
environments was compared and studied, as 
shown in Figure 9. From Figure 9(a), the lip 
vertex error was maximum at a Signal-to-Noise 
Ratio (SNR) of -10dB. At this point, the 
Transformer model had an error of 3.2 ± 

0.5mm, while 3D CNN, Bi-LSTM, FaceFormer, 
and DiffTalk models had errors of 5.6 ± 
0.8mm, 5.2 ± 0.7mm, 4.1 ± 0.6mm, and 4.8 ± 
0.9mm, respectively. The research model 
reduced the error by 42.86%, 38.46%, 21.95%, 
and 33.33%, respectively. When the SNR was 
10dB, the lip vertex error was minimized, and 
the error of the research model was 2.4 ± 
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Lipstick closure degree result.

Model Distance of marker points/mm Lip vertex error/mm synchronized and 
coordinated motion

3D CNN 4.21±0.62 3.87±0.58 0.73±0.05

Bi-LSTM 3.98±0.59 3.65±0.54 0.76±0.06

FaceFormer 2.89±0.43 2.68±0.39 0.87±0.03

DiffTalk 3.02±0.45 2.81±0.41 0.85±0.04

Transformer 2.58±0.39 2.41±0.35 0.91±0.02

Table 3
Comparison of synchronization performance of different speech-driven facial animation models.

research model was 2.4 ± 0.3mm, while the errors of 
other models were all above 2.70mm. In the compar-
ison of the standard deviation of lip shape coefficient 
fluctuations under extreme noise in Figure 9(b), the 
mean standard deviation of the Transformer model 
was 0.11, while 3D CNN, Bi-LSTM, FaceFormer, and 
DiffTalk were 0.22, 0.19, 0.15, and 0.24, respectively. 
The research model reduced the standard deviation 
by 50%, 42.11%, 26.67%, and 54.17%, respectively. 
In summary, the lip prediction performance of the 
Transformer model is significantly better than other 
models in noisy interference environments, demon-
strating higher stability and accuracy.
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4.4. Comprehensive Performance Verifi cation
To visually verify the performance of the model, 
FAs were generated under diff erent intonations, as 
shown in Figure 10. The animation sequentially gen-
erated FAs pronounced as "a", "o", and "e". The pro-
nunciation "a" belongs to the open vowel, at which 
point the lower jaw in the animation dropped signifi -
cantly and the lips naturally unfold. The pronuncia-
tion of 'o' is a rounded vowel sound, and the mouth 
shape in the animation appears as two lips that are 
round and protruding forward, with a smaller mouth 
shape that accurately captured the features of pro-
nunciation. The pronunciation of 'e' is an open lip 

(a) Comparison of lip vertex errors under 
different noise intensities

(b) Comparison of standard deviation of lip shape 
coefficient fluctuation under extreme noise
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environments, demonstrating higher stability 
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Figure 9 

Comparison of mouth shape prediction stability under different model noise environments. 
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4.4. Comprehensive Performance 
Verification 
To visually verify the performance of the model, 
FAs were generated under different intonations, 
as shown in Figure 10. The animation 
sequentially generated FAs pronounced as "a", 
"o", and "e". The pronunciation "a" belongs to 
the open vowel, at which point the lower jaw in 
the animation dropped significantly and the lips 
naturally unfold. The pronunciation of 'o' is a 
rounded vowel sound, and the mouth shape in 
the animation appears as two lips that are 
round and protruding forward, with a smaller 
mouth shape that accurately captured the 
features of pronunciation. The pronunciation of 
'e' is an open lip vowel, and at this time, the 
mouth shape in the animation was manifested 
as the corners of the mouth stretching to both 
sides, and the animated expression was highly 
consistent with the actual pronunciation of the 
mouth shape. The research model can 
accurately capture and reproduce the mouth 
shape changes during pronunciation when 
generating FAs with different intonations. 

Figure 10 

Facial animations with different tones. 

 

(a) 
Pronunciation a

(b) 
Pronunciation o

 (c) 
Pronunciation e

 

To further verify the coordination of generated 
FAs, subjective experimental evaluations were 
conducted. A study was conducted using 10 
mixed Chinese English speech segments 
containing three tones: question, statement, and 
exclamation. Thirty random participants were 
selected to assess the naturalness and 
audio-visual synchronization of the generated 
FAs. The subjective experimental evaluation 
results are denoted in Figure 11. From Figure 
11(a), the naturalness score of the Transformer 
model was significantly higher than other 
models under different intonations. The average 
rating of this model under declarative tone was 
4.3, interrogative tone was 4.1, and exclamation 
tone was 4.0, while the ratings of other models 
were all below 4.0. From Figure 11(b), in terms 

Figure 9
Comparison of mouth shape prediction stability under different model noise environments.

vowel, and at this time, the mouth shape in the ani-
mation was manifested as the corners of the mouth 
stretching to both sides, and the animated expres-
sion was highly consistent with the actual pronun-
ciation of the mouth shape. The research model can 
accurately capture and reproduce the mouth shape 
changes during pronunciation when generating FAs 
with diff erent intonations.
To further verify the coordination of generated FAs, 
subjective experimental evaluations were conduct-
ed. A study was conducted using 10 mixed Chinese 
English speech segments containing three tones: 
question, statement, and exclamation. Thirty ran-
dom participants were selected to assess the natu-
ralness and audio-visual synchronization of the gen-
erated FAs. The subjective experimental evaluation 
results are denoted in Figure 11. From Figure 11(a), 
the naturalness score of the Transformer model was 
signifi cantly higher than other models under diff er-
ent intonations. The average rating of this model un-
der declarative tone was 4.3, interrogative tone was 
4.1, and exclamation tone was 4.0, while the ratings of 
other models were all below 4.0. From Figure 11(b), in 
terms of synchronicity score, the Transformer mod-
el had the highest synchronicity accuracy in vowel 
pronunciation, reaching 92.54%. In contrast, the 
synchronization accuracies of 3D CNN, Bi-LSTM, 
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Pronunciation a
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Pronunciation o

(c)
Pronunciation e

0.3mm, while the errors of other models were 
all above 2.70mm. In the comparison of the 
standard deviation of lip shape coefficient 
fluctuations under extreme noise in Figure 9(b), 
the mean standard deviation of the Transformer 
model was 0.11, while 3D CNN, Bi-LSTM, 
FaceFormer, and DiffTalk were 0.22, 0.19, 0.15, 
and 0.24, respectively. The research model 

reduced the standard deviation by 50%, 42.11%, 
26.67%, and 54.17%, respectively. In summary, 
the lip prediction performance of the 
Transformer model is significantly better than 
other models in noisy interference 
environments, demonstrating higher stability 
and accuracy.
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4.4. Comprehensive Performance 
Verification
To visually verify the performance of the model, 
FAs were generated under different intonations, 
as shown in Figure 10. The animation 
sequentially generated FAs pronounced as "a", 
"o", and "e". The pronunciation "a" belongs to 
the open vowel, at which point the lower jaw in 
the animation dropped significantly and the lips 
naturally unfold. The pronunciation of 'o' is a 
rounded vowel sound, and the mouth shape in 
the animation appears as two lips that are 
round and protruding forward, with a smaller 
mouth shape that accurately captured the 
features of pronunciation. The pronunciation of 
'e' is an open lip vowel, and at this time, the 
mouth shape in the animation was manifested 
as the corners of the mouth stretching to both 
sides, and the animated expression was highly 
consistent with the actual pronunciation of the 
mouth shape. The research model can 
accurately capture and reproduce the mouth 
shape changes during pronunciation when
generating FAs with different intonations.

Figure 10

Facial animations with different tones.

(a) 
Pronunciation a

(b) 
Pronunciation o

(c) 
Pronunciation e

To further verify the coordination of generated 
FAs, subjective experimental evaluations were 
conducted. A study was conducted using 10 
mixed Chinese English speech segments 
containing three tones: question, statement, and 
exclamation. Thirty random participants were 
selected to assess the naturalness and 
audio-visual synchronization of the generated 
FAs. The subjective experimental evaluation 
results are denoted in Figure 11. From Figure 
11(a), the naturalness score of the Transformer 
model was significantly higher than other 
models under different intonations. The average 
rating of this model under declarative tone was 
4.3, interrogative tone was 4.1, and exclamation 
tone was 4.0, while the ratings of other models 
were all below 4.0. From Figure 11(b), in terms 

Figure 10
Facial animations with different tones.
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(a) Comparison of naturalness ratings  
for different models

(b) Comparison of synchronicity ratings  
for different models

 
 

 

of synchronicity score, the Transformer model 
had the highest synchronicity accuracy in vowel 
pronunciation, reaching 92.54%. In contrast, the 
synchronization accuracies of 3D CNN, 
Bi-LSTM, FaceFormer, and DiffTalk models 
were 71.35%, 76.40%, 82.46%, and 80.21%, 
respectively. Even on nasal sounds with the 

lowest synchronicity score, the accuracy of the 
Transformer model reached 85.39%, while the 
accuracy of other models was below 75%. In 
summary, the Transformer model exhibits 
significant advantages in generating FAs in 
terms of naturalness and audio-visual 
synchronization. 
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Subjective experimental evaluation results. 
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To assess the comprehensive performance of the 
model, the efficiency performance of different 
models was compared and studied, as denoted 
in Table 4. All performance data of the models 
were measured uniformly in the same 
experimental environment (see Table 1 for 
details) to ensure consistency of the comparison 
benchmark. From Table 4, the Transformer 
model only required 18.7 hours of training time, 
while the training time of other models was all 
over 20 hours. The single frame prediction delay 
of the Transformer model was only 4.22ms, 
which was 27.61%, 54.87%, 66.93%, and 87.68% 
lower than 3D CNN, Bi-LSTM, FaceFormer, and 
DiffTalk models, respectively. Although the 
proposed model integrates multiple modules, 
its efficiency advantage mainly comes from the 
linear attention mechanism of the RWKV 
decoder and the pipeline design of weighted 
Dirichlet geometric deformation decoupling, 
rather than relying solely on architecture 
simplification. In terms of model size, the size of 
the research model was 52.8MB, only slightly 
larger than the 48.2MB of the 3D CNN model. 
But compared with Bi-LSTM, FaceFormer, and 
DiffTalk models, they reduced by 21.78%, 
58.22%, and 83.44%, respectively. In addition, 
the memory usage of the research model was 

only 1.9GB, while other models were all above 
2GB. In terms of energy consumption, the 
research model was only 3.6 kWh, which was 
also greatly better than other models. In 
addition, comparing the traditional Dirichlet 
algorithm with the weighted Dirichlet 
algorithm, it can be found that the weight 
matrix storage and update introduced by the 
weighting mechanism does indeed bring slight 
computational overhead. In a single 
deformation calculation, the average time 
consumption of the weighted Dirichlet 
algorithm was 0.25ms, which was about 39% 
higher than the traditional method's 0.18ms. The 
memory usage of the weighted Dirichlet 
algorithm was 0.78GB, which was higher than 
the traditional Dirichlet algorithm's 0.72GB. 
However, this increase was not due to iterative 
calculations, but rather to a one-time mapping 
operation of the weight matrix. For the 
computational cost of the weighted Dirichlet 
module itself, due to its deformation solution 
still being reduced to a sparse linear equation 
system of the same order as the number of 
vertices, introducing a weight matrix only 
increases the O (n) operations of scalar 
multiplication per vertex, theoretically without 
changing the asymptotic complexity of the 
algorithm. 

Figure 11
Subjective experimental evaluation results.

FaceFormer, and DiffTalk models were 71.35%, 
76.40%, 82.46%, and 80.21%, respectively. Even on 
nasal sounds with the lowest synchronicity score, the 
accuracy of the Transformer model reached 85.39%, 
while the accuracy of other models was below 75%. 
In summary, the Transformer model exhibits signif-
icant advantages in generating FAs in terms of natu-
ralness and audio-visual synchronization.
To assess the comprehensive performance of the 
model, the efficiency performance of different mod-
els was compared and studied, as denoted in Table 4. 
All performance data of the models were measured 
uniformly in the same experimental environment 
(see Table 1 for details) to ensure consistency of the 
comparison benchmark. From Table 4, the Trans-
former model only required 18.7 hours of training 
time, while the training time of other models was 
all over 20 hours. The single frame prediction delay 
of the Transformer model was only 4.22ms, which 
was 27.61%, 54.87%, 66.93%, and 87.68% lower than 
3D CNN, Bi-LSTM, FaceFormer, and DiffTalk mod-
els, respectively. Although the proposed model in-
tegrates multiple modules, its efficiency advantage 
mainly comes from the linear attention mechanism 
of the RWKV decoder and the pipeline design of 
weighted Dirichlet geometric deformation decou-
pling, rather than relying solely on architecture sim-

plification. In terms of model size, the size of the re-
search model was 52.8MB, only slightly larger than 
the 48.2MB of the 3D CNN model. But compared 
with Bi-LSTM, FaceFormer, and DiffTalk models, 
they reduced by 21.78%, 58.22%, and 83.44%, respec-
tively. In addition, the memory usage of the research 
model was only 1.9GB, while other models were all 
above 2GB. In terms of energy consumption, the 
research model was only 3.6 kWh, which was also 
greatly better than other models. In addition, com-
paring the traditional Dirichlet algorithm with the 
weighted Dirichlet algorithm, it can be found that 
the weight matrix storage and update introduced by 
the weighting mechanism does indeed bring slight 
computational overhead. In a single deformation 
calculation, the average time consumption of the 
weighted Dirichlet algorithm was 0.25ms, which 
was about 39% higher than the traditional method's 
0.18ms. The memory usage of the weighted Dirichlet 
algorithm was 0.78GB, which was higher than the 
traditional Dirichlet algorithm's 0.72GB. However, 
this increase was not due to iterative calculations, 
but rather to a one-time mapping operation of the 
weight matrix. For the computational cost of the 
weighted Dirichlet module itself, due to its defor-
mation solution still being reduced to a sparse linear 
equation system of the same order as the number of 
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vertices, introducing a weight matrix only increases 
the O (n) operations of scalar multiplication per ver-
tex, theoretically without changing the asymptotic 
complexity of the algorithm.
To quantify the independent contributions of each 
technical module, this study designed ablation ex-
periments. On the basis of the complete model, 
the RWKV decoder (replaced with a conventional 
Transformer decoder), WavLM pre trained fea-
tures (replaced with MFCC acoustic features), and 
weighted Dirichlet mechanism (replaced with uni-
formly weighted Dirichlet) were sequentially re-
moved. The results of the ablation experiment are 
shown in Table 5. From Table 5, the performance of 
the complete model was the best, and the degrada-
tion was most significant after removing the weight-
ed Dirichlet. The boundary distance and lip vertex 
error increased by 42.6% and 38.2% respectively, 
and the synchronization consistency decreased by 

Model Training time/h
Single frame 

prediction  
delay/ms

Model size/MB Memory usage/GB Energy  
consumption/kWh

3D CNN 23.5 5.83 48.2 2.1 4.7

Bi-LSTM 36.2 9.35 67.5 3.5 7.2

FaceFormer 58.3 12.76 126.4 4.9 11.5

DiffTalk 142.6 34.25 318.7 9.3 29.8

Transformer 18.7 4.22 52.8 1.9 3.6

Traditional Dirichlet - 0.18 - 0.72 -

Weighted Dirichlet - 0.25 - 0.78 -

Note: The data for the traditional Dirichlet algorithm and the weighted Dirichlet algorithm are the average time and memory usage per frame 
when the de formation module runs separately on a facial mesh containing 1200 vertices.

Table 4
Comparison of efficiency and performance of different models.

8.8%, confirming the core contribution of differenti-
ated region weights to deformation accuracy. 

4.5. Error Case Analysis
To gain a deeper understanding of the limitations 
of the proposed model, a representative misclas-
sification case of extreme emotion expression was 
selected for detailed analysis, and the root cause of 
the error was revealed through feature visualization 
techniques. The comparison of attention weights 
under extreme anger emotions is shown in Figure 
12. From Figure 12, under extreme anger, there was a 
confusion in the attention weights between high dy-
namic areas of the face such as the lips and nasolabi-
al folds, and low dynamic areas such as the forehead 
and cheeks. At this point, the model overly focused 
on the muscle movement characteristics of the brow 
area, with a weight value of 3.2, while the attention 
weight of the key control points around the lips was 

Model Variant Distance of marker points/mm Lip vertex error/mm Synchronization consistency

Full Model 2.58 2.41 0.91

w/o RWKV 2.99 2.76 0.86

w/o WavLM 2.91 2.70 0.87

w/o Weighted Dirichlet 3.68 3.33 0.83

Table 5
Results of ablation experiment.



1525Information Technology and Control 2026/3/55

only 1.9, compared to 4.1 under normal emotions. 
This is because extreme emotions cause delays in 
updating the dynamic weight matrix, resulting in 
insuffi  cient deformation weights in the lip area and 
ultimately leading to prediction bias. This phenom-
enon indicates that the model lacks suffi  cient mod-
eling of the strong coupling relationship between 
emotions and lip shape, especially in extreme sce-
narios of multi muscle coordinated movement, and 
the dynamic adaptability of weight allocation needs 
to be improved.
To further validate the natural transition eff ect of the 
model between diff erent facial expressions, basic ex-
pression generation experiments were supplement-
ed in the study. The experiment selected six basic 
facial expressions, including neutral, joy, sadness, 
anger, surprise, and fear, from the dataset. Partici-
pants were asked to complete a sequence of facial 
expression switching actions, and real facial expres-
sion data was recorded using a facial capture system. 
Then, the corresponding facial expression anima-
tions were generated using our model. The animation 
results of the six basic facial expressions are shown 
in Figure 13. From Figure 13, the various expressions 
generated by the model highly matched the real ex-
pressions in key features. For example, in the joyful 
expression, the animation accurately reproduced the 
core features of upward corners of the mouth and 

 
 

 

Comparison of attention weights under extreme 
anger emotions. 
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To further validate the natural transition 
effect of the model between different facial 
expressions, basic expression generation 
experiments were supplemented in the study. 
The experiment selected six basic facial 
expressions, including neutral, joy, sadness, 
anger, surprise, and fear, from the dataset. 
Participants were asked to complete a 
sequence of facial expression switching 
actions, and real facial expression data was 
recorded using a facial capture system. Then, 
the corresponding facial expression 
animations were generated using our model. 
The animation results of the six basic facial 
expressions are shown in Figure 13. From 
Figure 13, the various expressions generated 
by the model highly matched the real 
expressions in key features. For example, in 
the joyful expression, the animation 
accurately reproduced the core features of 
upward corners of the mouth and bulging 
zygomaticus major muscle. The key 
movements of the fearful expression, such as 
widening the eyes and retracting the corners 
of the mouth, were accurately reproduced by 
the model. During the transition of facial 
expressions, the animation generated by the 
model had no stuttering or abrupt 
deformation. When switching from neutral to 
joy, sadness to anger, and other cross 
expression transitions, facial muscle 
movements followed anatomical laws and the 
transition was natural and smooth. 

Figure 13 

Generate animation results for 6 basic facial 
expressions. 

 

(a) Neutral (b) Joy  (c) Sadness

(d) Anger (e) Surprise  (f) Fear

 

5. Conclusion 
With the quick advancement of digital 
entertainment and VR technology, the 
application of 3D FA in film production, 
game development, and human-computer 
interaction has become increasingly 
widespread. To improve the authenticity and 
coordination of facial expressions in FA, a 
three-dimensional FA synchronization and 
coordination motion implementation method 
based on weighted Dirichlet algorithm was 
proposed. The results indicated that in the 
verification of deformation effects, the 
weighted Dirichlet algorithm significantly 
reduced the error in predicting FA 
trajectories. On the motion trajectories of the 
corners of the mouth and the middle of the 
lips, the predicted animation trajectory of the 
weighted Dirichlet algorithm coincided with 
the actual motion trajectory, and the 
maximum error was reduced to 3.0mm and 
1.8mm, respectively. Compared with other 
deformation algorithms, the weighted 
Dirichlet algorithm had the lowest vertex 
error in the high dynamic and medium 
dynamic regions, and the error in the lip and 
nasolabial groove regions was reduced by 
46.49% and 54.12%, respectively. Through 
weight distribution thermogram analysis, the 
weighted Dirichlet algorithm had weight 
values above 4.0 in the mouth area, while the 
weights in areas such as eyebrows and cheeks 
were concentrated around 1.5, and the 
weights in low dynamic areas such as 
forehead were the lowest, only around 0.5. 
This indicates that the weighted Dirichlet 
algorithm could flexibly and accurately 

Figure 12
Comparison of attention weights under extreme anger 
emotions.

bulging zygomaticus major muscle. The key move-
ments of the fearful expression, such as widening the 
eyes and retracting the corners of the mouth, were 
accurately reproduced by the model. During the tran-
sition of facial expressions, the animation generated 
by the model had no stuttering or abrupt deforma-
tion. When switching from neutral to joy, sadness to 
anger, and other cross expression transitions, facial 
muscle movements followed anatomical laws and the 
transition was natural and smooth.

5. Conclusion
With the quick advancement of digital entertain-
ment and VR technology, the application of 3D FA 
in fi lm production, game development, and hu-
man-computer interaction has become increasingly 
widespread. To improve the authenticity and coor-
dination of facial expressions in FA, a three-dimen-
sional FA synchronization and coordination motion 
implementation method based on weighted Dir-
ichlet algorithm was proposed. The results indicat-
ed that in the verifi cation of deformation eff ects, the 
weighted Dirichlet algorithm signifi cantly reduced 
the error in predicting FA trajectories. On the mo-
tion trajectories of the corners of the mouth and the 
middle of the lips, the predicted animation trajec-

Figure 13
Generate animation results for 6 basic facial expressions.
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tory of the weighted Dirichlet algorithm coincided 
with the actual motion trajectory, and the maximum 
error was reduced to 3.0mm and 1.8mm, respective-
ly. Compared with other deformation algorithms, 
the weighted Dirichlet algorithm had the lowest 
vertex error in the high dynamic and medium dy-
namic regions, and the error in the lip and nasolabial 
groove regions was reduced by 46.49% and 54.12%, 
respectively. Through weight distribution thermo-
gram analysis, the weighted Dirichlet algorithm had 
weight values above 4.0 in the mouth area, while the 
weights in areas such as eyebrows and cheeks were 
concentrated around 1.5, and the weights in low dy-
namic areas such as forehead were the lowest, only 
around 0.5. This indicates that the weighted Dir-
ichlet algorithm could flexibly and accurately allo-
cate weights, significantly enhancing the realism and 
coordination of 3D FA. In subjective experimental 
evaluation, the naturalness score of the animation 
was above 4.0, with a vowel synchronization accura-
cy of 92.54% and a nasal synchronization accuracy 
of 85.39%. In terms of efficiency, the single frame 
prediction delay of the model was only 4.22ms, and 
the training time was only 18.7h, demonstrating its 
high efficiency and practicality in practical applica-
tions. In summary, the 3D FA synchronization and 
coordinated motion method based on weighted Di-
richlet algorithm effectively improves the accuracy 
and realism of FA. However, research has mainly fo-

cused on key facial regions and has not fully covered 
all detailed areas of the entire face. Therefore, future 
research can further expand the application scope 
of the algorithm, covering more facial detail areas to 
strengthen the realism and detail representation of 
the overall animation.
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