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Speech-driven 3D facial animation has been studied for a long time, yet many challenges still prevent achieving
truly natural results. One major issue is that current methods often overlook head motion during speech. To
address this, we conducted a preliminary investigation and identified several key obstacles: the scarcity of 3D
facial animation datasets with head motion and the limitations of regular sequence prediction models (e.g.,
Transformer, LSTM, and GRU), which are designed for discrete dynamic sequences and do not align well with
continuous 3D head motion sequences. To solve these issues, we propose a head motion prediction module.
This module uses audio and the initial motion state of the mesh to predict head motion. By employing ordinary
differential equations (ODE) to model continuous dynamic sequences, it predicts head movements that closely
resemble real head motion, making the animation more realistic and natural. Additionally, recognizing that
the head motion generation given audio is not a one-to-one mapping problem, we introduce a noise module
to help the head motion prediction module generate varied head motions given the same audio input. We
also observed that previous facial animation methods primarily focus on generating vertices for the mouth
region but use a single model to generate the entire face. This approach wastes some of the model’s fitting
capacity on other regions. To solve this problem, we propose a cascaded mesh generation module that uses
two modules to separately generate the vertex of mouth region and other facial regions. Extensive experiments
and a perceptual user study show that our approach outperforms existing methods and produces relatively
natural head motion.
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1 Introduction
Three-dimensional facial animation has garnered significant attention over the years owing to
its diverse applications in virtual reality, film production, and gaming industries. The intricate
connection between speech patterns and facial expressions, especially the nuanced movements of
the lips, allows for sophisticated facial animations that accurately reflect the nuances of spoken
language. This capability not only enhances realism in digital characters but also enriches user
experiences across various interactive media platforms.

The early works mainly make attempts to build mapping rules between phonemes and their
visual counterpart using different methods, including the autoregressive method [13], categorical
latent space [40], and discrete primitives [56]. Despite the relentless efforts of researchers and the
significant advancements in recent speech-driven facial animation techniques, we are still far from
generating realistic human-like talking videos.

In real speaking scenarios, the head typically exhibits rhythmic, subtle movements. These head
movements are crucial for generating human-like talking videos. Unfortunately, current 3D speaking
mesh datasets [10, 38] lack head motion information, thus recent animation methods [10, 13, 40, 56]
focus on facial movements, particularly lip motions, and neglect the head movement. To tackle these
limitations, we use a 3D face reconstruction method [14] to extract head poses from 2D datasets.
Generating head motion can be seen as a sequence prediction based on a given audio and initial head
mesh motion state. We observed that the sequence prediction baselines (transformer-based models,
Long Short-Term Memory (LSTM)-based models, and Gated Recurrent Unit (GRU)-based
models) [36, 54, 66] tend to predict unstable, mechanical head movements. This is because head
motion is essentially a continuous process, and current methods lack adequate modeling in this
aspect, often generating dynamic sequences without considering continuity.

In this article, we propose a speech-driven facial animation model that generates facial animation
videos with realistic head movements. As illustrated in Figure 1, this method initially generates
a talking mesh with a static head driven by a segment of speech. Subsequently, it controls the
head movement of this talking mesh. Our model consists of two main modules: Head Motion
Prediction Model (HMPM) to generate head motion and Mesh Generation Model (MGM) to
generate a mesh with synchronized lip shape (Figure 2). First, our HMPM uses neural Ordinary
Differential Equations (ODE) over traditional sequence models to model continuous dynamic
sequences for head motion prediction. Additionally, since the relationship between audio and
head motion during speech is not a one-to-one mapping where the same words can be spoken
with different head movements, we also propose a Noise Disturbance Model (NDM) to help
our HMPM to generate diverse head motion sequences. Second, our MGM is designed for better
lip and audio synchronization. We propose a cascaded talking mesh generation module to fully
utilize the fitting capacity, consisting of dual encoders, each focusing on different regions of the
face. The mouth region mesh generation module uses audio features to generate a coarse mesh
with synchronized lip shape. This output is then fed into the next mesh generation module, which
refines the coarse mesh based on audio features and mesh features from the previous module,
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Fig. 1. Audio signal is used to generate speech-driven facial animation, and the corresponding head motion
sequence is also generated. More experimental results videos can be found in the supplementary materials.

Fig. 2. Overview of the proposed model. It consists of an MGM"" , an HMPM"% , and an NDM"# .""

inputs audio and generates a talking mesh sequence."% takes an initial head motion state (8 and audio as
inputs and outputs a prediction sequence (? ."# inputs noise samples I to control the diverse generation of
"% . (The dashed line indicates optional input.)

making the generated mesh more harmonious and natural. This design allows each module to
focus on its sub-task, maximizing their fitting ability and achieving more accurate audio and lip
synchronization.

Our work offers several key contributions:

—We propose a speech-driven facial animation model that generates videos with high lip
synchronization and natural head movements.

—We propose utilizing ODEs to model continuous dynamic sequences, along with a NDM to
enhance the diversity in generating head motions.

—We introduce a cascaded mesh generation module that uses dual encoders to separately
generate the vertex of mouth region and other facial regions.

—Experiments demonstrate that our method achieves state-of-the-art results in both lip syn-
chronization and natural head motion.
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2 Related Works
2.1 Speech-Driven Facial Animation
With advancements in image generation techniques [20, 41, 55, 60], 3D reconstruction methods
[12, 14, 29, 59], face detection methods [27, 65], and the release of extensive facial datasets [7], the
field of speech-driven facial animation [10, 13, 40, 46, 56] has grown significantly.

Speech-driven facial animation generally falls into two categories: 2D and 3D animations. The
study of 2D facial animation began earlier and still attracts many researchers. Traditional 2D
facial animation [43, 63, 64] is usually based on generative adversarial networks [16] or variational
autoencoders [21]. Due to the lack of high-quality datasets and less advanced image and video
generation technology at that time, these methods faced issues like low-resolution outputs and
insufficient image detail. However, with the development of generation technology [49] and the
availability of high-quality datasets [1, 7, 8, 35], 2D facial animation methods have improved, now
capable of producing high-quality and high-resolution videos.

Despite these advancements, 2D facial animation is limited to single-view video generation. To
address this limitation, some researchers have turned to 3D-based methods, including mesh [18, 30,
50], Neural Radiance Fields (NeRF) [33], 3D Gaussian splatting [25], and signed distance fields
(SDF) [2, 15, 22]. NeRF- [17, 61] and SDF-based methods [15] require multi-view videos or images
of specific individuals and can only generate videos of those specific identities. Moreover, NeRF
methods are time-consuming. In contrast, mesh-based methods have been widely studied due to
their faster generation speed and flexibility, which are not restricted to specific individuals. These
methods can be rendered in 2D or combined with other video generation technologies [39, 57, 58]
to create multi-view talking head videos.

Different from 2D methods [32, 51, 64] and other 3D methods (NeRF- and SDF-based methods),
mesh-based speech-driven facial animation methods rely on datasets that are easier to obtain
compared to traditional 2D talking headmethods.The datasets for these methods can be downloaded
from video web sites and preprocessed [43]. In contrast, mesh-based speech-driven facial animation
requires high-quality scanned 3D mesh datasets. Fortunately, several relevant datasets are available
to support research on speech-driven talking meshes [10, 26, 38, 46].

Mesh-based speech-driven facial animation methods have evolved through several stages. In its
early stages, VOCA [10] introduced a dataset of scanned talking facial meshes and a facial animation
model, proposing a regressive model using a simple multi-layer perceptron structure. Considering
facial animation as a regression task is inherently ill-posed. Therefore, there is a significant room
for improvement in the results generated by VOCA. To solve this problem, the following methods
treat facial animation as a generation task and better performance has been obtained. FaceFormer
[13], using a transformer model, excels in handling sequence features, achieving superior lip-
audio synchronization performance. CodeTalker [56] addresses the challenge of generating facial
animations with neutral expressions by constructing a discrete latent code space to represent
facial mesh expressions and introducing a new loss function to disentangle features from different
modalities, preventing inefficient use of audio information. FaceDiffuser [44] attempts to use the
diffusion model to generate the talking mesh. It uses audio as conditional information and generates
the whole talking mesh through the denoise procedure.

However, the facial animations generated by current mesh-based methods are still unnatural
and lack realism compared to real talking videos. Many factors contribute to this, such as the lack
of emotional change and head motion. The Imitator [47] tries to solve this problem by learning
a personalized speaking style. However, research on head movement during speech is still lack-
ing. In this work, we focus on this problem and propose a facial animation method. It achieves
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state-of-the-art performance on lip-sync and can generate head motion sequences using audio and
the initial head motion state through a sequence prediction model.

2.2 Time Sequence Prediction
Time sequence prediction has long been a significant area of academic research, playing a crucial
role in applications such as climate modeling [34], biological sciences and medicine [48], and
commercial decision-making in retail and finance [3]. It is also used in predicting body joint
movements [24, 37, 53].

Traditional methods for time series analysis relied on expert-guided models, such as autoregres-
sion and exponential smoothing. These approaches required significant domain-specific expertise
and predefined parameters. However, the advent of modern machine learning methods has changed
this landscape by enabling models to automatically identify patterns from data, thereby reducing
the need for expert knowledge and decreasing dependency on predefined parameters.

This evolution has been further advanced by the development of sequence processing models
like Recurrent Neural Network (RNN), LSTM, and Transformers. Coupled with increased data
availability and computing power, these deep learning methods have become essential for time
series forecasting.

Early deep learning methods primarily employed convolutional neural networks and RNNs [36,
52, 62]. These approaches generally involved processing short sequences and making iterative
predictions to generate the desired output. Recently, transformer-based models [28, 54, 66] have
gained prominence due to their ability to effectively handle contextual information and capture
sequence-related features, demonstrating superior performance in this domain. The advancement of
transformers for time sequence prediction primarily focuses on two areas: improving the attention
mechanism and enhancing decoder design.

Regarding the attention mechanism, the main challenge is to ensure its effectiveness. Variants of
effective attention mechanisms can be broadly categorized into two types. The first type is Temporal
Sparse Attention, which reduces complexity by using predefined patterns to sparsify attention [9].
Although this approach decreases computational demands, it is constrained by its fixed structures
and may not fully capture all relevant correlations. The second type is Frequency Domain Attention,
which integrates decomposition blocks with methods like the Fast Fourier Transform or other
frequency analysis techniques to identify connections across sequences [6, 67].

For the decoder design, initially, autoregressive encoders were used for time sequence prediction
[23]. Although these encoders performed well in natural language processing tasks, they resulted
in unsatisfactory performance for time sequence prediction due to error accumulation, as mathe-
matically proven in [45]. To address this, Informer [66] introduced non-autoregressive decoding to
avoid error accumulation and improve efficiency. This approach was also adopted in subsequent
models such as Autoformer [54], FEDformer [67], and Scaleformer [42].

Though the time series prediction models have great development, they are not suitable for head
motion sequence prediction task. Unlike conventional long-term sequence prediction tasks, head
motion sequence prediction emphasizes both accuracy and stability. The length of the head motion
sequence to be predicted is often much longer than the initial head motion sequence, necessitating
multiple predictions to achieve the desired length. Existing prediction methods tend to generate
sequences that deviate from the natural headmotion patterns as the number of predictions increases.
To solve this problem, we develop a model to generate head motion sequences that control the
natural movement of talkingmeshes. Generating a headmotion sequence (3D head pose parameters)
can be viewed as predicting head motion using audio input. To enhance model stability, we use a
neural ODE to model a continuous dynamic sequence and propose an HMPM.
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Fig. 3. (a) Training of the MGM"" . (b) Training of the Head Motion Sequence Prediction Model"% and
NDM"# . When training the NDM"# , a multi-scale discriminator is adopted to perform adversarial training.

3 Method
Figure 2 illustrates the overall architecture, comprising a mesh generative model "" designed to
generate a talking mesh without head motion. Additionally, an HMPM"% augments the system by
predicting head motions associated with speech. To introduce diversity in head motion generation,
an NDM "# is integrated into "% . Below, we provide detailed descriptions of each model.

3.1 MGM
The detailed architecture of the MGM "# is shown in Figure 3(a). Given the diversity in speaking
styles among individuals, we adopt a method where each person’s unique style is represented
by a one-hot vector. These vectors are then mapped to corresponding identity embeddings. The
wav2vec encoder1 takes audio feature �1 and identity embedding as inputs and generates a mesh
~<>DCℎ with a mouth region similar to the Ground Truth. Then, the wav2vec encoder2 uses the
audio feature �2 and output of the Encoder1 to generate a mesh ~>Cℎ4A , where the regions outside
the mouth are similar to the Ground Truth. The outputs of two encoders are added to produce the
final result. Finally, the ~<>DCℎ and ~>Cℎ4A are fused to get the generation result ~64= .

Two loss functions are adopted to train the MGM "" . The first loss function, mouth loss !" , is
used to train the Encoder1 to generate the mouth region. It is defined as follows:

L" = ‖<0B:" (~�) ) −<0B:" (~<>DCℎ)‖2, (1)

where<0B:" denotes the mask indicating the mouth region of the mesh, and ~�) represents the
Ground Truth mesh.

The second loss function ensures the model generates meshes with all regions similar to the
Ground Truth mesh. It is defined as follows:

L0;; =


~�) − ~64=




2. (2)

Although !" enables Encoder1 to generate a mesh with accurate lip synchronization, other regions
may not be well formed. Encoder2 produces a mesh to compensate for the limitations of Encoder1,
and !0;; ensures that the entire model generates an accurate overall mesh.

The final loss used to train "" is shown in following equation:

L = _1L" + _2L0;; . (3)
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3.2 HMPM
The architecture of the HMPM "% is illustrated in Figure 3(b). It comprises an encoder, a decoder,
and a neural ODE module [5], which are used to model continuous dynamic sequences.

First, the encoder processes the initial head motion state (8 to generate an initial value ℎ(C0) for
the neural ODE. Then, the neural ODE produces a dynamic sequence. Additionally, the wav2vec
encoder3 processes the input audio to obtain the audio feature �3. Finally, the decoder uses the
dynamic sequence and this audio feature �3 to predict a head motion sequence (% . The decoder
can also use noise generated by the noise distribution module "# to create diverse head motion
sequences (# .

Why choose neural ODE over traditional sequence prediction models? In previous models, the
dynamic sequences generated by the encoder often lack continuity, resulting in discrete representa-
tions. However, head motion during speech is a continuous process. This discretization introduces
discrepancies between the actual head motion sequence and the predicted outcomes, thereby
impacting the accuracy and smoothness of head motion prediction and generation. To tackle this
issue, it is crucial to model the dynamic sequence as continuous. Neural ODEs are preferred for
modeling continuous dynamic sequences because they leverage the power of differential equations
to provide a more natural and accurate representation of time-evolving phenomena, such as head
motion during speech, compared to traditional sequence prediction models that rely on discrete
time intervals. Therefore, we employ neural ODE to simulate a continuous dynamic sequence.

In our implementation, we adopt a fixed-step explicit Euler method to solve the ODE, as shown
in Equation (4). This choice prioritizes training stability and computational efficiency and aligns
well with our uniformly sampled motion data. While we acknowledge that this discretization shares
mathematical similarities with a residual network, the core distinction lies in the “continuous-first”
modeling perspective: we define a continuous dynamical system (via 6) whose behavior is then
approximated numerically. This perspective emphasizes learning smooth dynamics. Although
adaptive solvers (e.g., DOPRI5) offer advantages in precision for certain tasks, the fixed-step Euler
scheme suffices for our goal of capturing robust dynamic trends in head motion.

To briefly introduce the principle of neural ODE, we start by assuming the existence of a
continuous function � (C). Neural ODE aims to find a sequence ℎ(C8 ) that closely approximates this
function, given an initial value ℎ(C0) and a gradient model 6 parameterized by a neural network.
This is accomplished through the following equations:

ℎ (C8+1) = ℎ (C8 ) + 6 (ℎ (C8 )) × (C8+1 − C8 ),

6 (ℎ (C8 )) =
3� (C8 )
3C

,

ℎ (C0) = � (C0),

(4)

where C8 represents some discrete points on the C coordinate axis. The model 6 takes ℎ(C8 ) as input
and outputs derivative of � (C8 ).

The neural ODE takes the final item in the output feature sequence of the encoder as ℎ(C0) ∈ '1×3

and solves a dynamic sequence ℎ(C8 ) ∈ '=×3 according to a time sequence C8 where 8 ∈ 0, 1, 2, . . . , =.
= is the length of the time sequence C . Although the resulting ℎ(C8 ) sequence is obtained through
discrete steps, it is derived from a continuous dynamic model. This approach produces sequences
that are more continuous in representation than those from fully discrete models (e.g., LSTM and
Transformer), thus allowing for the generation of sequences that more closely resemble natural
head motion.

Two loss functions are utilized to train the sequence prediction model: MSE loss !"(� and
Dynamic Time Warping (DTW) loss !�), . !"(� guides the model to generate results (% that
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closely resemble the Ground Truth (� numerically and is defined as:

L"(� = ‖(� − (% ‖2. (5)

The DTW loss [11] is employed to align the predicted sequences with the Ground Truth. It
calculates the similarity between two sequences and utilizes it to guide the model. Unlike !"(� ,
which focuses on making the values of the predicted sequence similar to the Ground Truth, !�),
guides the model to learn the changing trend of the Ground Truth.

The final loss used to train "% is shown in following equation:

L = _3L"(� + _4L�), . (6)

3.3 NDM
As shown in Figure 3(b), the NDM "# comprises an encoder and a decoder. It takes in Gaussian
random noise sample I and outputs a noise list to induce variations in the motion prediction model
"% for generating different motion sequences. Similar to the HMPM, "# also integrates a neural
ODE between the encoder and decoder. The neural ODE utilizes the output of the encoder as
the initial value ℎ(C0) and predicts a noise dynamic sequence ℎ(C). The decoder shares a similar
structure with the decoder of "% but has one less LN-ReLU layer. The decoder generates a list
containing the output of every layer in the decoder. Each layer’s output is subsequently added to
the corresponding layers in the decoder of "% , excluding the final layer.

As there is no specific Ground Truth available to guide the training, we employ a multi-scale
discriminator to perform the adversarial training.Throughout the training procedure, the parameters
of "% remain fixed, with the discriminator and "# actively engaging in gradient backpropagation.
To mitigate the risk of the discriminator dominating the training process and potentially hindering
effective learning of"# , discriminator updates its gradient only once every two training iterations.
The training loss L03E is defined as follows:

L03E = EI8∼%30C0 (/ ) [;>6(1−� ("% ((8 , �3, "# (I8 ))))]
+ E(�∼%30C0 ((� ) [;>6(� ((� ))],

(7)

where I8 denotes the input noise sample, and (� represents the Ground Truth motion sequence.
A regularization term is also introduced to prevent the generated sequences from becoming

overly similar and thereby losing diversity. It is defined as:

L# = −L�), ((#1 , (#2 ),
(#1 ="% ((8 , �3, "# (I1)),
(#2 ="% ((8 , �3, "# (I2)),

(8)

where (#1 and (#1 are two noise samples generated by "# . This strategy aims to discourage
excessive similarity in the evolution trends of the two sequences.

The final loss used to train "# is shown in the following equation:

L = _5L03E + _6L# . (9)

4 Experiment
4.1 Experimental Settings
Implementation Details. Following previous works [4, 10, 13, 40, 46, 56], audio is sampled at 16 kHz
and aligned with each frame using a centered 5-frame window. For head motion generation, we
predict the future sequence (% ∈ R50×3 from an initial state (8 ∈ R=×3 (with = = 10 in comparisons,
though = = 1 suffices) and the corresponding audio chunk of size 1 × 3,200 (25 fps video).
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Training Details. The MGM is trained with Adam for 100 epochs (batch size 1, learning rate 1 ×
10−4).The headmotion predictor and NDM are trained sequentially with Adam for 200 epochs (batch
size 10, lr 1 × 10−4): first the predictor and then frozen to train the noise model. Hyperparameters:
_1 = 1.0, _2 = 0.5, _3 = 0.8, _4 = 0.1, _5 = 0.1, _6 = 0.5. All experiments run on a single NVIDIA
3090 GPU. For head motion baselines, we additionally use DTW loss during training.

Datasets.Mesh generation is evaluated on VOCASET [10] andMultiface [19] (BIWI is unavailable).
VOCASET contains 480 sequences (12 subjects, 60 fps, 3–4 s, 5,023 vertices) with official splits.
Multiface provides 13 subjects, each speaking 50 sentences, with 7,306 vertices (cropped to 6,172,
identity-based splits, normalized to [−1, 1]). For head motion learning, we use 2D video datasets
RAVDESS [31] (7,356 segments, 24 actors, varied emotions) and VoxCeleb [7] (22,496 videos, more
diverse motion). Head motion sequences are extracted via FOMM [43] (cropping+alignment) and
DECA [14] (3D pose), then normalized.
Baselines. For mesh generation, we compare with VOCA [10], FaceDiffuser [44], FaceFormer

[13], CodeTalker [56], DiffPoseTalk [46], and Perceptual 3D Talk [4]. Identity-conditioned methods
use all training IDs for unseen subjects. For head motion, we compare sequence models: Informer
[66], Autoformer [54], and QuaterNet (LSTM/GRU) [36]. To ensure fairness, all use our decoder
and are trained with DTW loss. Qualitative evaluation with head motion is performed on VOCA
only (due to DECA compatibility with Multiface).

Metrics. Lip-sync quality is measured by Lip Vertex Error (LVE), the maximum L2 error across
all lip vertices. Overall face quality is assessed by Other Vertex Error (OVE), the maximal L2 error
on non-lip vertices. Upper-Face Dynamics Deviation (Upper-FDD) [56] quantifies temporal
variation:

FDD(<1:) , <̂1:) ) =
1

|+* |
∑
E∈+*

(
std(‖<E

1:) ‖2) − std(‖<̂E
1:) ‖2)

)
, (10)

where +* indexes upper-face vertices and std(·) computes temporal standard deviation. For head
motion, we report MSE, MAE, and DTW loss. Note that LVE magnitudes may differ from those
in DiffPoseTalk [46] due to implementation details; we ensure consistent evaluation across all
compared methods.

4.2 Quantitative Evaluation
Speech-Driven Mesh Generation. The results are shown in Table 1. We can observe that our method
performs better than other methods in lip-sync error, other facial region error, and Upper-FDD.
This indicates that our method can maintain lip and audio synchronization while keeping high
consistency between the predicted upper-face expressions together with the trend of facial dynamics
and those of the Ground Truth. On the VOCASET dataset [7], CodeTalker [13] performs second only
to ours in all aspects, due to its use of discrete primitives to model the facial motion space, which
enhances the realism of motion synthesis. The performance of DiffPoseTalk [46] and Perceptual
3D Talk [4] is also notably strong on this dataset, with both methods achieving results that are
secondary and very close to our method’s, and with Perceptual 3D Talk showing a slight edge among
the two. Following closely is FaceFormer [13], which utilizes long-term audio context through a
transformer-based model. Compared to previous methods, the performance of FaceDiffuser [44] is
relatively average, only slightly better than VOCA. On the Multiface dataset [19], the results are
different. CodeTalker achieved relatively average results. In contrast, FaceDiffuser achieved better
results. This may be because the facial regions and dynamics in the MultiFace dataset are more
complex. It includes hair regions, more intense movements of the upper face and neck, and actions
like blinking, which are not present in the VOCASET. Other methods mainly pay attention to
lip-sync and therefore ignore these facial regions. FaceDiffuser uses a diffusion structure to recover
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Table 1. Comparison of Lip-Sync Errors (LVE ×10−4), Other Region Errors (OVE ×10−4),
and the Upper-FDD (×10−5)

Dataset Method (↓) LVE (↓) OVE (↓) Upper-FDD (↓)

VOCASET [7]

VOCA [10] 6.543 4.131 8.190
FaceFormer [13] 5.280 3.291 4.645
CodeTalker [56] 4.654 3.211 4.119
FaceDiffuser [44] 5.591 3.477 4.813
DiffPoseTalk [46] 4.531 3.029 4.211
Perceptual 3D Talk [4] 4.472 3.016 4.176
Ours 4.423 2.941 4.107

Multiface [19]

VOCA [10] 25.041 17.329 14.124
FaceFormer [13] 6.897 4.438 5.006
CodeTalker [56] 19.537 13.732 6.674
FaceDiffuser [44] 6.135 4.071 5.870
DiffPoseTalk [46] 6.053 3.429 5.002
Perceptual 3D Talk [4] 5.912 3.376 4.978
Ours 5.768 3.320 4.937

We compare ourmethodwith four methods (VOCA [10], FaceDiffuser [44], FaceFormer [13], CodeTalker
[56]) on VOCASET [10] set and Multiface [19] set. Bold text indicates the best performance in that
metric.

a face mesh through a denoise procedure, which is more suitable for modeling the facial dynamics.
Similarly, on this challenging dataset, DiffPoseTalk and Perceptual 3D Talk demonstrate robust
performance, ranking as the closest competitors to our method. This indicates that their underlying
architectures—a diffusion-based framework and a perceptually oriented model, respectively—are
also effective at handling complex facial dynamics. Our method uses two branches to model the
facial region and the mouth region separately, addressing the issue of previous methods that only
focused on the mouth region to some extent.
Head Motion Generation. The prediction results for head motion are delineated in Table 2. Our

method attains the highest performance. Following closely are two transformer-based approaches:
Autoformer [54] and Informer [66], revealing the substantial potential of transformer models in
sequence prediction tasks. Methods based on LSTM and GRU models [36] have worse performance.
Different from transformers, these methods struggle with single forward step predictions and
require iterative generation. During the prediction process, they can only predict the next value one
by one in the sequence, so they must predict 50 times to get the final results in our experiments,
which introduces a notable amount of errors. Notably, the test results on the RAVDESS dataset
consistently have smaller scores compared to those on the VoxCeleb dataset. This disparity can
be attributed to the VoxCeleb dataset’s increased diversity and complexity in head movements,
presenting greater challenges for learning algorithms.

4.3 Qualitative Evaluation
We use the proposed MGM to generate a talking mesh video while keeping head pose still. Then,
the proposed HMPM and four baselines are employed to generate a head motion sequence. The
generated talking mesh with still heads on VOCASET [7] are illustrated in Figure 4 upper section.
As we can see, ours generate a lip shape closest to the Ground Truth. For example, in the first
row, the mouth opening in the mesh generated by our method and Ground Truth are larger than
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Table 2. The Prediction Accuracy (MSE ×10−3 and MAE ×10−2) of QuaterNet (LSTM) [36],
QuaterNet (GRU) [36], Informer [66], Autoformer [54] and Ours in RAVDESS Dataset [31]

and VoxCeleb Dataset [7]

Dataset Method MSE (↓) MAE (↓) DTW Loss (↓)

RAVDESS [31]

QuaterNet (LSTM) [36] 4.751 5.83 11.325
QuaterNet (GRU) [36] 4.473 5.304 8.572
Informer [66] 3.256 4.554 3.234
Autoformer [54] 3.156 4.416 3.022
Ours 3.097 4.348 1.668

VoxCeleb [7]

QuaterNet (LSTM) [36] 5.012 6.22 12.488
QuaterNet (GRU) [36] 4.713 5.873 9.858
Informer [66] 3.653 4.673 4.851
Autoformer [54] 3.595 4.595 4.535
Ours 3.455 4.507 2.002

Bold text indicates the best performance in that metric.

meshes generated by other methods. Among the other methods, Perceptual 3D Talk [4] introduces
a speech-mesh synchronized representation to meet Temporal Synchronization, Lip Readability,
and Expressiveness criteria. However, its fitting capability remains underutilized. In contrast, our
approach strategically divides the talking head mesh task into two distinct sub-tasks. Each sub-task
is handled by dedicated sub-modules, allowing for the generation of different regions. This division
enables our method to achieve superior results compared to Perceptual 3D Talk.

To visualize facial motion dynamics, we refer to CodeTalker [56] to calculate the temporal
statistics of adjacent frame facial motions within a sequence. A higher mean value indicates stronger
facial movements, while a higher standard deviation suggests a richer variation in facial dynamics.
The results shown in the lower section of Figure 4 demonstrate that our method outperforms others
in achieving both stronger facial movements and a broader range of dynamics.

On the Multiface [19] (Figure 5), overall, our method is generally comparable to other approaches,
particularly FaceDiffuser, with no significant differences. However, our method still slightly outper-
forms others in terms of lip-sync accuracy. In the first row, the mouth is in the process of closing.
Compared to CodeTalker, FaceDiffuser, DiffPoseTalk, and Perceptual 3D Talk, our mouth shape is
closer to being closed. FaceFormer and VOCA generate very small mouth movements, almost static,
which also results in a closed appearance. In the second and third rows, the mouth is opening, and
our results show a wider mouth opening compared to the other methods. As for the facial motion
dynamics, ours perform better than other methods.

The generated talking mesh videos with head natural movement are illustrated in Figure 6.
We uniformly select 10 frames from the Ground Truth and the generated videos using different
methods. To highlight the head motion clearly, we incorporate a heatmap to visualize the differences
of both frames, shown in the last row of Figure 6. Natural facial animation videos are expected to
showcase prominent and fluid head movements. Notably, in the original video, the head is shaking
left and right (indicated by the red box), which is reflected in the boundary area of the face in the
heatmap (highlighted by the black box). Our method similarly manifests smooth and natural head
movements–gradually looking down (as highlighted by the red box), which is reflected in the nose
region in the heatmap (highlighted by the black box).

In contrast, the outputs fromAutoformer [54] and Informer [66] depict a face consistently oriented
toward the camera, with minimal observable motion. QuarterNet (LSTM) [36] and QuarterNet
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Fig. 4. The visualization of the speech-driven head mesh results on the VOCASET [7], (a) VOCA [10], (b)
FaceFormer [13], (c) FaceDiffuser [13], (d) CodeTalker [56], (e) DiffPoseTalk [46], (f) Perceptual 3D Talk [4],
(g) Ours, and (h) Ground Truth. The upper section shows the facial animation based on different parts of
speech, while the lower section displays the temporal statistics (mean and standard deviation) of motion
variations between adjacent frames in a sequence.

(GRU) [36] generate results wherein the head remains static in the same pose, and QuarterNet
(LSTM) [36] occasionally exhibits abrupt changes in head position (indicated by the blue box).
From the final row of Figure 6, significant deviations in facial contour and nose regions are
observed between the heatmaps of the ground truth and our results (notably, darker areas within
the black box in the first row and blurred facial areas within the black box in the second row).
These discrepancies imply pronounced motion in the heads depicted in these videos. Conversely,
alternative methods predominantly manifest heightened values solely within the mouth region,
while exhibiting minimal variation elsewhere. This disparity suggests an inadequate representation
of natural head movements by these methods.

Subsequently, we proceed to analyze the generated sequence. Specifically, we display a sequence
with a length of 250, generated by different methods. To achieve better visual clarity, we added
specific offsets to the values of the sequence generated by different methods, staggering them
to prevent overlap and ensure clear viewing. The sequences from all methods are depicted in

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 22, No. 7, Article 207. Publication date: July 2026.



Speech-Driven 3D Facial Animation with Natural Head Movements 207:13

Fig. 5. The visualization of the speech-driven head mesh results on the Multiface [19], (a) VOCA [10] (b)
FaceFormer [13], (c) CodeTalker [56], (d) FaceDiffuser [44], (e) DiffPoseTalk [46], (f) Perceptual 3D Talk [4],
(g) Ours, and (h) Ground Truth. The upper section shows the facial animation based on different parts of
speech, while the lower section displays the temporal statistics (mean and standard deviation) of motion
variations between adjacent frames in a sequence.

Figure 7. The outcomes from QuaterNet (LSTM) [36] exhibit considerable unsmooth. Except for the
beginning parts, the changes in values are minimal (highlighted by the gray box in the green line).
This tendency may cause the generated facial animation video to exhibit some unnatural jitter
at the beginning, followed by a tendency to become still. The sequence generated by QuaterNet
(GRU) [36] shows very high-frequency fluctuations with large value changes. These drastic value
changes (highlighted by the gray bounding box in the blue line) can result in sudden and rough
rotations of the head in the generated facial animation video. The Autoformer [54] generates a
periodic sequence that appears to repeat the section highlighted by the black box in the red line.
This phenomenon is similar to mode collapse in image generation, where each generated sequence
follows a fixed pattern. The QuaterNet (LSTM) [36] and Informer [66] generate a relatively stable
sequence, with value changes not exceeding 0.02 (highlighted by the gray box in the green and
orange lines). This phenomenon results in the head having minimal movement, making it appear
almost static in the generated facial animation videos. Besides, we can find that as the length of
the generated sequences increases, these methods tend to either produce a sequence that is nearly
a straight line (with minimal value changes) or fall into a fixed pattern; however, ours can still
generate fluctuating sequences (highlighted by the gray box in the yellow lines). This phenomenon
means that our model is stable when generating a long sequence.

Additionally, we conducted a visual comparison of existing talking head methods capable of
generating head movements, and the results are shown in Figure 8. We selected DiffPoseTalk [46]
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Fig. 6. Results of headmovement in facial animation video generated by different methods. (a) Original motion
sequences, (b) Ours, (c) Autoformer [54], (d) Informer [66], (e) QuaterNet (LSTM) [36], and (f) QuaterNet
(GRU) [36]. The last column visualizes the difference between images from the second and fourth columns.
We can observe that the heads in the original video and ours have significant movement, while in most of our
baselines, the heads remain approximately still. Besides, the result of QuaterNet (LSTM) is unstable. The blue
box shows the head suddenly turning to the right and suddenly turning back.

Fig. 7. Visualization of head motion generated by different models.

and SadTalker [64] for comparison, using the same audio clip to generate the results. It can be
observed that SadTalker produces a relatively small range of head motion, whereas our method
and DiffPoseTalk generate more pronounced and natural head movements.
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Fig. 8. Visual results of talking head methods capable of generating head movements, (a) DiffPoseTalk [46]
and (b) SadTalker [64].

Table 3. The Results of the Ablation Study about Two Dual Encoders and
Corresponding Loss !"

Dataset Result F/ !" F/> !"
LVE (↓) OVE (↓) LVE (↓) OVE (↓)

VOCASET [7]
F/> ~<>DCℎ 5.201 3.216 5.141 3.336
F/> ~>Cℎ4A 4.686 3.398 5.136 3.328
All 4.423 2.941 4.527 3.056

Multiface [19]
F/> ~<>DCℎ 6.877 3.658 6.767 3.708
F/> ~>Cℎ4A 5.896 3.796 6.763 3.711
All 5.768 3.320 6.247 3.431

Bold text indicates the best performance in that metric.

4.4 Ablation Study
Mesh Generative Model with Dual Encoders. For our mesh generative model, we introduce dual
encoders along with corresponding loss functions to specifically target the generation of different
mesh regions (~<>DCℎ and ~>Cℎ4A ). Here, we conduct ablation studies about the dual encoders and
the mouth loss !" on VOCASET and Multiface. We report LVE and OVE for three variants: adding
both ~<>DCℎ and ~>Cℎ4A , only adding ~>Cℎ4A (F/> ~<>DCℎ), and only adding ~<>DCℎ (F/> ~>Cℎ4A ).

The results are shown in Table 3. When the model is trained with !" , the mesh F/> ~<>DCℎ

has a relatively lower OVE and a relatively higher LVE. When the model is trainedF/> !" , the
two evaluations of two meshes (F/> ~<>DCℎ andF/> ~>Cℎ4A ) are very close. This demonstrates that
!" makes Encoder1 focus on generating vertices in the lip region, while Encoder2 focuses on
generating vertices in other areas to complement Encoder1. Besides, the LVE and OVE of the mesh
0;; (adding both ~<>DCℎ and ~>Cℎ4A ) generated by the model trained using !" is better than the mesh
0;; generated by the model trained without !" . It means that !" helps the model to generate more
accurate meshes.

For the results on the two datasets, we can see that the values on Multiface are generally higher
than those on VOCASET. This is because the meshes in Multiface are far more complex than those
in VOCASET, with more intricate facial dynamics, making the model harder to fit. Additionally, on
the Multiface dataset, the difference between the model trained without !" and with !" is larger
than that on VOCASET. This indicates the effectiveness of the strategy of separately generating the
mouth region and the face region on complex datasets.
Neural ODEs. We conduct the ablation studies on the Neural ODE of HMPM. The length of the

initial head motion state and the Ground Truth sequence is different. The neural ODE not only
plays an important role in modeling continuous dynamic sequence but also makes the length of
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Table 4. The Results of Ablation Study about Neural ODE on RAVDESS Set and
VoxCeleb Set

Dataset Neural ODE MSE (↓) MAE (↓) DTW Loss (↓)

RAVDESS [31] F/> neural ODE 3.247 4.571 3.121
F/ neural ODE 3.097 4.348 1.668

VoxCeleb [7] F/> neural ODE 3.617 4.681 4.637
F/ neural ODE 3.455 4.507 2.002

Bold text indicates the best performance in that metric.

Fig. 9. Ground Truth and the prediction results of the model with neural ODE module (F/ neural ODE) and
without neural ODE module (F/> neural ODE).

the dynamic sequence equal to the output sequence through using a time sequence C has the same
length as the output sequence. If we directly remove the neural ODE, the predicted head motion
sequence will not match the Ground Truth. Therefore, we follow Informer [66] and Autoformer [54]
to add a zero-valued sequence after the initial head motion state to make the length of the padded
sequence equal to the Ground Truth. Table 4 shows the prediction accuracy and change tendency
similarity decreased when removing neural ODE, which undoubtedly demonstrates modeling a
continuous dynamic sequence can help to improve performance. The prediction results of the
HMPMF/ neural ODE module andF/> neural ODE module are shown in Figure 9. We observe
that the results of the modelF/ neural ODE are more similar to the Ground Truth. The sequence
generated by the modelF/> neural ODE has several areas that lack smoothness (as highlighted
by the gray boxes), which demonstrates the ability of neural ODE in modeling the continuous
dynamic sequence.

4.5 User Study
We conduct user studies on talking mesh generation (keeping head static) and head motion gener-
ation. Most of the participants are engaged in the research areas relevant to image generation and
talking head. For the comparison of talking mesh generation with head keeping static, we provided
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Table 5. The User Study on Talking Mesh Generation (Keeping Head Static)

Dataset Method Lip-Sync (↑) Upper Facial Dynamics (↑)

VOCASET [7]

VOCA [10] 3.35 3.40
FaceFormer [13] 3.50 4.15
CodeTalker [56] 4.10 4.35
FaceDiffuser [44] 3.75 4.20
Ours 4.55 4.45

Multiface [19]

VOCA [10] 3.30 3.35
FaceFormer [13] 3.50 4.05
CodeTalker [56] 4.05 4.20
FaceDiffuser [44] 4.25 4.40
Ours 4.30 4.45

Bold text indicates the best performance in that metric.

Table 6. The User Study on Head Motion Generation

Whether Head Movement Is Natural

VoxCeleb [7] (↑) RAVDESS [31] (↑)
QuaterNet (GRU) [36] 1.25 1.20
QuaterNet (LSTM) [36] 1.30 1.20
Informer [66] 1.80 1.95
Autoformer [54] 1.90 2.10
Ours (F/ noise) 3.55 4.05
Ours (F/> noise) 3.60 4.15

Bold text indicates the best performance in that metric.

results from our method, four compared methods, and Ground Truth were given to participants. All
participants were instructed to rate (0–5) according to two criteria: whether the lip is synchronous
with audio (lip sync) and whether the upper facial dynamics of the generated meshes is consistent
with the Ground Truth (upper facial dynamics). The average scores of 20 participants are shown
in Table 5. Ours perform better in both lip sync and upper facial dynamics than other methods.
According to participant feedback, our method has a greater advantage over other methods on the
VOCASET. Although there is no significant advantage on the Multiface dataset, our method is still
slightly better than the others. The Multiface dataset has much richer Ground Truth facial motions
compared to the VOCASET. In this context, our method is relatively closer to FaceDiffuser and the
Ground Truth. However, all methods struggle to generate blinking actions accurately.

For the user study on head motion generation, we divide them into two groups: one is generated
without noise disturbance (F/> noise) and the other is generated with noise (F/ noise). All partici-
pants were asked to score according to a standard: whether the head motion is natural (Natural).
The average scores of 20 participants on two dataset are shown in Table 6. Our score is greatly
higher than other methods over all cases. When adding noise disturbance, the score decreases
slightly but is still higher than other methods.
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Fig. 10. By adding noise distribution generated by "# , "% is capable of generating diverse head motion
sequences, allowing for the control of various movements in the head of a facial animation video. Each row
corresponds to a different motion sequence.

Table 7. Quantitative Analysis about Diverse Head
Motion Generation

Dataset Noise DTW Loss (↑)

RAVDESS [31] F/> noise 1.668
F/noise 9.389

VoxCeleb [7] F/> noise 2.002
F/ noise 11.2673

4.6 Diverse Head Motion Generation
We also do a diverse head motion generation evaluation. In this experiment, we generate different
head motions using the same initial head motion state (8 ∈ '1×3 and input audio. The visualization
results are shown in Figure 10. As we can see, we generate facial animations with different head
movements. We also do some quantitative analysis about diverse head motion generation. The
DTW loss between the generated head motion sequence is used to evaluate diversity. We generate
a head motion sequence without noise (F/> noise) and 10 head motion sequences with noise (F/
noise) and then, respectively, calculate DTW losses between them and a head motion sequence
extracted from the 2D dataset. All results are shown in Table 7, as we can see, the loss of the
sequence without noise is relatively lower which demonstrates that the head motion sequence
without noise is similar to the head motion sequence extracted from 2D dataset. When adding
noise, the value of DTW loss increases which means that adding noise can generate head motions
with different change tendencies. In the user study part (shown in Table 6), we can see that the
head motion is still relatively natural when adding noise.

To summarize, our NDM can help generate diverse head motion sequences while keeping head
motion natural.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 22, No. 7, Article 207. Publication date: July 2026.



Speech-Driven 3D Facial Animation with Natural Head Movements 207:19

4.7 Limitation and Future Work
While our method achieves accurate lip synchronization, precise vertex positioning, and realistic
head motion, generating videos that incorporate emotional variations and subtle facial dynamics
(e.g., blinking) remains challenging, limiting overall naturalness. This difficulty stems from the
scarcity of emotional talking mesh datasets and the inherently lower expressiveness of 3D meshes
compared to 2D images that capture texture-based emotional cues. The absence of fine-grained
motions like blinking is partly due to insufficient control mechanisms; some approaches address
this via personalized style vectors or one-hot action control in image-based models [57, 64]. Fur-
thermore, our method is primarily designed for natural speech scenarios, and handling exaggerated
expressions, rapid head turns, or highly emotional speech remains difficult due to model capacity
and training data coverage. The fixed-step Euler discretization in our Neural ODE module, while
stable for typical motions, may face numerical challenges with very high–frequency movements.

Additionally, although our model captures rhythmic and statistical patterns of head motion, it
does not explicitly model high-level semantic correlations (e.g., nodding for emphasis). Movements
are driven mainly by acoustic–prosodic features and personal style, potentially inheriting some
implicit semantic associations from the training data but lacking explicit control. This points to an
important future direction for achieving more contextually appropriate animations.

In future work, we plan to incorporate richer control information and develop stochastic processes
to model subtle facial movements (e.g., blinking). We aim to enhance model capacity for extreme
expressions and rapid motions by exploring adaptive numerical solvers and more expressive
architectures. Moreover, we intend to integrate multimodal inputs (e.g., text transcripts and semantic
labels) to enable explicit semantic control over head and facial movements, thereby improving
contextual appropriateness and expressiveness. Extending our framework with larger and more
diverse datasets to support a wider range of speech scenarios is another promising direction.

4.8 Conclusion
In this article, we introduce a speech-driven facial animation method that produces natural and
consistent head movements while ensuring accurate audio and lip synchronization. Our approach
includes an MGM and an HMPM. Compared to earlier speech-driven facial animation methods,
our MGM, which incorporates a cascaded mesh generation module, delivers improved results in
upper facial dynamics and lip synchronization. Even with datasets that feature complex meshes
and intricate facial dynamics, our model performs exceptionally well. Additionally, by using neural
ODEs instead of traditional sequence models, our HMPM achieves both accurate predictions and
realistic head movements during speech.
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