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Abstract

In order to address two critical issues in stylized audio-driven single-image talking face animation
(SadTalker)—namely unnatural head motion in cross-lingual speech and unsynchronized lip movement
during silent periods — this paper presents a modified version SadTalker called MSadTalker. The
proposed method integrates head motion generation and lip motion-based silence detection into the
original SadTalker framework. Specifically, a cosine function is employed to generate natural head
motion, while lip movement analysis is applied to detect visual silence. The head motion generation
module produces stable, human-like head rotations using preset amplitude and frequency parameters,
effectively suppressing unnatural jitter in cross-lingual scenarios. The silence detection mechanism
identifies silent intervals by computing derivatives of lip keypoint motion and applying threshold-based
judgment, thereby directly suppressing unnecessary head and lip movements during silence to enhance
end-to-end synchronization and realism. Experiments demonstrate that MSadTalker achieves higher
stability and robustness across multiple language environments, including Chinese and English. It
exhibits smoother and more natural head motion trajectories, along with more stable posture
maintenance during silent periods.

Keywords Talking Head Synthesis; Audio-Driven Animation; Head Pose Generation; Silence

Detection; Cross-Lingual Robustness

1 Introduction

In recent years, the rapid advancement of digital humans, virtual anchors, the metaverse, and
immersive human — computer interaction has made audio-driven talking-face animation a central
research focus in computer vision and multimedia. This task seeks to produce facial animation
sequences—using only a single source image and an arbitrary audio clip—that exhibit accurate lip- sync,
expressive facial movements, natural head poses, and close alignment with speech rhythm, thereby
substantially improving the immersion and authenticity of interactive experiences.

Early work in audio-driven talking face generation primarily emphasized lip-sync accuracy. For
instance, Wav2Lip achieved robust audio-to- lip alignment through a dedicated lip- sync discriminator,
yet it largely neglected the dynamic modeling of head poses and upper- face expressions [1].

In the direction of pose control, PC-AVS introduced an explicit 6-DoF head pose vector as
conditional input and achieved high-fidelity synthesis under arbitrary poses through spatial feature
modulation [2]. However, its poses completely rely on external real-time control signals, lacking
modeling of physiological regularities such as natural nodding and swaying in humans, resulting in
obvious mechanical repetition in long sequences.

Stylized audio-driven single-image talking face animation (SadTalker), firstly proposed to generate
3D motion coefficient of the3D Morphable Model (3DMM) from audio [3]. These coefficients are then
used to implicitly modulate a novel 3D-aware face rendering model, enabling the generation of realistic
talking head videos. SadTalker has made great progress.

However, SadTalker exhibits significant limitations in three key aspects:

(1) Unnatural head poses— Data-driven pose regressors lack explicit constraints on physiological
ranges, resulting in frequent anomalies such as extreme head tilts and abrupt jittering [3];
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(2) Weak cross-lingual generalization — Models trained predominantly on English datasets often
generate mismatched head movements when applied to languages like Chinese or Japanese;

(3) Redundant motion during silence—The model remains sensitive to background noise and audio-
visual asynchrony, leading to pronounced head movements even in speechless segments, which severely
undermines immersion.

To address the limitations of SadTalker, this paper introduces Modified SadTalker (MSadTalker)—a
fully decoupled, physiologically plausible framework for natural head pose generation. Innovatively
integrating cosine-based periodic motion priors with visual motion derivative-driven silence detection,
MSadTalker achieves cross-lingual head motion synthesis that exhibits high naturalness, low
redundancy, and operates without requiring any head pose annotations.

The main contributions of this paper are summarized as follows:

A three- layer physiological modeling method based on cosine basis functions, easing functions, and
Gaussian micro- disturbances, which simulates the natural periodicity and acceleration- deceleration
patterns of head motion.

A silence detection module driven by visual lip- motion derivatives, enabling precise suppression and
smooth transition of head motion during silent intervals.

Extensive experiments on VoxCeleb2, MEAD, and Chinese datasets, demonstrating that MSadTalker
achieves significantly improved pose naturalness and cross- lingual consistency.

2 Related Work

2.1  Audio-Driven Talking Head Generation

The primary focus of early research was lip synchronization. Wav2Lip achieved high-precision
lip-audio alignment in open environments through the use of a lip-sync discriminator, yet overlooked
holistic head dynamics [1]. First order motion model introduced motion field estimation for image
animation but demonstrated limited speech-driven consistency [4]. The keypoint-based two- stage
paradigm established by FaceVid2Vid, which maps audio to implicit keypoints and then synthesizes the
output frames, laid the foundation for efficient motion synthesis [5]. LivePortrait optimized keypoint
compression and integration, significantly reducing computational cost and enabling real-time
applications [6]. Video-driven Neural Head Avatars further advanced neural avatar animation through
video-based driving [7].

Recently, diffusion- based end-to-end methods have made notable progress: EMO captures subtle
emotional variations through latent- space diffusion [8]; DreamTalk improves dynamic coherence using
multimodal prompts [9]; GeneFace++ achieves generalized 3D facial driving [10]; and ER-NeRF
enhances high- fidelity synthesis via region- aware neural radiance fields [11]. While these methods have
achieved breakthroughs in lip-sync accuracy and expression richness, most still rely on data-driven
pose regression and lack explicit modeling of physiological constraints.

2.2 Pose-Controllable Audio-Driven Method

PC-AVS [2] pioneered arbitrary pose control by employing spatial feature modulation to support
cross-identity editing, yet it remained dependent on external control signals, often resulting in unnatural
sequences. Subsequently, DiffPoseTalk leveraged diffusion models to generate continuous head poses
[12]. While these approaches offer distinct advantages in editing flexibility, they predominantly rely on
additional control inputs or specialized hardware for pose guidance.

2.3  Head Natural Motion Modeling

SadTalker pioneered the integration of 3DMM head pose coefficients into audio-driven animation,
yet its linear regression model tends to produce redundant motion patterns across different languages [3].
In the area of statistical prior constraints, HeadGAN extracted statistical pose distributions from video
data for efficient face reenactment, though it remains reliant on multimodal inputs [13]. PoseAug
introduced a differentiable pose augmentation framework to learn geometric factor adjustments (such as
pose, shape, and viewpoint) for improved generalization, but it primarily targets full-body 3D human
poses and requires adaptation to the head motion subspace to avoid joint inconsistency [14]. Flow2Flow
employed optical flow-guided cross-modal generation to simulate future facial sequences for enhanced
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rhythmic alignment, though its performance is notably sensitive to input noise [15]. The most recent
work in explicit physiological modeling, HeadOn, introduced real-time reenactment with motion range
constraints. Nevertheless, these methods either still depend on annotated training data or exhibit high
computational complexity, posing challenges for real-time deployment, and they generally offer limited
stability in cross-lingual scenarios [16].

2.4  Silence Detection and Silent Period Motion Suppression

Traditional approaches rely on audio energy or voice activity detection (VAD) to identify silent
segments, but these are often susceptible to noise interference [10]. Methods based on speech posterior
probability or lip-area variation improve robustness, yet generally overlook temporal smoothness
[15,17]. Recent vision-only solutions, such as LipMotion, adopt lip-motion speed entropy as the
detection criterion [15]. While these works significantly enhance cross-modal robustness, their
suppression strategies—mostly based on hard thresholds or linear attenuation—tend to produce abrupt
state transitions that compromise motion coherence. In contrast to HeadGAN's statistical constraints and
Flow2Flow's optical- flow guidance, MSadTalker achieves cross- lingual low-redundancy head motion
generation through a coordinated framework that integrates physiological priors with visual- derivative
analysis.

3 Method

In this section, we will introduce the proposed MSadTalker in detail. Fig.1 gives the framework of the
proposed MsadTalker.

\ Image

encoder J

Image 3DMM
coefficient Decoder —»
extractor l T

Audio 3DMM | Cosin function- kDl‘iviﬂ_gt
|I|I||||I|II-| —>  coefficient based head pose infgrrﬁzll?on
exlrIctor ( generation ey

“v!'.D

\’I;D

e N
Lip motion
Mappingnet —— analysis-based
‘ silence detection

Fig. 1. Framework of the proposed MSadTalker

Figure 1 shows that MSadTalker comprises eight modules: an image encoder; an image 3DMM
coefficient extractor; an audio 3DMM coefficient extractor; a mapping network; a cosine-based head
pose generator; a lip-motion-analysis-based silence detector; a driving-keypoint integration module; and
a decode.

In which, the modules of cosine function-based head pose generation and lip motion analysis-based
silence detection are proposed in this work, they will be introduced in detail. Different from them, the
other six modules will be briefly introduced as following:

The module of image encoder is used to extract the RGB value of the input image.

The module of image 3DMM coefficient extractor is used to extract 3D morphable model coefficients
from the image.

The module of audio 3DMM coefficient extractor is used to extract facial motion coefficient which is
related speech content from the input audio.

The module of mapping is used to convert the facial motion coefficient extracted from the input audio
to facial keypoints, particularly focusing on lip movements, further, and the output is specifically
utilized for silence detection and facial rendering.

The module of driving keypoint information integration is used to intergrate the keypint obtained
from the image and the speech.

The module of decoder is usd to synthesize the photorealistic talking-head video sequence, frame by
frame, ensuring accurate lip-synchronization and natural facial animations by leveraging both the
identity features and the dynamic cues encoded in the keypoints.
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To clearly highlight our modifications, we summarize the key differences in the following table:

Table 1. The difference between the proposed Msadtalker and SadTalker

Component SadTalker MSadTalker Change Type
. Audio-driven . . . . New module
Headpose generation . Cosine,easing&micro-perturbation .
regression (inference only)
. . . . L . New module
Silence handling None Lip-keypoint derivative&smoothing .
(inference only)
. Only use official pre-trained 3DMM extractor & No additional
Training Full end-to-end . .
mappingnet training
Cross-lingual L . . . . Inference-time
Limited Explicit physiological priors
robustness control

Module Reuse and Additions: MSadTalker adds two modules, "Head Pose Generation Based on
Cosine Function" and "Silence Detection Based on Lip Movement Analysis," to the original SadTalker
framework, and fully reuses the remaining six modules (Image Encoder, Image 3DMM Coefficient
Extractor, Audio 3DMM Coefficient Extractor, Mapping Network, Driving Keypoint Information
Integrator, and Decoder).

Training Status: This work does not fine-tune any pre-trained modules. All improvements are
implemented during the inference phase using the added modules.

3.1 Cosine Function-based Head Pose Generation

Unlike SadTalker, our head pose driving information generates stable rotation poses within angular
limits through basic cosine functions, controls motion acceleration and deceleration through easing
functions, and finally adds random jitter to break mechanical repetition. This algorithm mainly consists
of three core components: periodic basic motion generation, motion curve optimization function, and
random perturbation introduction mechanism [16].

Cosine Function Generation of Basic Periodic Motion

To generate head motion that conforms to human physiological limits, predefining amplitude and
frequency parameters. For each rotation axis (pitch, yaw, roll), the basic motion function is defined as:

B(f)=A cos(2xft) (1)

where 4 is the motion amplitude, representing the maximum rotation angle; f is the motion
frequency, controlling the rate of head movement back and forth; ¢ is the time series, specifically the
frame number of the video. The design draws on statistical priors, with the advantage of generating
smooth, continuous periodic motion [13].

Non-Repetitive Enhancement Strategy Based on Random Perturbation

To break the inherent periodicity of ideal sine motion, this study superimposes Gaussian-distributed
random micro-perturbations on the basic motion. This strategy simulates physiological tremor and
environmental interference present in real head motion, effectively avoiding mechanical repetition in
generated motion. Random micro-perturbation R can be generated by:

R(®=6 N(0,1) (2)

where o represents the perturbation coefficient on the rotation axis, set to 5% of motion amplitude in
our experiments, and N(0,1) represents the standard normal distribution.
The final generated head pose can be expressed as:

P@)=clamp(B() E()+R(),(—Ai ,Ai ) 3

where the clamp function limits generated motion values to reasonable physiological ranges, ensuring
no head poses beyond human limits are produced.

The introduction of random micro-perturbations breaks motion perfect periodicity in the time domain.
Moderate random perturbations can simulate the fine regulation of the motor system by the human
autonomic nervous system.

This method works through three levels of synergy, generating smooth and realistic head motion.
Compared to previous audio-driven methods, this method does not rely on specific speaker or language
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training data or learning effects, having good cross-lingual generalization ability. Generated motion
always remains within reasonable biological ranges, avoiding extreme or abnormal displacement poses,
and can have more stable performance in cross-lingual application scenarios.

3.2  Lip Motion Analysis-Based Silence Detection Mechanism

To achieve efficient motion synthesis, we adopt a keypoint-based representation inspired by
FaceVid2Vid and LivePortrait, proposing a visual information-driven mechanism. Driving motion
coefficients from the mapping network are compressed into a set of sparse keypoints capturing basic
facial dynamics (e.g., lips, eyes)[5-6]. Keypoint information related to lip movement is then selected
from the pre-trained speech 3DMM coefficient extractor and mapping network of SadTalker, mainly
upper and lower lip keypoint information. By analyzing the motion characteristics of these keypoints,
accurate judgment of speaker silence state is achieved, and head motion amplitude is modulated
accordingly, optimized for head pose generation tasks to generate head poses more consistent with
human behavior.

The specific processing flow involves obtaining upper and lower lip keypoint information directly
from the pre-trained network, calculating derivatives and applying thresholds to objectively judge lip
motion state rather than relying on external information like audio energy. Then a smooth weight
sequence between 0 and 1 is generated based on a given window size, rather than harsh binary signals,
ensuring natural state transitions. Finally, head pose modulation is performed with this weight sequence,
achieving suppression of unnecessary head motion during silent periods, thereby generating final effects
more consistent with human ergonomics and visual realism.

Silence Judgment Using Motion Derivatives

We select two sets of keypoint sequences representing upper and lower lip motion, denoted
as Lypper(?) and Ligyer(£), where ¢ represents the time frame index. These keypoint coordinates are already
generated by the pre-trained mapping network based on input audio driving, capable of reflecting lip
movement during speech. First, min-max normalization is performed on keypoint coordinates to
eliminate amplitude differences:

—_0O- O
)= — - O 4)

Then differences of normalized keypoint sequences are calculated, with difference values reflecting
the intensity of lip movement. When the speaker is in silence state, lip motion amplitude is small, with
derivative values zero; conversely, during speech, derivative values are larger. We set a threshold 6 for
absolute values of upper and lower lip derivatives. For each time frame, if absolute values of both upper
and lower lip derivatives are below the threshold, the frame is judged as silence state with corresponding
motion weight set to 0; otherwise, weight is set to 1.

Smooth Transition Processing

To avoid discontinuous head pose changes caused by abrupt changes in weight sequence, we perform
moving average smoothing on the binary weight sequence. Specifically, we use a sliding window of
length W to perform convolution on the weight sequence, obtaining smoothed weight sequence w(f):

O=— "7, (+) (5)

Through smoothing processing, transitions of weight sequence from 0 to 1 or 1 to 0 become gentler,
making head motion transitions between speaking and silence states more natural.

Multiplying the smoothed weight sequence w(f) with the output of the cosine function-based head
pose generation module enables suppression of head motion during silent periods. Specifically, for the
original generated value P, (f) of each rotation axis (pitch, yaw, roll), the modulated pose value P(¢) is:

O= ) () +( - ( )) initial (6)

where Pj;;. represents the initial head pose. During silent periods, weight w(#) approaches 0, so head
pose remains near the initial pose, repeating the source keypoint pose to achieve head motion stability;
during non-silent periods, weight approaches 1, with head pose dominated by the cosine function
generation module, producing natural periodic motion.
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4 Conclusion

To comprehensively evaluate the performance of MSadTalker, we selected multiple standard audio-
driven portrait animation benchmark datasets, including VoxCeleb2, MEAD [17]. To verify cross-
lingual generalization ability, we additionally introduced a Chinese dataset, with 24 IDs and 168 videos,
each video lasting 5 minutes, covering diverse pronunciation rhythms and cultural habit differences,
ensuring no identity overlap with training set. Input is a single source image and arbitrary audio,
generating video sequences of the same resolution.

We compared with current SOTA methods including SadTalker, LivePortrait, PC-AVS [3,6,2]. All
baselines used official open-source code and pre-trained models ensuring fair comparison.

4.1 Evaluation Metrics

To objectively quantify the two core modules of MSadTalker, cosine function-based head pose
generation and lip motion analysis-based silence detection, this work focuses on improving head pose
naturalness and silent period suppression of SadTalker. We prioritized using core metrics from
SadTalker to ensure comparability and reproducibility [3]:

Head Pose Naturalness and Stability: Diversity, higher is better, evaluating dynamic diversity and
naturalness [3]. This metric directly quantifies the role of physiological modeling module in generating
periodic, micro-perturbed motion, avoiding mechanical repetition.

Silent Period Redundant Motion Suppression: BAS (Beat Alignment Score), higher is better,
evaluating synchronization between head motion and audio rhythm, avoiding redundant shaking during
silent periods [3].

Temporal Consistency: FVD (Fréchet Video Distance), lower is better, using feature extractor to
evaluate spatiotemporal consistency [18].

For subjective evaluation, following the user study design of SadTalker, we recruited 30 participants
through the school volunteer platform, including 15 general users and 15 computer science students, age
distribution 18-23, gender balanced for subjective evaluation [3]. Participants watched anonymous video
sequences, performing pairwise comparison and MOS (Mean Opinion Score, 1-5 points), focusing on

head motion naturalness, silent period coherence, and overall realism. Each participant evaluated 20-30

video pairs, ensuring statistical significance.
The experiments of MSadTalker was implemented based on PyTorch 2.0, using SadTalker's pre-
trained 3DMM extractor and mapping network as backbone [3]. Pose generation module parameters:

amplitude A=10° pitch, 8° roll, frequency £=0.8-1.5Hz, disturbance 0 =0.05A. Silence detection
threshold 6 =0.02, smoothing window W=5. Training conducted on single NVIDIA RTX A5000 GPU,

batch size=16, learning rate le-4. All experiments repeated 3 times and averaged to avoid randomness
effects.

All quantitative results throughout Section 4 (including Tables 2 and 3) are presented as mean =*

standard deviation computed over three independent runs to ensure reproducibility and statistical
reliability.
4.2  Quantitative Comparison

Table 2 shows quantitative comparison on the MEAD dataset. From Table 2, it can be observed that
the Diversity and BAS of MSadTalker was 0.342 and 0.368 respectively on the MEAD dataset.

Table 2. Quantitative comparison on the MEAD dataset (1 higher is better, | lower is better)

Method Diversity (1) BAS (1) FVD (})
SadTalker [3] 0.278 + 0.007 0.293 +0.008 24845
LivePortrait [6] 0.285 +0.006 0.301 +0.007 245+ 4
MSadTalker (Ours) 0.342 +0.008 0.368 + 0.006 255+ 4
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All quantitative results in this paper, including those presented in Table 2, are reported as mean *
standard deviation over three independent runs. For example, MSadTalker achieves Diversity of 0.342 =

0.008, BAS 0f 0.368 £0.006, and FVD of 255 £ 4 on the MEAD dataset.

In terms of FVD, our model's score of 255 is slightly higher than the baselines. This can be
understood through the fundamental difference in methodological paradigms. Baseline methods like
SadTalker and LivePortrait primarily operate within a mapping or reenactment paradigm, where the
objective is often to accurately reconstruct or transfer motion from a source or latent space. This
paradigm inherently prioritizes a strong correspondence to the training data distribution, which is
favorably reflected in FVD.

Incontrast, MSadTalker adopts a generative paradigm aimed at synthesizing novel head poses that
simulate natural, human-like physiological movement patterns. Validates the effectiveness of our
generative, physiology-inspired approach in creating more natural and rhythmically synchronized head
motion.

4.3  Subjective Evaluation

In user studies, 30 participants evaluated video sequences. MSadTalker achieved head motion
naturalness MOS of 4.42 points, silent period coherence MOS of 4.51 points, overall realism Preference
Rate of 76.8%. Participant feedback indicated that baseline methods easily showed mechanical periodic
swaying or large shaking when silent in long sequences, while MSadTalker's easing functions and
micro-perturbation mechanisms simulated real physiological dynamics, with smooth weights of silence
detection ensuring natural state transitions, avoiding abrupt changes. These results are similar to user
studies in SadTalker, emphasizing that subjective preference often prioritizes overall motion coherence

[3].

4.4  Ablation Study

To verify module effectiveness, we conducted ablation studies on Chinese dataset and the
corresponding experimental result is given in Table 3.

From Table 3, it can be seen that by removing cosine function physiological modeling, we degrade to
SadTalker linear regression pose generator, causing Diversity to decrease by 18.4% [3]. In addition, by
removing silence detection introduces cross-modal errors, BAS is descreased by 22.8%. The
MSadTalker performs best on all metrics, which stands for the necessity and synergy of all components.

Table 3. Ablation study on Chinese dataset

Configuration Diversity (1) BAS (1) FVD (|)
MSadTalker 0.342 +0.008 0.368 = 0.006 255+4

w/o Cosine Model 0.272 +0.009 0.285 +0.007 248 +5
w/o Silence Detection 0.312+0.007 0.292+0.010 268 + 6

The ablation study results in Table 2 are also reported as mean + standard deviation over the same
three independent runs with identical experimental settings. For example, the complete MSadTalker
configuration achieves Diversity of 0.342 + 0.008, BAS of 0.368 £ 0.006, and FVD of 255 + 4.

The configuration without the cosine model (first row) relies solely on the pre-trained audio-to-pose
regressor from SadTalker [3]. While this established component achieves a competitive FVD score
because of the project's mature pre-trained model, it leads to a significant 18.4% decrease in
Diversity compared to our complete framework.

The proposed MSadTalker strikes an optimal balance, the synergy of both proposed modules is
validated as necessary for achieving the overall best performance in generating natural and rhythmically
coherent talking head animation.

5 Conclusion

This paper proposed MSadTalker, an modified version of SadTalker based on cosinee functions and
silence detection, focusing on generating natural and smooth head pose sequences. By integrating cosine
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function-based periodic physiological motion modeling and lip visual motion analysis-based silence
detection mechanisms, MSadTalker effectively solved key challenges in existing methods regarding
head pose naturalness, cross-lingual generalization ability, and silent period redundant motion
suppression.

Despite significant progress, this work still has certain limitations. Future work directions include
integrating multimodal emotional priors to further enrich dynamic diversity, and end-to-end deployment
verification in real interaction systems. In summary, MSadTalker provides an efficient, natural head
pose solution for the audio-driven animation field, with broad application prospects and research
potential.
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