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A. Experiment Detail

A.1. Implementation.

During the training process, we resize all images and videos
to 640 x 640. To optimize the framework, we use the
AdamW optimizer with a learning rate of 1 x 107°. The
Identity encoder [4] and VAE [7] are kept fixed, with their
weights initialized from Stable Video Diffusion [1]. During
training, we randomly select the gate states in the parallel-
control mamba layer and manually set them during infer-
ence to enable flexible control.

A.2. Metrics

In this work, we evaluate our method and compare it with

other approaches using comprehensive quantitative metrics.

Our evaluation framework consists of three main categories:

(1) audio-visual synchronization, (2) visual quality assess-

ment, and (3) facial motion accuracy. Additionally, we as-

sess temporal smoothness and identity preservation through
specialized measures.

Audio-Visual Synchronization. We employ Sync-C (syn-

chronization confidence) and Synec-D (synchronization dis-

tance) metrics from wav2lip[10] using a pretrained Sync-

Net [2]. Sync-C measures the confidence level of lip-audio

alignment through classifier outputs, where higher values

indicate better synchronization. Sync-D calculates the L2
distance between audio and visual features, with lower val-
ues representing superior alignment.

Visual Quality Assessment. We utilize four complemen-

tary metrics:

* PSNR: Peak Signal-to-Noise Ratio quantifies pixel-level
fidelity through a logarithmic decibel scale, where higher
values reflect better reconstruction accuracy.

e SSIM [14]: Structural Similarity Index measures struc-
tural information preservation between generated and ref-
erence frames, ranging from O to 1, with higher values

indicating better quality.
» LPIPS [17]: Learned Perceptual Image Patch Similarity
evaluates perceptual differences using VGG [12] features:
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* Fréchet Inception Distance (FID) [5]: Measures feature
distribution similarity between generated and real images
using Inception-v3 features, with lower scores indicating
better perceptual quality.

* Fréchet Video Distance (FVD) [13]: Assesses temporal
coherence through pretrained network features:
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Facial Motion Accuracy. For expression and pose evalua-

tion:

* Landmark Mean Distance (LMD): Computes the aver-
age L2 distance between facial landmarks [8] of gener-
ated and reference frames, with lower values indicating
better geometric accuracy.

» Pose Distance: Measures head pose discrepancies us-
ing EMOCA [3]-derived parameters through the mean L1
distance between generated and driving frames.

* Expression Similarity: Calculates the cosine similarity
of expression parameters from EMOCA [3], with higher
values indicating better emotional consistency.

Identity Similarity. We employ ArcFace [4] scores to mea-

sure identity similarity between generated frames and refer-

ence images through deep face recognition features, where
higher scores indicate better identity preservation.

Temporal Smoothness. We evaluate motion temporal

smoothness by computing the optical flow consistency us-

ing VBench metrics [6], where lower variance in motion
vectors indicates smoother transitions.
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A.3. Mask Design
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Figure 1. The type of masks we used in our framework.

In our framework, we utilize masks to indicate the con-
trol regions of each signal. Three types of masks are used in
our framework. As illustrated in Figure 1, the face mask is
used to indicate the rough position of the face in the source
image. During training, we use RetinaFace [11] to calcu-
late the bounding box for all frames in the ground truth seg-
ments and obtain the smallest enclosing rectangle of these
bounding boxes. We then draw the face mask based on
that rectangle to indicate the facial location in the desired
video. Similarly, the audio mask is obtained by detecting
the mouth bounding boxes, and the motion mask is gener-
ated by using the face mask to minimize the audio mask.
During the inference stage, we detect the bounding box of
the source image and apply the appropriate extension.

B. Visualization

B.1. Face reenacment

Figure 2 demonstrates that our approach achieves enhanced
precision in replicating portrait motions that align closely
with the driving video’s dynamics. For self-reenactment,
the results generated by our framework better preserve intri-
cate facial behaviors, particularly in eye movement patterns,
ocular orientation, and lip articulation accuracy.

As illustrated in the third, fifth, and sixth rows of Fig-
ure 2, our method can achieve tracking of the overall rota-
tion of the head, which cannot be achieved by previous top-
performing warping-based methods, such as LivePortrait.

While previous diffusion-based methods demonstrate
notable advantages in output fidelity, their reliance on fa-
cial keypoint tracking introduces limitations. As shown in
the third and fifth rows of Figure 2, discrepancies in fa-
cial geometry between source and target identities, com-
bined with the inherent limitations of keypoint represen-
tations in capturing detailed facial expressions, make pre-
vious state-of-the-art methods (e.g., AniPortrait [15], Fol-
low Your Emoji [9])less effective than our method in recon-
structing facial contours, gaze direction, and lip synchro-
nization accuracy. These keypoint-dependent methodolo-
gies remain susceptible to interference from driving video
subjects’ facial geometries, resulting in incomplete motion-

identity separation. These methods face challenges in iden-
tity preservation due to changes in facial geometry result-
ing from misalignment of key points. Our framework over-
comes these limitations through a parallel-control mamba
layer (PCM), with an improved separation of facial iden-
tity characteristics from motion parameters, as evidenced in
Figure 2. This enhanced decoupling enables superior iden-
tity retention while capturing nuanced facial dynamics. Al-
though X-Portrait [16] utilizes a non-explicit keypoint con-
trol method, it does not completely decouple motion and
appearance information. This limitation results in notice-
able flaws in the generated results, particularly evident in
the fourth and fifth lines of Figure 2.

Moreover, frameworks built upon Stable Diffusion’s im-
age generation architecture typically under-perform our
method in temporal coherence metrics. By integrating
the stable video diffusion model with our framework, we
achieve significant improvements in three critical aspects:
identity consistency preservation, visual quality optimiza-
tion, and micro-expression reproduction. This collectively
produces more natural-looking and temporally stable ani-
mations. We provide video demos in the supplementary ma-
terials. In these video demos, we compare our method with
other methods, and our method obviously achieves better
results. Additionally, we found that when some of the ref-
erence images provide more details, the results can be even
more realistic.

B.2. Audio Driven Talker Head Generation

We present a comprehensive comparison with all baseline
methods in Figure 3. As shown in the figure, our method is
able to produce accurate lip motion while containing fewer
artifacts. Notably, our method generates natural head poses
and expressions similar to the ground truth (please refer to
the video demo in Supplementary Material), whereas other
methods mainly manipulate the mouth shape and leave
other regions static. These results confirm that our mamba
design effectively aggregates audio signals with facial to-
kens to produce natural expressions and accurate lip syn-
chronization, as we use the face mask as an audio mask to
incorporate nearly all facial tokens in an audio-driven man-
ner.

B.3. Audio-visual Joint Driven

We also present additional demonstrations in Figure 4,
which displays the results produced by our method under
audio-visual joint control. Our approach effectively main-
tains lip synchronization with the audio while accurately re-
flecting the expressions of the Motion Driving sources. We
highly recommend watching the video demonstrations. Ad-
ditional results can be found in the supplementary materi-
als, where video demonstrations are also available.
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Figure 2. The results generated by our method under facial motion control.

B.4. User study.

To validate our method’s perceptual benefits, we conducted
a user study (as shown in Table. 1) comparing six methods
on lip-sync, naturalness, and quality. Participants selected
the best video per criterion. As shown in the table below,
our method was consistently preferred by a wide margin,
demonstrating clear superiority.

C. Ethics Considerations and AI Responsibil-
ity

This study aims to develop artificial intelligence-driven vir-
tual avatars with enhanced visual emotional expression ca-

pabilities, utilizing audio or visual inputs, for applications
in positive and constructive domains. The technology is de-
signed specifically for ethical purposes, focusing on appli-
cations that are beneficial to society, and is not intended for
generating deceptive or harmful media content.

However, as with all generative approaches in this field,
there remains a theoretical concern about potential misuse
for identity replication or malicious purposes. The research
team strongly condemns any attempts to use the technology
for creating fraudulent, harmful, or misleading representa-
tions of real individuals. Rigorous technical evaluations of
the current system indicate that the generated outputs ex-
hibit clear artificial features, and quantitative comparisons
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Figure 3. The results generated by our method under audio control.

Criterion Ditto-Talking (%) Echomimic (%) Hallo (%) Memo (%) SadTalker (%) VExpress (%) Ours (%)
Lip-sync 0.00 5.89 12.74 14.71 1.96 3.92 60.78
Naturalness 1.11 6.67 11.11 12.22 0.00 0.00 68.89
Quality 2.78 5.56 11.11 15.74 0.00 0.00 64.81

Table 1. The user studies.

with genuine human recordings show measurable discrep-
ancies, ensuring that the results remain distinguishable from
authentic human expressions.
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Figure 4. The results generated by our method under audio-visual joint control.
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