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1. Supplementary Material

In the supplementary material, we first present additional
experimental results, including both quantitative and qual-
itative evaluations. We then provide further discussions on
the audio feature extractor and the masked supervision strat-
egy. Additionally, we include a dataset declaration and ethi-
cal considerations. Finally, we discuss the limitations of our
work.

1.1. Experiment on Multi-view Dataset

To further validate rendering quality from novel view-
points, we evaluated our method on the multi-view MEAD
dataset [9]. In particular, we evaluate two identities by train-
ing the model solely on front-view clips and testing it on
novel viewpoints, including top, down, left-30°, and right-
30° viewpoints. The results are shown in Tab. 2. Notably,
MEAD is not fully suitable for our experimental setting, pri-
marily because: (i) the video clips are too short to support
effective learning of audio generalization; and (ii) head ro-
tation is entirely absent, making it difficult to capture ac-
curate head geometry. As such, we present the results on
MEAD merely for reference, in comparison with the lat-
est state-of-the-art method, TalkingGaussian. Nevertheless,
our method still demonstrates significant improvements un-
der both frontal and novel views. We also advocate for the
release of larger-scale and longer-duration multi-view talk-
ing head datasets to facilitate further research and develop-
ment in this field.

1.2. Details of Quantitative Evaluation

In Tab. 1, we present results for four specific viewpoints
and a spiral camera trajectory under the novel-view self-
reconstruction setting. Our method consistently outper-
forms others across nearly all metrics and viewpoints. Al-
though HFA-GP* utilizes the same Gaussian generative
prior as ours, it significantly underperforms in both vi-
sual quality and synchronization metrics. Especially, its
synchronization results lag substantially behind existing
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Figure 1. Two landmark region-based masked strategies.

monocular methods. These findings highlight that our su-
perior performance stems from the effectiveness of the pro-
posed approach.

1.3. Additional Qualitative Comparison

We further present an example of a spiral-view trajectory
in Fig. 2, under the novel-view self-reconstruction setting.
In this example, one frame is uniformly sampled every ten
frames, arranged such that ground-truth images appear in
odd-numbered rows and corresponding reconstructions in
even-numbered rows. Our method demonstrates not only
high-fidelity image quality across all viewpoints, but also
preserves accurate motion dynamics and 3D consistency.

1.4. Supplementary Video

We present a supplementary video to comprehensively vi-
sualize the efficacy of our proposed method. This video
includes: (i) video clips of two subjects in the self-
reconstruction setting, showcasing both the ground truth
view and a spiral camera trajectory view; (ii) a video clip in
the generalized 3D-aware audio-lip synchronization setting
with a spiral camera trajectory; and (iii) a video demonstrat-
ing the superior controllability of our method.

1.5. Audio Feature Extractor

Follow previous works [4, 5, 7, 10], we use the pretrained
DeepSpeech [6] model to extract raw audio features for a
fair comparison. We then process these features using the



Methods (430°, +30°) (+20°, +20°) (—20°, —20°) (—30°, —30°) SpiralCamera
FID| IDSIM? Sync-Ct FID| IDSIM{ Sync-C? FID| IDSIM? Sync-C{ FID| IDSIM{ Sync-Ct FID| IDSIM{ Sync-C 1

Ground Truth N/A 1 8.468 N/A 1 8.468 N/A 1 8.468 N/A 1 8468  N/A 1 8.468
ER-NeRF [7] 227225 0247 3158 164.089 0342 4105  207.053 0318 2652 374526 0215 1.574 170806 0411 2,947
GaussianTalker [3]  191.177 0277 3343 111590 0310 4408 120267 0355 3833 182.188 0304 3384 86440 0443 3.900
TalkingGaussian [8] 167.810  0.291 5609 124132 0363 5890  101.666  0.400 5206 216066 0334 4122 79897 0428 5.075
HFA-GP* [1] 135908 0348 1593 77867 0388 1.807 90453 0365 1.685 126064  0.337 1265 67711  0.429 1787
Ours 104738 0.414 5354 68365  0.470 5411 64494 0426 5507 109724  0.389 4750 52734 0.482 5.252

Table 1. Details of the quantitative comparison under the novel-view self-reconstruction setting. To save space, we report principle metrics
over four specific viewpoints with yaw (+30°, +-20°) and pitch (£30°, £20°), along with a spiral camera trajectory. The best and second-
best methods are in bold and underline, respectively. Our results achieve the best performance across almost all metrics in almost all

viewpoints.
Method PSNR? LPIPS| Sync-Ct | #PSNRT #FID| #Sync-C 1
Ground Truth N/A 0 6778 | N/A 0 6.778
TalkingGaussian ~ 23.365 0.134 2.659 18.823 115.189 1.957
Ours 26475 0.089 2.903 21574 66.347 2111

Table 2. Results on the MEAD dataset. #. denotes the average per-
formance across four viewpoints: top, down, left-30°, and right-
30°.

same audio attention module, followed by a CNN-based
module to adapt and smooth the audio features, as done in
previous works [3, 8].

1.6. Masked strategy

Considering that speech activates the entire lower-face mus-
culature rather than just the lips, we use the full lower-face
region to supervise the lip vector in our masked cross-view
supervision. Specifically, we adopt a simple strategy by
extracting the upper-face and lower-face regions based on
landmarks [2], as illustrated in the left part of Fig.1. The
black box denotes supervision on the upper face, while the
red box indicates supervision on the lower face. This strat-
egy works well across all tested videos. From a practical
concern, especially when the video contains larger head ro-
tations, we further integrate a face-parsing network with fa-
cial landmarks to achieve pixel-wise disentanglement, as il-
lustrated in the right part of Fig. 1. In this figure, the green
region denotes the upper-face area, while the purple region
represents the lower-face area.

1.7. Dataset Declaration

In our experiments, all multimedia datasets were used from
existing works [3, 5, 7, 10]. To the best of our knowledge,
the majority of these datasets were collected from the in-
ternet. To address privacy concerns, we carefully curated
datasets that predominantly feature public figures. Addi-
tionally, all data were manually reviewed to minimize the
presence of inappropriate or offensive content.

1.8. Ethics Considerations

Our work is dedicated to developing highly realistic talk-
ing 3D heads for practical applications such as digital assis-
tants and holographic communication. However, the pho-
torealism achieved by our method introduces serious eth-
ical concerns, as it becomes increasingly difficult to dis-
tinguish between real and synthetic content. This capabil-
ity raises the risk of misuse—for example, the creation of
deepfakes that could be employed to spread misinformation
or damage individuals reputations. To address these con-
cerns, we stress the importance of clearly communicating
the synthetic nature of generated content to users. We also
advocate for active collaboration with the deepfake detec-
tion research community to advance detection algorithms.
As a preventive measure, we recommend embedding digi-
tal watermarks into authentic video content to deter misuse.
Ultimately, we call for the establishment of clear regula-
tions governing the use and dissemination of deepfake tech-
nologies on social media platforms to safeguard users from
potential manipulation and exploitation.

1.9. Limitation and Future Work

We rely on a pretrained 3D GAN model to provide gen-
erative priors, which means that our rendering quality and
generalization to novel views are inherently limited by the
capacity of the underlying 3D GAN. Exploring end-to-end
generation and driving frameworks remains a promising di-
rection for future research.

In addition, our method focuses primarily on audio-
driven precise facial motion, but does not capture hair and
clothing dynamics, which are essential for realistic avatar
applications. In future work, we plan to incorporate exist-
ing techniques for modeling hair and clothing dynamics to
address this limitation.



Figure 2. Spiral-view qualitative results for the “Shaheen” identity under the novel-view self-reconstruction setting, with odd-numbered
columns showing ground-truth images and even-numbered columns illustrating synthesized views along spiral camera trajectories.
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