GGTalker: Talking Head Systhesis with Generalizable Gaussian Priors and
Identity-Specific Adaptation

Supplementary Material

1. Additional Experiments

Additional Qualitative Experiments. To more intuitively
compare the generalization to OOD speech, we present ad-
ditional qualitative experiments in Fig. 1. The training data
for the target identity contains only Chinese, but we use En-
glish during inference. As shown, previous methods often
exhibit inaccurate lip shapes and blurred mouth regions, pri-
marily due to the absence of Audio-Expression priors. Re-
lying solely on a few minutes of speech features makes it
difficult to generalize to different speaker voices and lan-
guages. In contrast, our method learns Audio-Expression
priors from large-scale datasets and finetunes for the spe-
cific identity’s style, enabling accurate lip synchronization
even in cross-language scenarios.

Additional Ablations. During Customized Adaptation, our
color MLP generate fine-grained, motion-aligned textures.
Removing it would result in smoother textures, such as
wrinkles (shown in Fig. 2).

2. Additional Implementation Details

2.1. Network Architectures

Identity-Gaussian Generator. In our Expression-Visual
stage, we use an Attention-UNet as the Identity-Gaussian
Generator. It consists of 5 downsampling layers, 4 upsam-
pling layers and 4 attention gates, as shown in Fig. 3. It
produces a feature map M of size 512x512, resulting in
262k Gaussians.

Body Inpainter. Our Body Inpainter blend the rendered re-
sults and the original background. It consists of 4 downsam-
pling layers and 4 upsampling layers, as shown in Fig. 3.

2.2. Implementation Process

Audio-Expression Prior stage. We use HDTF [21], CN-
CVS [2], and a self-collected 100-hour internet dataset, all
of which are in-the-wild data. HDTF contains over 300
speakers with approximately 16 hours of English video.
CN-CVS is a large Chinese audio-visual dataset with over
2,000 identities and more than 200 hours of data. We select
100 identities, resulting in about 27 hours of data. Addition-
ally, we collect around 100 hours of multilingual data from
the internet, primarily news broadcasts and speech videos,
where audio and lip movements are highly synchronized.
All data are cropped and resized to 512x512 with the head
centered.

Expression-Visual Prior stage. Our expression includes
53 dimensions of FLAME parameters. Although the of-

Order Modules Time
1 M; 2 min
2 Mg+ F 3 min
3 A2E 5 min
4 A2E+ Mg+ F 5 min
5 A2E+ M,y + F+Msg+Z 5min
Total 20 min

Table 1. Components optimized at each stage and the corre-
sponding required time During customized adaption. "A2E”
refers to Audio-Expression Finetuning F denotes the FLAME pa-
rameters, containing FLAME shape, pose and expression .

ficially released “expression” from FLAME has only 50
dimensions [11], previous work has shown that the 3-
dimensional jaw pose is highly correlated with expression
and not disentangled [4]. Therefore, we jointly train “ex-
pression” and “jaw pose.” To ensure 3D consistency, we use
only Oth-order SH parameters to represent color, instead of
the 3rd-order SH used in the original 3DGS [6]. We use
the VFHQ [17] and NeRSemble [8] datasets. VFHQ is an
in-the-wild dataset containing 15k identities, each with hun-
dreds of video frames. NeRSemble is a high-resolution lab
dataset recorded with 16 cameras, containing over 200 iden-
tities. We use both VFHQ and NeRSemble to expose the
model to a large variety of identities while incorporating 3D
priors. Following Qian et al., we use VHAP [14] to extract
FLAME and camera parameters. VHAP is highly accurate
for multi-view videos but can cause frame jitter and unnat-
ural expressions in monocular videos. However, since our
Expression-Visual Prior phase learns a coarse prior, both
qualitative and quantitative results show that even with im-
perfect tracking, we can still learn sufficiently robust 3D
head priors. During deployment, we use joint fine-tuning to
mitigate tracking errors.

Customized Adaptation stage. Our optimization steps
are shown in the Tab I. We sequentially optimize the
Gaussian UV map, FLAME parameters, Audio-Expression,
color MLP, and Body Inpainter. Any components not men-
tioned for each phase are frozen. In all experiments, we use
the original video’s head pose and eye movements, but we
can also arbitrarily control head pose and blinking.

2.3. Implementation of Other Methods

For a fair comparison, we re-implement previous meth-
ods to conduct self-reenactment and cross-reenactment ex-
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Figure 1. Qualitative comparison of cross-language reenactment with previous methods. The training data for this customized char-
acter is in Chinese, but we drive her with English during rendering. Our method achieves more precise audio-lip synchronization.

Metrics Wav2Lip [13] IP-LAP [23] ER-NeRF [9] GeneFace [19] SyncTalk [12] TalkingGaussian [10] GaussianTalker [3] Ours
Identity Accuracy 2.867 3.041 3.124 2.712 2421 3413 3.680 4.205
Lip-sync Accuracy 3.796 2.902 2.358 3.018 3.523 3.234 3.354 4.033
Head-pose Smoothness 3.487 3.530 2.871 2.955 3214 2.837 3.249 3.964
Image Quality 2.439 3.640 3.196 3.277 3.203 3.651 3.730 4.026
Video Realness 3.361 3.624 2.718 2.939 3.094 3415 3.389 4.132

Table 2. User Study. Rating is on a scale of 1-5; the higher the better. We highlight the best and second-best results. We achieve

state-of-the-art performance on all metrics.
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Figure 2. Qualitative Ablations of color MLP. Removing the
color MLP would result in smoother textures, such as wrinkles
being erased.

periments, including 2D-based methods: Wav2Lip [13],
DINet [22], IP-LAP [23]; NeRF-based methods: AD-
NeRF [5], RAD-NeRF [15], ER-NeRF [9], GeneFace [19],
GeneFace++ [18] and SyncTalk [12]; and 3DGS-based
methods: TalkingGaussian [10] and GaussianTalker [3].

In the self-reconstruction experiment, we follow the di-
vision from previous works [5, 9], splitting each video into
training and test sets at a 10:1 ratio. For 2D-based methods,
we use the officially released pre-trained models, render-

ing with silent test video frames and corresponding audio.
For 3D-based methods, we train a dedicated model for each
identity using the official code. During evaluation, test-set
audio is used for rendering.

In the cross-identity experiment, we choose three
English-speaking videos — two female and one male
speaker. We drive the models with audio from speakers of
different genders to ensure the driving audio has a different
timbre from the training set. In the cross-language exper-
iment, we render English speakers with French audio and
Chinese speakers with English audio.

Additionally, two impressive works are not yet open-
sourced [1, 20], preventing detailed comparisons. However,
we discuss our principled advantages over them. Gaus-
sianTalker' [20] lacks the Expression-Visual Prior stage in

I'There are two concurrent works both named GaussianTalker, and
we’ve already provided a detailed comparison with the other one in the
main text and supplementary video.



our method, so we expect it would struggle with large facial
motions (as shown in our ablation study when removing
Expression-Visual Prior). GaussianSpeech [1] uses a dif-
ferent setup, capturing expensive multi-view synchronized
videos for each identity to achieve consistent 3D render-
ing from different angles. In contrast, we show that learn-
ing with the Expression-Visual Prior allows our method to
achieve similar 3D consistency with just a few minutes of
monocular video of the target person. Furthermore, Gaus-
sianSpeech doesn’t include Audio-Expression Prior learn-
ing, which we believe limits its generalization to OOD au-
dio. For instance, in its official demo, the female speaker
on the left exhibits imperfect lip-sync in OOD settings. By
comparison, our method requires fewer recording and com-
putational resources for specific identity while delivering
superior results.

3. Preliminaries of FLAME

To quantify expressions and poses of driving representa-
tion, we use the widely recognized FLAME 3D morphable
model (3DMM) [11]. Compared to previous head and fa-
cial models, FLAME is more accurate and expressive, while
still being compatible with standard graphics software. Ad-
ditionally, FLAME explicitly models head pose and eye ro-
tation. Specifically, the FLAME model represents the head
avatar as follows:

- = — _ — — —
TP(B,0,v)=T+BS(B;S)+BP(6;P)+BE(¢; E)
(1)
_ —
where T is the FLAME template mesh. BS(/3;5) is the
shape blend-shape function to calculate the facial shape,

which is the same for every identity. BP(?;P) is the
jaw and neck blend-shape function to represent the mo-
tion at these two hinges. While the expression blend-shape

-
BE(v; E) is able to portray facial expressions that are ei-
ther obvious or subtle, such as frowns and grimaces.

4. User Study.

To conduct a more comprehensive subjective analysis of
GGTalker compared to previous methods, we design a de-
tailed user survey. We select 24 video clips, each lasting
8-15 seconds. Each method is represented by three clips.
The survey was designed using the Mean Opinion Score
(MOS) evaluation scheme, where participants are asked to
rate the generated videos on five perspectives: (1) Identity
Accuracy, (2) Lip-sync Accuracy, (3) Head-pose Smooth-
ness, (4) Image Quality, and (5) Video Realness. We invite
37 volunteers aged between 20 and 60 to provide their rat-
ings, as shown in Tab 2. The user study indicate that our
method can generate visually excellent quality as perceived
by humans, achieving high realism.

5. Ethical Considerations

Our proposed GGTalker can create realistic talking head
from a reference video, with potential applications in dig-
ital humans, AR/VR, video conferencing, and film produc-
tion. However, this technology could also be misused, so
we propose several measures to mitigate abuse:
Watermarking We’ll implement both visible and invisible
watermarks in our code. Visible watermarks will identify
synthetic content, while invisible ones will track its origin
and modification history, making it harder to misuse.
Advancing Detection Algorithms High-quality avatars
generated with modern techniques (e.g., 3DGS, diffusion
models) are difficult to detect. We’ll collaborate with re-
searchers to enhance deepfake detection methods.
Regulation and Awareness It’s essential to raise pub-
lic awareness about deepfake risks and advocate for legal
frameworks to regulate their usage.

By balancing innovation with security, we aim to pro-
mote responsible development of deepfake technology.

6. Limitations and Future Work

GGTalker has made significant progress in generalizable
talking head synthesis, but it still has limitations. First,
it focuses solely on synthesizing the head region and can-
not generate the torso or background. We hope to find a
way to represent the torso and background with a small
number of Gaussians, similar to some NeRF-based meth-
ods [9, 15]. Second, GGTalker cannot extrapolate emotions.
For instance, if the training video captures an angry expres-
sion, we can reenact anger. However, if the training video
shows a neutral expression, we cannot synthesize anger.
In fact, we tried replacing our Audio-Expression mod-
ule with emotion-controllable expression synthesis methods
like DeepTalk [7] and ProbTalk3D [16], but these attempts
failed — the synthesized characters showed no obvious
emotional changes. We believe that emotional expressive-
ness relies not only on facial expressions but also on texture
changes. For example, anger may cause furrowed brows,
while happiness smooths out wrinkles. However, due to
the lack of large-scale emotional talking head datasets with
diverse identities, predicting facial textures under different
emotions remains challenging. We leave this potential con-
tribution to future researchers.
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Figure 3. Network architectures of our Identity-Gaussian Generator and Body Inpainter. In each convolutional layer, “k”, “s”, and “p”
refer to kernel size, stride, and padding, respectively. BN stands for batch normalization.
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