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Supplementary Material

In this supplementary material, we provide additional
details and results omitted in the main text.

A. Contribution and Limitations
Main contribution. While many previous works have
explored super-resolution (SR) in 2D content, e.g., im-
ages, or static 3D representation, e.g., 3D Gaussian, super-
resolution in dynamic 3D representation remains an unex-
plored direction. The main challenge lies in the fact that
2D SR not only struggles with multi-view but also temporal
inconsistencies, when up-sampling a dynamic 3D represen-
tation. Our method addresses this challenge by performing
multi-view and multi-expression 3D GAN inversion, ensur-
ing that the synthesized 3D head preserves high-frequency
details even when the up-sampled anchor images are incon-
sistent. To the best of our knowledge, this is the first attempt
at super-resolution of dynamic 3D avatar representation.
Limitation. The major limitation is that 3D GAN cannot
synthesize complete 3D head, i.e., it struggles to generate
back of a human head. The main reason is that 3D GAN
is trained on FFHQ [5], which consists only of frontal hu-
man faces. Building a large-scale human face dataset that
includes views of the back of the head is a possible way to
extend 3D GAN’s ability of synthesizing back views of hu-
man heads. As shown in Figure S1, while GSGAN [4] can
synthesize frontal views of high-fidelity details, it struggles
to synthesize the back of the human head.
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Figure S1. 3D GAN struggles to synthesize the back of a human
head. We rotate a synthesized head before camera to show quality
gap between views of frontal and back of a head.

B. Additional Implementation Details
We adopt GSGAN [4] as our 3D GAN backbone. To make
3D GAN robust to side views of a 3D head and hairstyles,
we processed FFHQ [5] by cropping the image source to
include full head in the image. Then, we fine-tuned the
GSGAN checkpoint on the re-cropped FFHQ dataset. Fig-
ure S2 shows that the fine-tuned 3D GAN can not only
synthesize finer details on facial parts but also accurate

hairstyles. All of our experiments, including the 3D GAN
fine-tuning, were conducted on a RTX A6000 GPU.

C. Additional Results and Analyses
Spatio-temporal Quality and Identity Preservation.
While the main paper focuses on comparing static per-
frame quality, we provide an additional evaluation of the
spatio-temporal coherence and identity fidelity of the syn-
thesized video sequences here. To quantify the distri-
butional similarity between the generated and ground-
truth video motion, we employ the Fréchet Video Dis-
tance (FVD) [10], which utilizes an I3D backbone to
extract spatio-temporal features. Furthermore, we adopt
DOVER [11], a learning-based blind video quality assess-
ment (BVQA) metric, to assess perceptual quality in align-
ment with human aesthetic judgment. Finally, we quantify
identity preservation by calculating the Cosine Similarity
(CSIM) of facial embeddings extracted via a pre-trained Ar-
cFace [2] model.

Table S1. SuperHead outperforms all other baselines on metrics
of spatio-temporal quality (FVD↓, DOVER↑) with high identity
preservation (CSIM↑).

Method CSIM ↑ FVD ↓ DOVER ↑

GaussianAvatars (LR) [7] 0.922 282.48 15.46
Video-based SR [3] 0.775 437.16 42.63
SuperGaussian [9] 0.807 293.59 59.12
SR + GPAvatar [1] 0.633 788.10 74.65
SuperHead (ours) 0.867 181.13 82.21

As shown in Table S1, our method achieves the best per-
formance in temporal quality metrics, significantly reducing
flickering and motion artifacts. Notably, while our method
maintains high identity consistency, GaussianAvatars (LR)
exhibits a slightly higher CSIM score. This is attributed
to the inherent noise-invariance of face recognition models
like ArcFace, which are trained to extract robust geomet-
ric signatures regardless of degradations. Since GaussianA-
vatars (LR) is directly optimized for down-sampled ground
truth, it preserves the global structural layout (biometric sig-
nature) while our method prioritized the synthesis of high-
fidelity textures, which can introduce minor, perceptually
superior variations that the embedding space interprets as a
slight identity shift.

Additional qualitative results. We show additional visual
comparison of various baselines introduced in the main pa-
per in Figure S2. Our method demonstrates superior capa-
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Figure S2. Additional qualitative results on the NeRSemble dataset [6] and INSTA [12]. In addition to zooming in facial parts of results,
we also show the holistic view of upsampled 3D avatar, indicating that our method can not only enhance facial expressions but also details
such as hair strands. Please zoom in to check details.

bility in recovering detailed facial expressions, e.g., corner
of the mouth, but also accurate geometry of the hair.

Comparability to other 3D avatar model. We further
evaluate our method on an alternative 3D avatar model
to demonstrate its generalizability. Specifically, we adopt
SplattingAvatar [8], which, similar to GaussianAvatars [7],
rigs 3D Gaussians onto the FLAME mesh with a learnable

normal offset to the surface. The upsampling procedure fol-
lows the same pipeline as with GaussianAvatars: we first
sample and enhance anchor images from a SplattingAvatar
trained on low-resolution captures, and then perform multi-
view inversion along with dynamics-aware 3D refinement
to optimize a 3D Gaussian head rigged on the underlying
FLAME mesh. The results are reported in Table S2. We



Table S2. SuperHead achieves identical performance when apply-
ing to SplattingAvatar [8] on INSTA dataset [12], proving Super-
Head’s generalizability to enhance diverse 3D avatar models.

Setting PSNR ↑ SSIM ↑ LPIPS ↓

SplattingAvatar (LR) [8] 19.24 0.825 0.251
SuperHead + SplattingAvatar [8] 23.04 0.834 0.167
SuperHead + GaussianAvatars [7] 23.76 0.864 0.135

Figure S3. Expressions we used to sample anchor images.

compare SplattingAvatar (LR), a 3D head model trained on
low-resolution captures, with SuperHead + SplattingAvatar,
the corresponding upsampled 3D head model. We show
that our method successfully enhances low-quality 3D head
models across different design choices, thereby demonstrat-
ing its strong generalizability.

Anchor image sampling As mentioned in Section 4.3 of
the main paper, we perform dynamics-aware 3D GAN re-
finement to improve the synthesized 3D head under differ-
ent expressions and motions. For this purpose, we carefully
select a set of expressions to form an ”expression pool”,
from which we sample anchor images with different cam-
era poses. We found that a set of 10 expressions is sufficient
to achieve good performance. We show the expressions we
use throughout our experiments in Figure S3. The selected
expressions cover a range of facial motions, from screaming
to smiling and eye-closing.

D. Ethical and Societal Impacts

Our work improves the quality of 3D head avatar recon-
struction, which has potential benefits in areas such as
telecommunication and digital content creation. At the
same time, we are aware of possible risks, including issues
of privacy, misuse for non-consensual content, and bias in
representation. We emphasize the importance of developing
and applying such techniques responsibly and with appro-
priate safeguards. Furthermore, like many generative meth-
ods, reconstruction results may contain certain biases if not
carefully addressed. We believe it is important for future
research and deployment of these techniques to be guided
by principles of responsible AI, including fairness, trans-
parency, and safeguards against malicious use.
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