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Supplementary Material

6.1. Method Details

Definition of ¥ and L.. F represents the accumulated er-
ror of Gaussian primitives from images. For each Gaussian
primitive, we assign an additional scalar e, to it and render
a corresponding map R.. We then introduce the auxiliary
loss:

(€))

where V[], £, I , and I are the stop-gradient operation, the
error map, the rendered image, and the ground-truth image,
respectively. We initialize ey to 0 for each Gaussian primi-
tive and never update it during training. In this way, L, = 0
and other parameters of Gaussian primitives are left invari-
ant by L.. The gradient with respect to e, yields which is
the per-Gaussian-primitive error E}, for one view and E is
defined as the maximum £, for each densification:

gﬁ: =Y E(p)w(p) = E,

E mgx{Ek}.

(10)

Finally, E provided a comprehensive evaluation of
whether the Gaussian primitives contained sufficient error
for densification. It was then utilized to calculate the scor-
ing metric s.

6.2. More Experiments Results

More visual comparison on the Neural3DV Dataset [19].
Additional qualitative comparisons on the Neural3DV [19]
dataset are shown in Figure 7. As shown in Figure 7, our
method can achieve better results in both static regions and
dynamic regions (e.g., window and knife). These results
indicate that the proposed 4D representation can represent
both static and dynamic regions accurately. More sequences
are available in the supplementary video.

More visual comparison on the ENeRF-Outdoor
Dataset [38]. More qualitative comparisons on the
ENeRF-Outdoor Dataset [38] dataset are shown in Figure 8.
Our approach better preserves static geometry (e.g., wall)
and produces sharper, more consistent reconstructions of
dynamic content (e.g., watermelon), demonstrating strong
robustness under large outdoor motions. Please refer to the
supplementary video for more results.

More visual comparison on the SelfCap Dataset [47].
Additional qualitative results on the SelfCap dataset [47],
which features rapid and complex human motions, are pro-
vided in the supplementary video. SharpTimeGS maintains
static background fidelity while capturing fast, fine-grained
movements more accurately than existing methods.

6.3. Rendering Speed Analysis

Our approach demonstrates the capability of achieving real-
time rendering at 4K resolution, exceeding 100 frames per
second (FPS) on a single NVIDIA RTX 4090 graphics card.
We show the results of our interactive rendering at the end
of the supplementary video and Figure 6. As can be seen
in the video, our method can achieve high speed rendering
at 4K resolution. This remarkable performance showcases
the efficiency and optimization of our rendering technique,
making it feasible for applications requiring high visual fi-
delity and responsiveness.

Figure 6. SharpTimeGS achieves real-time rendering at 4K res-
olution with over 100 FPS on a single RTX 4090. The system
maintains both high image fidelity and stable frame rate during
free-viewpoint navigation. For anonymity compliance required by
double-blind policy, identity-related regions have been intention-
ally obfuscated.

6.4. Efficiency.

The results are reported in Tab. 3. Our method consis-
tently outperforms prior works. These gains are enabled by
our representation, which achieves high visual quality with
fewer Gaussian primitives, resulting in faster training con-
vergence, higher rendering speed, and smaller model size.
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Figure 8. More visual results on the ENeRF-Outdoor Dataset [38]. Our method can achieve better performance.
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Table 3. Efficiency comparison on SelfCap Dataset. We report
PSNR, total cost time (preprocessing time + training time; 60
frames), rendering speed (on single NVIDIA RTX 4090 GPU),
and model size.
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