3D Geometry-aware Deformable Gaussian Splatting for Dynamic View Synthesis

Supplementary Material

This supplementary material provides additional imple-
mentation details and experimental results. First, we pro-
vide the implementation details of our proposed method.
Then, we provide additional experimental results in the
form of visualization and discuss the limitations and im-
pacts of our method. We conclude with discussions on fu-
ture work. The source code, network model, and results will
be released.

1. Implementation Details
1.1. Loss Function

We apply the photometric loss and regularization for our
optimization:

Figure 1. Overall architecture of the geometric branch, which cap-
tures local geometric features using a 3D U-Net.

Figure 2. Detailed structure of DownVoxelBlock, ResidualBlock,
and UpVoxelBlock.

2. Results and Discussions
2.1. Results on Neural 3D Video dataset

We further evaluated our method on Neural 3D Video
dataset [9], which includes several videos captured with
synchronized xed GoPro camera system. We have eval-
uated our method in the following four scenarios: Cook
Spinach, Cut Roast Beef, Flame Steak and Sear Steak, each
scene includes from 17 to 20 cameras for training and one
central camera for evaluation. Following previous works,
we downsample the images to 13521014 and report
the per-scene PSNR, SSIM and LPIPS for each method, as
shown in Table 1. We nd our method is struggling in these
long-time series. Although our method maintains high -
delity restoration in static regions, its capability is severely
limited in dynamic regions.
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Figure 3. Visualization of Canonical Point Cloud. We show the evolution of point clouds in the canonical space with respect to the
number of iterations.

Table 1. Quantitative results on scenes from the Neural 3D Video Synthesis

Scene Cook Spinach Cut Roast Beef Flame Steak Sear Steak
Method PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS#
MixVoxels [15] 31:39 0:931 0:113 31:38 0:928 0:111 30:15 0:938 0:108 30:85 0:940 0:103
K-Planes [4] 31:23 0:926 0:114 31:87 0:928 0:114 31:49 0:940 0:102 30:28 0:937 0:104

Hexplane$[2] 31:05 0:928 0:114 30:83 0:927 0:115 30:42 0:939 0:104 30:00 0:939 0:105
Hyperreel [1] 31:77 0:932 0.090 32.25 0:936 0.086 31:48 0:939 0.083 31:88 0:942 0.080
NeRFPlayer[14] 30:58 0:929 0:113 29:35 0:908 0:144 31:93 0:950 0:088 29:13 0:908 0:138
StreamRF [8] 30:89 0:914 0:162 30:75 0917 0:154 31:37 0:923 0:152 31:60 0:925 0:147
SWAGS [13] 31.96 0.946 0.094 31.84 0.945 0.099 32.18 0.953 0.087 32.21 0.950 0.092
Ours 31.39 0.947 0.144 29.87 0.944 0.156 31.350.954 0.129 32.62 0.955 0.130

visualize the point cloud of the scene in the canonical space
with differentiterations. In Fig3, it can be observed that we
can reconstruct the scene even from a random point cloud.
Moreover, in complex scenes such as Peel Banana in the
HyperNeRF dataset [11], we can also reconstruct the scene
even if there are no dynamic parts in the input point clouds,
as shown in Fig3. Our supplementary video also presents
the trajectory of the scene's point cloud as it evolves over
time. Our supplementary video is available at our home-
page:https://npucvr.github.io/GaGS/.

Quantitative Results We show more qualitative compar-
isons in Fig.6 and Fig.7 for D-NeRF synthetic dataset [12]
and HyperNeRF dataset [11]. In our supplementary video,
we also showcase the temporal interpolation capability of
our method when maintaining a xed camera viewpoint
while time evolves. Additionally, we demonstrate the abil-
ity to synthesize novel viewpoints while keeping the time
xed and observing the scene from arbitrary viewpoints.
Temporal Interpolation We show the temporal interpola-
Figure 4. Detailed structure of MLPs we have used in our method. tjion ability of our method. In Fig8 and Fig.9, we X
the camera viewpoint and show the results for temporal
2.2 More Visualization Results changes of the D-NeRF synthetic dataset [12] and Hyper-
NeRF dataset [11]. Our method shows great temporal inter-
Point Cloud For the D-NeRF synthetic scenes [12], we ran- polation abilities for both synthetic and real datasets. More
domly initialize 150000 points as the initial point cloud. We results are presented in our homepage.
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Figure 5. Results on Neu3DV dataset.
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2.3. Limitations and Impacts 2.4. Future Work

Limitations First, our proposed method represents the de- N the future, we plan to exploit the motion mask to dis-
formation of Gaussians from the canonical space to time tinguish the dynamic points and static points of the scene,
space. However, it can only chronicle a point within the Which will decrease the computing resource by only esti-
scene from start to nish, lacking the capability to depict Mating the deformation of dynamic points. Also, we will
a point that abruptly emerges or disappears in the scendnvestigate explicit motion deeI|ng by expl_0|t|ng the fore-
at a speci c moment. Second, our proposed method es-ground and background motion segmentation cues.
sentially describes the motion and deformation of points in
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Figure7. Qualitative comparison on the HyperNeRF datasetWe show synthesized images on the HyperNeRF dataset of our method
and other competing methods.
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