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Abstract

The field of Novel View Synthesis has established itself as an important yet challenging area of research, particularly in
representing and rendering dynamic scenes. Recently introduced Gaussian Splatting techniques have demonstrated great performance
and real-time rendering capabilities for static scenes. However, when applying this technique to dynamic scenes by learning 3D
Gaussians for independent frames, inefficiencies arise, such as degraded synthesis quality and the requirement for significant storage
space. To overcome these limitations, 4D Gaussian Splatting algorithms have been developed, enabling the extension to dynamic
scenes. In this paper, we examine four 4D Gaussian Splatting methods: 4D-GS, SC-GS, Spacetime Gaussian, and Deformable 3D
Gaussian. We compared the performance of each 4D Gaussian Splatting model and analyzed their strengths and weaknesses
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5. Spacetime Gaussian: Feature Splatting for
Real-Time Dynamic View Synthesis
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Table 2. Quantitative results of 3DGS!", Deformable-3DGS?, 4D-GSF, SC-GS¥, and Spacetime! on Neural 3D Video dataset®
Neural 3D Video dataset®
Method 3DGS! Deformable-3DGS™ 4D-GSH! Sc-GsH Spacetime!®
Metics | PSNR | ssM | M | psnr | ssm | M| psnr | ssm | M I psnr | ssim | M| psnr | ssim | M
PSNR PSNR PSNR PSNR PSNR
Scene 1 | 26.51 0.90 32.25 | 28.14 0.91 41.95 | 29.14 0.91 38.69 | 24.97 0.89 43.45 | 29.11 0.92 40.27
Scene 2 | 25.34 0.87 21.69 | 27.60 0.90 42.43 | 28.57 0.91 38.43 | 25.56 0.89 4543 | 27.61 0.91 40.08
Scene 3 | 30.87 0.94 34.82 | 29.63 0.94 44.83 | 32.80 0.94 38.63 | 31.49 0.95 43.87 | 32.77 0.95 36.00
Scene 4 | 29.89 0.93 3345 | 31.63 0.95 43.92 | 31.59 0.94 38.98 | 29.87 0.93 4424 | 33.91 0.95 42.05
Scene 5 | 29.00 0.94 35.50 | 29.63 0.92 45.40 | 30.64 0.94 4111 | 30.54 0.96 46.96 | 33.03 0.96 42.91
Average | 28.32 0.91 31.54 | 29.63 0.92 43.42 | 30.54 0.93 39.17 | 29.84 0.94 4479 | 31.32 0.94 40.26
Avg. FPS 126.82 29.49 27.32 20.85 253.49
Train Time 10:04:57 09:04:31 01:01:25 04:30:23 00:45:47
F 3. ETRI dataset0]| Lt 3DGS!", Deformable-3DGS®?, 4D-GSP!, SC-GS¥, Spacetime®™ L112|Z9o| HMakX Ms H|m ZAn}
Table 3. Quantitative results of 3DGS!", Deformable-3DGS?, 4D-GS®, SC-GS¥, and Spacetime!® on ETRI dataset
ETRI dataset
Method 3DGS!" Deformable-3DGS? 4D-GSH! SC-GS™ Spacetime!®
Metics | PSNR | ssM | M | psnr | ssm | M| psnr | ssim | M I psnr | ssm | M| psnr | ssim | M
PSNR PSNR PSNR PSNR PSNR

S01t02 | 22.61 0.82 | 2864 | 23.08 | 0.85 | 38.80 | 25.26 | 0.88 | 4144 | 23.64 | 0.84 | 42.06 | 26.96 | 0.90 | 40.87
S01t01 26.39 | 0.89 | 3567 | 25.78 | 0.87 | 4750 | 26.22 | 0.90 | 46.92 | 2164 | 0.78 | 52.95 | 2466 | 0.90 | 40.62
S01t08 | 28.11 0.91 35.10 | 2582 | 0.86 | 41.65 | 26.51 0.91 42.85 | 2643 | 0.89 | 46.31 | 30.41 0.95 | 4247
S01t09 3142 | 093 | 3760 | 2950 | 0.90 | 47.95 | 3049 | 093 | 5045 | 29.92 | 0.91 48.90 | 30.95 | 0.93 | 45.66
S02t08 30.10 | 0.91 38.70 | 30.04 | 090 | 4695 | 2864 | 090 | 50.79 | 27.00 | 0.89 | 47.91 | 30.31 0.92 | 44.56
Average | 27.73 | 0.89 | 3514 | 26.84 | 0.88 | 4457 | 2742 | 090 | 4649 | 2573 | 0.86 | 47.63 | 28.66 | 0.92 | 42.84

Avg. FPS 31.40 13.5 4.7 20.4 68.3

Train Time 06:30:00 05:58:41 03:45:44 07:12:12 1:35:24

H 4. 2F 2Eo| oM HW

Table 4. Comparison of advantages and disadvantages of each model

Quality Temporal consistency Training time FPS
Deformable 3DGS? medium high high medium
4D-GsS® medium medium medium medium
SC-GsH medium high high medium
Spacetime Gaussian®® high medium low high
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