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1 Additional Evaluation

Qualitative comparison on the DAVIS We present qualitative comparisons with the concurrent
method RoDyGS [3] on the DAVIS [10] dataset, as shown in Figure[T} Our method accurately captures
the motion of the bear, particularly in challenging regions such as the torso and feet. Throughout the
sequence, our method preserves details and temporal consistency in both small, fast-moving regions
(e.g., the feet) and large deformable structures (e.g., the torso), while RoDyGS frequently introduces
blurring and artifacts in these areas. For instance, at Frame 40, RoDyGS renders the bear’s feet with
transparency, whereas our method preserves the structural integrity and appearance of these limbs.
Furthermore, our approach faithfully reconstructs fine-grained details, such as the texture of the bear’s
fur, while the rendering of RoDyGS appears over-smoothed or missing. The visual comparison for
the Bear scene highlights the robustness of our approach in handling motion and preserving details.

Frame 0
Frame 40

RoDyGS o Ours RoDyGS

Figure 1: Visualization of the Bear scene in the DAVIS [10] dataset.

As shown in Figure 2] our method accurately reconstructs the rhino’s skin with sharp texture and
rich shading detail, effectively capturing the light and surface geometry. In contrast to RoDyGS [3]],
which introduces artifacts as motion blurs and a loss of structure, our method preserves both spatial
details and temporal consistency. Notably, the boundaries of the reconstructed scene remain clean,
with few ghosting or artifacts outside the viewing frustum. We argue that it is attributed to the usage
of back-projected point clouds as initialization combined with isotropic Gaussian primitives, which
together help to constrain geometry and appearance within the observable volume.

Discussion with previous work Our first goal is to decouple geometric recovery from photometric
optimization. RoDynRF [7]] back-propagates reprojection error through a static radiance field to
refine camera poses, a process that exceeds 24 hours (h) per scene. InstantSplat [1]] likewise optimize
camera extrinsics during training, but the joint optimization of Gaussians and poses increases runtime
and introduce a position-pose ambiguity. In contrast, our model reconstructs a scene in 0.03h, and
outperforms RoDynRF by 6.22dB on the Dycheck dataset [2] and InstantSplat by 1.43dB (PSNR) on
the NVIDIA dataset [16].
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Figure 2: Visualization of the Rhino scene in the DAVIS [10] dataset.

Because pose refinement is handled separated from optimization, our method needs only a single
photometric loss. By comparison, recent Gaussian-based pipelines introduce rigidity [13]],
point track [4}[13L[12], or depth regularization [[13} 4] to stabilize training and better estimate cameras.
Even without these auxiliary terms, we match or exceed state-of-the-art accuracy on both the NVIDIA
Dynamic Scene and Dycheck iPhone datasets.

Our second goal is to eliminate redundant primitives while preserving occlusion structure.
RoDyGS [3]] encodes motion in a shallow MLP based on the MAST3R [3]], redundantly storing
identical background content that re-appears across frames. Leveraging grid-pruned, motion-aware
4D Gaussians removes such duplication: we are 20x faster than RoDyGS and achieve a 7.15dB
PSNR gain. Comparing with 4DGS baseline, grid pruning leads to an 8x acceleration on the NVIDIA
dataset while improving visual quality.

Table 1: Breakdown of Runtime.

Component Runtime (Sec) Memory (M)
Geometry Recovery
Depth Estimation 23.98 2935
Camera Tracking 2347 9602
Video Depth Optimization 98.55 5501
Grid Pruning 2.76 -
Optimization
Forward Splatting 55.47 -
Backward 92.53 3878
Total Training Time 295.76 9602

2 Methods Detail& Ablation Analysis

2.1 Runtime Analysis

Table[T]reports a fine—grained runtime and memory profile of the entire pipeline. The experiment is
conducted on a single A6000 GPU with an 82-frame input video of 854 x 480 resolution. We report
the breakdown of our model’s running time. The whole end-to-end training finishes in 6 minutes after
which the model renders at 247 FPS in real time. The proposed grid pruning only takes less than 3
seconds and overall optimization process only takes less than 4G memory, which showcase that our
design is less redundant and light-weighted.
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2.2 Additional Discussion on Motion Awareness

We provide additional analysis on the how we get the motion mask from motion probability in our
visual SLAM process. As stated in the Section 3.1 in our paper, MegaSAM [6]] malntams a per-frame
disparity map d; € R¥*% as well as a motion probability predlctlon m; € RS X% in order to
calculate the reprojection error for the static region. We interpolate r2; into original resolution and
get m; € RTXW  After that, we employ Otsu’s method[9] to obtain a binary mask for the motion
segmentation. Next, we assign temporal scaling based on this segmentation. As illustrated in the
Figure[3] after adding pseudo-frame, the segmentation get rid of the noise due to movement of camera
e.g. at the left of the picture. Besides, this strategy also reduce the dynamic region area and therefore
reduce the computation overhead. By comparing with the ground truth motion mask, we find that our
motion mask looks eroded by few pixels, which is caused from the interpolation from 7, to m;.

Y w

Original Pseudo-frame Ground Truth Mask
| I

Original Pseudo-frame Input Image

Figure 3: Visualization for the our binary motion mask from predicted motion probability.

Our proposed method is simple, effective and fully automated without human annotation. In contrast,
other work employ human interaction to segment object [13]], apply extra tracking model to
get the moving object bounding box [3] or calculate flow error map [17] as annotation for Segment
Anything model [11]] in order to generate the motion mask.

Einstein

Panda

Figure 4: Reconstruction for Sora [§]] generated Video
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3 Visualization on the AIGC Video

Recent advances in generative models, such as Sora [8]], enable the synthesis of photorealistic videos
with dynamic camera motion and complex scenes. One important application of our method is
integrating with the Al generated content (AIGC) creation. We apply our reconstruction pipeline
to Sora generated video. As illustrated in Figure[d} we generate a 5-second video using Sora with
prompts such as Einstein riding a bear and a panda playing guitar. More results are included in the
supplementary files.
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