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How can dynamic Gaussian Splatting deliver the 
high fidelity of neural motion while rendering 

100+ FPS faster than non-neural motion models?

When compared to DeformableGS, SpeeDe3DGS achieves
 11× FPS and 59% faster training on NeRF-DS and 
 29× FPS and 73% faster training on HyperNeRF.

On the 50 scenes in MonoDyGauBench, SpeeDe3DGS achieves
100+ FPS higher speed and better visual fidelity

than all non-neural motion baselines.

Temporal Sensitivity Sampling (TSS) adds an annealing temporal perturbation to the 
timestamp input of the deformation network during TSP score computation, 
revealing unstable primitives and suppressing floaters during pruning:

GroupFlow

We use our TSP + TSS score to prune low-sensitivity Gaussians during training, 
reducing the total number of Gaussians by over 90% while preserving fidelity.

𝒢 and 𝒟 are jointly optimized over training frames 𝒫ℊ𝓉, where 𝐼𝒢𝑡
𝜙  

is the rendered image at pose 𝜙 and timestep 𝑡. 𝑔𝑖  is the projected 
contribution of Gaussian 𝒢𝒾  in 𝐼𝒢𝑡

𝜙 . Motion models for dynamic 
Gaussian Splatting methods fall in two categories:
 

• Neural motion is slow but produces high visual fidelity.
• Non-neural motion is fast but produces lower visual fidelity.

Temporal Sensitivity Pruning
We compute a Temporal Sensitivity Pruning (TSP) score ෩𝑈𝒢𝑖

 for each Gaussian 𝒢𝑖  as 
the second-order sensitivity of the 𝐿2 reconstruction error to its projected value:

Our GroupFlow method distills the high-fidelity per-Gaussian neural 
deformations into a smaller set of efficient grouped SE(3) transforms.

 

1. We start with a dense dynamic Gaussian Splatting model, where each Gaussian 𝒢𝒾  
1. is represented as a sequence of mean positions ℳ𝒾 = {𝜇𝑖

𝑡}𝑡=0
𝐹−1.

2. Then, we initialize 𝐽  control trajectories {ℎ𝑗
𝑡} and assign each mean 𝜇𝑖  to the most 

1. similar control point ℎ𝑗  using trajectory similarity score:

3. We fit a group-wise SE(3) flow to each group ℳ𝒿  using Umeyama alignment.
3. The rotation 𝑅𝑗

𝑡  and translation 𝑇𝑗
𝑡  applied to 𝜇𝑖 ∈ ℳ𝒿  at timestep 𝑡 are:

4. The shared flow {ℎ𝑗
0, 𝑅𝑗

𝑡 , 𝑇𝑗
𝑡} is optimized jointly with the scene, reducing the

4. number of transforms per frame from 𝑵  (per-Gaussian) to 𝑱   (per-group).
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