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In this supplementary material, we provide additional
implementation details in Sec. A. In Sec.B, we showcase the
plug-and-play functionality of our approach, demonstrating
how CoDa-4DGS enhances the performance of both vanilla
4DGS [8] and S3Gaussian [4]. Sec. C presents visualiza-
tion results for 4D dynamic scene editing, highlighting the
distinctions between our method and prior work that pre-
dominantly focuses on 3D. In Sec. D, we provide visual
results for novel view synthesis, addressing scenarios with
large ego-view angle shifts, thereby extending beyond pre-
vious evaluations that primarily consider small frame tran-
sitions in test sets. Additionally, Sec. E offers an in-depth
conceptual comparison with recent works, while Sec.F pro-
vides experimental results on efficiency and explores poten-
tial improvements. Sec. G includes extended 4D visualiza-
tions to demonstrate the robustness and versatility of our
approach.

A. Implementation details
In the implementation, for context awareness, we follow
and use LSeg [6] to maintain 128-dimensional semantic
features that link each Gaussian with temporal deforma-
tion. Thus, context awareness is represented by aggre-
gated semantic features across all Gaussians, i.e. fcon ∈
RN×128. Temporal deformation awareness is built on ∆G,
such that fdef ∈ RN×62, where for SH coefficients k = 48.
Additionally, the frame information is binarized and en-
coded as a periodic function to generate a time embedding
ftime ∈ RN×64. Since our primary comparison is with
S3Gaussian [4], we adopted similar hyperparameters. We
train for 50,000 steps, with a learning rate set to 1.6e−3,
which decays to 1.6e−4. For our loss function, we as-
sign weights for each as follows: λrgb = 1, λd-ssim = 0.2,
λtv = 1, λdepth = 0.5, λf = 1.
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B. Plug-and-play

The core functionality of CoDa-4DGS lies in extract-
ing temporal deformation awareness and context aware-
ness, followed by Gaussian deformation compensation us-
ing DCN. This streamlined interface design makes CoDa-
4DGS a plug-and-play method. When integrating CoDa-
4DGS, we only need to focus on two aspects: acquir-
ing temporal deformation awareness and context awareness.
Since context awareness depends on components related to
2D foundation models, selecting an appropriate foundation
model is essential to complement CoDa-4DGS effectively.
For temporal deformation awareness, it is crucial to ensure
that the embedded method can extract temporal deforma-
tion, such as the vanilla 4DGS.

To validate the plug-and-play functionality of CoDa-
4DGS and its performance improvements over baseline
methods, we conducted ablation studies using vanilla 4DGS
and S3Gaussian on Scene 22 and Scene 02, respectively.
To ensure a fair comparison, we used identical hyperpa-
rameters, including learning rate, number of iterations, and
the number of frames. As shown in Tab. 1, incorporating
CoDa-4DGS led to performance improvements across all
metrics for both vanilla 4DGS and S3Gaussian, with ap-
proximately a 2% increase in global PSNR. Notably, the
improvement in dynamic PSNR was even more signifi-
cant, aligning with the findings in the main paper. These
results demonstrate that CoDa-4DGS effectively enhances
rendering performance for dynamic objects through defor-
mation compensation, making it particularly beneficial for
autonomous driving scenarios.

C. Scene editing

In CoDa-4DGS, each Gaussian is trained to encode 4D se-
mantic features, enabling context awareness. This allows
us to use text encoding to generate a corresponding refer-
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