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1 OVERVIEW
With in the supplemtantary, we provide:

e Details of Adaptive Optimization in Sec. 2
e Hyperparameter Settings in Sec. 3
e More Results in Sec. 4

2 DETAILS OF ADAPTIVE OPTIMIZATION

Based on the unique temporal characteristics of each Gaussian
primitive, we apply distinct optimization schedules. Integrating the
state function over time intervals enables us to represent the sam-
pling probability of Gaussian primitives in the temporal domain:
I = F(teng) — F(tstart), Here, F(t) represents the cumulative dis-
tribution function (CDF) of the Gaussian primitive’s state function

y(2).

t

F(t) = P(x < 1) :/ k55 0 1)
We approximate F(t) based on[10]:
S -] 1
Q(t):‘/_m\/ﬁe dezl—m, (2)

To transform it into the form of F(t), we employ the method of
integration by substitution:
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Therefore, we can obtain F(t):

Vo (t
F 2 0(V2k 0
(t) = N Q(Vv2 (10)

For each Gaussian primitive Q?D with distinct o; and 7, we can
derive F;(t) based on Eq. 10. Then, we obtain I; for each Q?D ,

thus adopting different optimization schedules for each Gaussian
primitive.

3 HYPERPARAMETERS SETTINGS

We predominantly adhere to the hyperparameter settings of 3DGS[6].

Specifically, the batch size in training is set to 4 , and we initialize
the learning rate of Scale-aware Residual Field parameters at 3.2e-3,
which decays to 3.2e-6 by the end of training. Similarly, we initial-
ize the learning rates of all tiny MLP decoders at 1.6e-4, decaying
to 1.6e-7 by the end of training. Furthermore, we opt to abandon
the strategy of filtering out larger Gaussians in worldspace. Our
decision stems from the observation that this strategy results in
incomplete backgrounds in our framework, thereby compromising
our rendering quality.

Different datasets are collected under different settings, cor-
responding to different initialization methods. For the D-NeRF
dataset[11], which involves monocular synthesized scene data, we
uniformly and randomly initialize 10,000 Gaussian primitives dis-
tributed within a cube of [—1.3, 1.3]3. Additionally, the temporal
position of each Gaussian is uniformly initialized within the range
of 0 to 1. We adopt a warm-up strategy with 1,000 iterations to
train the scene as static, compensating for geometric information
loss due to the absence of initialized point clouds. We trained these
synthesized scenes using a black background. Additionally, we set
the opacity reset interval to 2,000 iterations to accelerate training.
The total training duration is set to 20,000 iterations.

For the multi-view real-world Plenoptic Video dataset[7], we
utilize point clouds generated by COLMAP as our initialization
point cloud. To achieve more accurate scene boundaries, in addition
to using point clouds from the first frame, we incorporate sparse
point clouds generated from subsequent frames after undergoing
sparse filtering. The total number of initial points for each scene
is around 40,000. The temporal position of each Gaussian is also
uniformly initialized within the range of 0 to 1. In this setting,
warm-up is not necessary. We set the opacity reset interval to 3,000
iterations to align with 3DGS[6].

4 MORE RESULTS

The evaluation results for D-NeRF are illustrated in Fig. 1. This
figure contains a typo in the full paper, and we have corrected it here.
Comparing with state-of-the-art (SOTA) methods[2-5, 11, 14], the
per-scene evaluation results are presented in Tab. 1 for the D-NeRF
dataset. Similarly, for the Plenoptic Video dataset, the per-scene
evaluation results compared with SOTA methods[1, 2, 4, 8,9, 12-15]
are shown in Tab. 2.
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Figure 1: Comparison on Quality and Speed. There is a typo
in the full paper, and we have corrected it here.

In comparison with [14], more qualitative comparisons are pre-
sented in Fig. 2. More results regarding dynamic-static segmenta-
tion in real-world scenes are presented in Fig. 3. Additionally, the
depth map can alse be obtained through Gaussian splatting during
the rendering process,as shown in Fig. 3.

We rendered a video of dynamic scenes using the flame steak
scene of Plenoptic Video dataset as an example. The viewpoints
were uniformly sampled on a sphere to validate the capabilities of
our SaRO-GS in free-viewpoint interaction with dynamic scenes.
The results are shown in the video file ’'SaRO_Free_trajectory_example.mp4’.
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Figure 2: Qualitative comparison with [14] on the Plenoptic Video dataset.
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Figure 3: Depth map and Segmentation of dynamic and static scenes.
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