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Fig. 1: Qualitative comparison over Waymo-NOTR Datasets. On the left, we showcase results from novel view synthesis;
on the right, results from dynamic scene reconstruction are displayed.

Abstract— Photorealistic 3D reconstruction of street scenes
is a critical technique for developing real-world simulators for
autonomous driving. Despite the efficacy of Neural Radiance
Fields (NeRF) for driving scenes, 3D Gaussian Splatting (3DGS)
emerges as a promising direction due to its faster speed and
more explicit representation. However, most existing street
3DGS methods require tracked 3D vehicle bounding boxes
to decompose the static and dynamic elements for effective
reconstruction, limiting their applications for in-the-wild sce-
narios. To facilitate efficient 3D scene reconstruction without
costly annotations, we propose a self-supervised street Gaus-
sian (S>Gaussian) method to decompose dynamic and static
elements from 4D consistency. We represent each scene with 3D
Gaussians to preserve the explicitness and further accompany
them with a spatial-temporal field network to compactly model
the 4D dynamics. We conduct extensive experiments on the
challenging Waymo-Open dataset to evaluate the effectiveness
of our method. Our S>Gaussian demonstrates the ability to
decompose static and dynamic scenes and achieves the best
performance without using 3D annotations.
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I. INTRODUCTION

Autonomous driving has made significant progress in
recent years and developed various techniques in each stage
of its pipeline including perception [20], [52], [16], [41],
prediction [14], [12], [22], and planning [8], [6], [7]. With the
emergence of end-to-end autonomous driving which directly
outputs the control signal from sensor inputs [15], [17], open-
loop evaluation of autonomous driving systems ceases to be
effective and thus requires pressing improvement [49], [21].
As a promising solution, real-world closed-loop evaluation
requires sensor inputs for controllable views, which moti-
vates the development of high-quality scene reconstruction
methods. [39], [44].

Despite numerous efforts on photo-realistic reconstruction
on small-scale scenes [24], [25], [4], [18], [40], the large-
scale and highly dynamic characteristics of driving scenarios
pose new challenges to the effective modeling of 3D scenes.
To accommodate these, most existing works adopt tracked
3D bounding boxes to decompose static and dynamic el-
ements [45], [43], [39]. Still, the costly annotations of 3D
tracklets limit their applications for 3D modeling from in-the-
wild data. EmerNerf [46] addressed this by simultaneously
learning the scene flow and using it to connect corresponding
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points in the 4D NeRF field for multi-frame reconstruction,
enabling the emergence of decomposition between static and
dynamic objects without explicit bounding boxes. However,
3D driving scene modeling has been undergoing a shift from
NeRF-based reconstruction to 3D Gaussian Splatting due to
its desire for low latency and explicit representation. Though
EmerNerf demonstrated promising results, it can only be
used for NeRF-based scene modeling, which takes a long
time for training and rendering. It is still unclear how to
achieve 3D Gaussian Splatting for urban scene reconstruction
without explicit 3D supervision.

To address the above issues, we propose a Self-Supervised
Street Gaussians named S®Gaussian, offering a robust so-
lution for dynamic street scenes without requiring 3D super-
vision. Specifically, to handle the complex spatial-temporal
deformations inherent in driving scenes, S®Gaussian intro-
duces a cutting-edge spatial-temporal field for scene decom-
position in a self-supervised manner. This spatial-temporal
field incorporates a multi-resolution Hexplane structure en-
coder alongside a compact multi-head Gaussian decoder. The
Hexplane encoder is designed to decompose the 4D input
grid into multi-resolution, learnable feature planes, efficiently
aggregating temporal and spatial information from the dy-
namic street scenes. During the optimization process, the
multi-resolution Hexplane structure encoder effectively sep-
arates the entire scene, achieving a canonical representation
for each scene. Dynamic-related features are stored within
the spatial-temporal plane, while static-related features are
retained in the spatial-only plane. Leveraging the densely
encoded features, the multi-head Gaussian decoders calculate
the deformation offsets from the canonical representations.
These deformations are then added to the 3D Gaussians’
attributes, including position and spherical harmonics, al-
lowing for a dynamic alteration of the scene representation
conditioned on time series.

II. RELATED WORK

Street Scene Reconstruction for Autonomous Driving
Simulation. In recent years, a lot of effort has been put
into reconstructing scenes from autonomous driving data
captured in real scenes. Existing self-driving simulation
engines such as CARLA [9] or AirSim [31] suffer from
costly manual effort to create virtual environments and the
lack of realism in the generated data. The rapid develop-
ment of Novel View Synthesis (NVS) techniques, including
NeRF [24] and 3DGS [18], has attracted considerable
attention within the arena of autonomous driving. Numerous
studies [29], [37], [39], [47] have investigated the appli-
cation of these methods for reconstructing street scenes.
Block-NeRF [35] and Mega-NeRF [38] propose segmenting
scenes into distinct blocks for individual modeling. Urban
Radiance Field [28] enhances NeRF training with geometric
information from LiDAR, while DNMP [23] utilizes a pre-
trained deformable mesh primitive to represent the scene.
Streetsurf [13] divides scenes into close-range, distant-view,
and sky categories, yielding superior reconstruction results
for urban street surfaces. In terms of geometric under-

standing, OccNeRF [50] advances volumetric rendering by
leveraging temporal photometric consistency to reconstruct
3D occupancy in unbounded scenes without explicit 3D
supervision. For modeling dynamic urban scenes, NSG [27]
represents scenes as neural graphs, and MARS [43] employs
separate networks for modeling background and vehicles, es-
tablishing an instance-aware simulation framework. With the
introduction of 3DGS [18], DrivingGaussian [53] introduces
Composite Dynamic Gaussian Graphs and incremental static
Gaussians, while StreetGaussian [45] optimizes the tracked
pose of dynamic Gaussians and introduces 4D SH (spherical
harmonics) for varying vehicle appearances across frames.
However, these methods fail to qualify the ability to divide
dynamic and static scenes automatically. PVG [5] pioneered
this extension by introducing periodic vibration-based tem-
poral dynamics for unified representation of both static and
dynamic elements, but have poor render performance.

Therefore, we propose S3Gaussian, which can differenti-
ate between dynamic and static scenes in a self-supervised
manner without the need for additional annotations, and per-
form high-fidelity and real-time neural rendering of dynamic
urban street scenes, which is crucial for autonomous driving
simulation.

III. METHODOLOGY

We aim to learn a spatial-temporal representation of the
dynamic environment of the street from a sequence of images
captured by moving vehicles. However, due to the limited
number of observation views and the high cost of obtaining
ground truth annotations for dynamic and static objects,
we aim to learn the scene decomposition of both static
and dynamic components in a fully self-supervised man-
ner, avoiding the supervision of extra annotations including
bounding boxes for dynamic objects, segmentation masks
for the scene decomposition, and optical flow for the motion
perception. To achieve these objectives, we propose a novel
scene representation named S>Gaussian.

A. 4D Gaussian Representations

As depicted in Figure 2, our scene representations include
3D Gaussians [18] G and a Spatial-temporal Field Network
F. To depict static scenes, 3D Gaussians are characterized
by a covariance matrix ¥ and a position vector X, referred
to as the geometric attributes. For a stable optimization, each
covariance matrix is further factorized into a scaling matrix
S and a rotation matrix R:

Y =RSSTRT (1)

In addition to the position and covariance matrices, each
Gaussian is also assigned an opacity value @ € R and
color C € R3*:+1)” defined by spherical harmonic (SH)
coefficients, where k represents the degrees of SH functions.

The Spatial-temporal Field Network takes the position
of each Gaussian X and the current timestep ¢ as input,
producing spatial-temporal features f. After decoding these
features, the network can predict the displacement AG of
each point relative to canonical space while also obtaining
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Fig. 2: Pipeline of S3Gaussian. To tackle the challenges in self-supervised street scene decomposition, our method consists
of a Multi-resolution Hexplane Structure Encoder to encode 4D grid into feature planes and a multi-head Gaussian Decoder
to decode them into deformed 4D Gaussians. The entire pipeline is optimized without extra annotations in a self-supervised
manner, leading to superior scene decomposition ability and rendering quality.

semantic information f; through the semantic feature de-
coder D,. We detail it in Sec. III-B.

B. Spatial-temporal Field Network

The primary focus of vanilla 3D Gaussians Splatting is on
tasks in static scenes. However, the real world is dynamic,
especially in contexts like autonomous driving. This makes
the transition from 3DGS to 4D a crucial and challenging
endeavor. Firstly, in dynamic scenarios, the views captured
by each moving camera at each time step are sparser than
in static scenes, making individual modeling of each time
step exceptionally difficult due to this sparsity. Therefore, it
becomes imperative to consider information sharing across
time steps [11].

Moreover, modeling all Gaussian points in space and time
is impractical for large-scale or long-duration scenarios like
autonomous driving due to significant memory overhead.
Hence, we propose leveraging an efficient Gaussian-based
spatial-temporal network to model 3D Gaussian motion. This
network comprises a Multi-resolution Hexplane Structure
Encoder and a minimal Multi-head Gaussian Decoder. It only
needs to maintain a set of canonical 3D Gaussians and model
a deformation field for each timestep. This field predicts
displacement and color changes relative to the canonical
space 3D Gaussians, thus capturing Gaussian motion [42].
Additionally, we incorporate a simple semantic field to assist
in automatically decomposing static and dynamic Gaussians.

a) Multi-resolution Hexplane Structure Encoder.: To
efficiently aggregate temporal and spatial information across
timesteps, considering that adjacent Gaussians often share

similar spatial and temporal characteristics, we employ the
Multi-resolution Hexplane Structure Encoder £ with a tiny
MLP ¢,,, to represent dynamic 3D scenes effectively inspired
by [31], [10], [11], [32]. Specifically, the HexPlane decom-
poses the 4D spatial-temporal grid into six multi-resolution
learnable feature planes spanning each pair of coordinate
axes, each endowed with an orthogonal axis. The first three
planes P.,, P.., P,. represent spatial-only dimensions,
while the latter three P, Py, P represent spatial-temporal
variations. This decoupling of time and space is beneficial
for separating static and dynamic elements. Dynamic objects
become distinctly visible on the spatial-temporal plane, while
static objects solely manifest on the spatial-only plane.

Additionally, to promote spatial smoothness and coherence
while compressing the model and reducing the number of
features stored at the highest resolution, inspired by Instant-
NGP’s multi-scale hash encoding [26], our hexplane encoder
comprises multiple copies of different resolutions. This rep-
resentation effectively encodes spatial features at various
scales. Therefore, our formulation is:

P e REPxems (i 5) € {(2,y), (,2), (¥, 2),
(1), (3, 1), (1)}, pe{L,2}

where d is the hidden dimension of features, p stands for
the upsampling scale, and r equals to the basic resolution.
Giving a 4D coordinate (x,y, z,t), we then obtain the neural
voxel features and merge all the features using a tiny MLP
¢m as follows:

f(ac,y,z,t) = ¢m(UHW(PZ’w£;(T7y’Z7t))) 3
o

2

10301



where wipj projects 4D coordinate (x,y, z,t) onto the corre-
sponding plane, and 7 denotes bilinear interpolation, used
for querying voxel features located at the four vertices.
We merge the planes using Hadamard product to produce
spatially localized signals, as discussed in [11].

b) Multi-head Gaussian Decoder.: We use separate
MLP heads D = (Dsy,D.,Ds) to decode the features
obtained in Sec. III-B. Specifically, we employ a seman-
tic feature decoder to compute semantic features f, =
Ds(f(z,y, z,t)). Considering that most autonomous driv-
ing scenarios involve rigid motion, we only consider de-
formation in the position of the Gaussians, thus Az =
D.(f(x,y, z,t)). Additionally, considering factors like il-
lumination, the appearance of the scene varies with its
global position and time. Therefore, we also introduce an
SH coefficient head to model the 4D dynamic appearance
model ASH = Dgy(f(x,y,2,t)). Finally, our deformed
4D Gaussians are formulated as: G = {X + AX,C +
AC, 8,10, fs}.

C. Self-supervised Optimization

a) LiDAR Prior Initialization.: To initialize the posi-
tions of the 3D Gaussians, we leverage the LiDAR point
cloud captured by the vehicle instead of using the original
SEFM [30] point cloud to provide a better geometric structure.
To reduce model size, we also downsample the entire point
cloud by voxelizing it and filtering out points outside the
image. For colors, we initialize them randomly.

b) Optimization Objective.: The loss function of our
method consists of seven parts, and we jointly optimize our
scene representation and Spatial-temporal field using it. L,.gp
is the L1 loss between rendered and ground truth images and
Lssim measures the similarity between them. Lgep is the
L2 loss between the estimated depth map from the LiDAR
point cloud and the rendered depth map, used to supervise the
expected position of the Gaussians [46], [53]. The rendered
depth is computed using the positions of the Gaussians.
Leqr is the L2 loss of semantic feature. Following [10],
[33], [11], we also introduce a grid-based total-variational
loss L,. Given that most elements in the scene are static, we
introduce regularization constraints into the spatial-temporal
network to enhance the separation of static and dynamic
components. We achieve this by minimizing the expectation
of E(AX) and E(AC), which encourages the network only
to produce offset values when necessary. Then, the total loss
function can be formulated as follows:

L= /\rgb‘crgb + Adep75h£olepth + Afeat‘C']%at
+ )\ssimﬁssim + >\tv£tv + )\fegﬁz"eg + )\lr/egﬁﬁeg
where )\rgb = 1.0, )\depth = O.]., >\feat = 0.]., )\ssim = 0.].,
Aty = 0.1, A%, = 0.01, and \Y,, = 0.01 are the weights

reg reg
assigned to each loss component.

“4)

IV. EXPERIMENTS
A. Experimental Setup

Datasets. NOTR dataset is a subset of the Waymo Open
dataset [34] curated by [46]. In contrast, many public

datasets with LiDAR data suffer from a severe imbalance,
eg. nuScenes [1] and nuPlan [2], predominantly featuring
simple scenes with few dynamic objects. Therefore, we
utilize NOTR’s dynamic32 (D32) and static32 (S32) datasets,
totaling 64 scenes, to obtain a diverse standard for evaluat-
ing our static and dynamic reconstruction. Furthermore, we
follow StreetGaussian [45]. employ the six scenes selected
from the Waymo Open dataset [34], which are characterized
by complex environments and significant object motion.
Baseline Methods. We evaluate our approach against
state-of-the-art methods, including NeRF-based models and
3DGS-based models. MARS [43] is a modular [36] simulator
based on NeRF, utilizing 2D bounding boxes to train NeRF
for static and dynamic objects respectively. NSG [27] learns
latent codes to model moving objects with a shared decoder.
EmerNeRF [46] also builds upon NeRF but self-supervises
the modeling of dynamic scenes by optimizing flow fields,
representing the current SOTA in self-supervised learning
for dynamic driving scene representations. The 3DGS [18]
model employs anisotropic 3D Gaussian ellipsoids as an
explicit 3D scene representation, achieving the strongest
performance across various tasks in static scenes. StreetGaus-
sian [45], the latest Gaussian-based method, introduces time
into SH coefficients, reaching SOTA performance as well,
albeit also utilizing 2D tracked boxes. For a fair comparison,
we also apply LiDAR point cloud initialization to 3DGS,
and depth regularization to 3DGS and MARS, mirroring our
approach.

Implementation Details. We train our model for 50,000 iter-
ations using the Adam optimizer [19], following the learning
rate configurations of 3D Gaussians [18]. Additionally, we
employ 5,000 steps of pure static 3D Gaussian training [18]
as a warm-up for the scene [42]. For the reconstruction of
long sequence scenes, we divide the scene into multiple clips,
so the varying durations of the scene do not become a factor
in motion pattern learning. Specifically, we use 50 frames
per clip, where the optimized Spatial-temporal field serves
as the initialization for the Spatial-temporal field of the next
sequence with 50 steps. Our method maintains consistency
in most cases by extending the state of the previous clip into
the next one. The basic resolution for our multi-resolution
HexPlane encoder is set to 64, then upsampled by 2 and
4 as [42]. The learning rate of it is set as 1.6 X 1073,
decayed to 1.6 x 10~* at the end of trainging. Each decoder
in the multi-head decoder is a small MLP with the same
learning rate as the HexPlane encoder. Other hyperparame-
ters are kept consistent with 3DGS[18]. In the experiments
conducted on the Waymo-NOTR dataset, we strictly adhered
to the experimental settings of EmerNeRF [46]. Similarly,
for the Waymo-Street dataset, our experimental setup closely
followed StreetGaussian [45]. All experiments are conducted
on NVIDIA Tesla V100 with 22GB GPU memory. And
S3Gaussian costs about 10GB GPU memory for training.

B. Comparisons with the State-of-the-art

The results on the Waymo-NOTR dataset demonstrate
that our approach consistently outperforms other methods
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Fig. 3: Visualization of HexPlane voxel grids, showcasing its capability to decompose static and dynamic elements. Spatial-

only grid refers to the spatial voxel parameters, while the temporal grid refers to its time features.
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Fig. 4: Qualitative comparison over Waymo-Street Datasets [45]. All results are from novel view synthesis. Compared to
StreetGaussian [45], our method demonstrates a stronger ability to self-supervisedly reconstruct distant dynamic objects and
is more sensitive to changes in scene details.

TABLE I: Overall performance of our methods with existing SOTA approaches on the Waymo-NOTR dataset[46]. "PSNR*”
and ”SSIM*” denote the PSNR and SSIM of dynamic objects respectively. The best and the second best results are denoted
in bold and underlined.

. Scene Reconstruction Novel View Synthesis

Data  Metrics
3DGS MARS EmerNeRF Ours 3DGS MARS EmerNeRF  Ours
PSNR?T 28.47 28.24 28.16 3135 2514 26.61 25.14 27.44
SSIM+ 0.876 0.866 0.806 0911 0.813 0.796 0.747 0.857
D32  LPIPS| 0.136 0.252 0.228 0.106 0.165 0.305 0.313 0.137
PSNR*1  23.26 23.37 24.32 26.02 2048 22.21 23.49 22.92
SSIM*1 0.716 0.701 0.682 0.783  0.753 0.697 0.660 0.680
PSNR?T 29.42 28.31 30.00 30.73  26.82 27.63 28.89 27.05
S32 SSIMt 0.891 0.879 0.834 0.883  0.836 0.848 0.814 0.825
LPIPS]) 0.118 0.196 0.201 0.116 0.134 0.193 0.212 0.142

TABLE 1II: Quantitative results on StreetGaussian

) i - and LPIPS [51] as metrics to evaluate rendering quality.
datasets [45]. We strictly follow the experimental setting.

LPIPS is a perceptual-based metric to assess visual qual-

Metrics 3D GS NSG MARS EmerNeRF  StreetGaussian ~ Ours ity, ensuring the reconstructed scenes align with human
PSNRf  20.64 2831  31.37 32.34 34.96 34.61 perception of dynamic environments. For the dynamic32
SSIM 0918 0862  0.904 0.886 0.945 0.950 g . .

LPIPSTL 0117 0346 0.246 0.142 0.068 0.050 dataset, we additionally include PSNR* and SSIM* metrics
PSNR*f 1648 1955  23.07 25.71 2546 25.78 focusing on dynamic objects. Specifically, we project the

in scene reconstruction and novel view synthesis, as shown 3D bounding boxes of dynamic objects onto the 2D image

in Tab. I. For the static32 dataset, we utilize PSNR, SSIM, ~ Plane and calculate pixel loss only within the projected
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Fig. 5: Visual ablation results on the Waymo-NOTR dynamic32 dataset.
TABLE III: Quantitative ablation studies on Waymo-NOTR dynamic32 datasets.

W/O Semantic Decoder Dgy

W/O SH Decoder Dg

‘W/O Position Decoder D,

Task Metrics w/o Pfj w/o Dy  wlo Dgg  wlo Ds  w/o Warm-up ‘ Ours
PSNR1 18.702 29.861 31.458 31.605 31.390 32.135
Scene SSIM?t 0.4793 0.8871 0.9157 09174 0.9173 0.9355
Reconstruct ~ PSNR*4 16.800 24.626 26.420 26.556 26.628 27.046
SSIM*4 0.3627 0.7521 0.8162 0.8182 0.8213 0.8284
PSNR?T 17.245 25.850 27.959 27.981 27.955 28.417
NVS SSIM?T 0.4499 0.8174 0.8616 0.8624 0.8641 0.8641
PSNR*1 15.613 21.385 21.385 23.402 23.681 23.974
SSIM*4 0.3118 0.6386 0.6386 0.7138 0.7117 0.7175

boxes as [46], [45]. Our metrics outperform those of other
existing methods, indicating the superior performance of our
approach in modeling dynamic objects. Moreover, although
static scene representation is not our primary focus, our
method also performs exceptionally well in this aspect. Thus,
our approach is more versatile and general.

We also conducted qualitative comparisons, as shown in
Fig. 1. We emphasized regions with significant differences to
provide a clearer demonstration. From the figure, it is evident
that our method surpasses the state-of-the-art (SOTA) in both
the synthesis of new viewpoints (left side of Fig. 1) and
reconstruction (right side of Fig. 1) of static and dynamic
scenes. Although 3DGS [18] faithfully reconstructs static
objects, it fails when dealing with dynamic objects and
struggles with reconstructing distant skies. The reconstruc-
tion quality of MARS [43] is poor, being effective only for
very short sequences, and it struggles to reconstruct fast-
moving objects. While EmerNeRF [46] can self-supervise
the reconstruction of static and dynamic objects, the re-
construction quality is unsatisfactory, with issues such as
ghosting, loss of plant texture details, missing lane markings,
and blurry distant scenes. For novel view synthesis, our
method can generate high-quality rendered images and en-
sure consistency between multiple camera views. In dynamic
scene reconstruction, we accurately simulate dynamic objects
in large-scale scenes, particularly distant dynamic objects,
and mitigate issues such as loss, ghosting, or blurriness
associated with these dynamic elements. Tab. II presents
the results on the dataset collected by StreetGaussian [45].
StreetGaussian is a state-of-the-art method for Gaussian-

TABLE IV: Comparison on Dynamic-32 subset of NOTR
dataset.

Method PSNRT SSIM{ LPIPS| PSNR*t SSIM*t
4D-GS [48]  30.04  0.898  0.114 2458 0.731
Ours 3135 0911 0106  26.02 0.783

based dynamic object representation. Our approach performs
similarly to StreetGaussian, but with the distinction that
StreetGaussian uses additional bounding boxes to model
dynamic objects, whereas our approach does not require
any explicit supervision. As shown in Fig. 4, compared
to StreetGaussian [45] which uses explicit supervision, our
method excels in self-supervised reconstruction of distant
dynamic objects. Additionally, our method is more sensitive
to changes in scene details, such as variations in traffic
lights. Furthermore, StreetGaussian exhibits noise in the sky,
resulting in a decrease in rendering quality.

Fig. 6: Left: ground truth, middle: reconstruction, right:
decomposition.

C. Instance-level Decomposition

Due to the explicit nature of the Gaussian representation,
with the additional semantic feature implemented for each
Gaussian, we are able to perform clustering on all the
Gaussians and use the clustering results to enable control
over individual instances. We conduct primitive experiments
for instance-level understanding as shown in Fig 6.
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D. Comparisons with 4D-GS

We further include a comparison with 4D-GS in Table IV
for the reconstruction task on the Waymo datasets. The
results demonstrate our method is clearly different from 4D-
GS and performs better reconstruction quality.

E. Ablation and Analysis

We investigate the effectiveness of our method and its
various components. Due to time constraints, we select 20
sequences from NOTR dynamic32 [46] for analysis, and
all models are trained for a shorter duration of 30,000
iterations. Tab. IIl presents the quantitative results, while
Fig. 5 showcases the visual comparison results.
Multi-resolution Hexplane Structure Encoder. Compared
to purely explicit methods, the proposed HexPlane encoder
Pfj allows for memory savings and enables retention of
different dimensions of spatial-temporal information in the
scene through various resolutions. Discarding this module
and relying solely on a shallow MLP ¢,, fails to accu-
rately establish spatial-temporal fields and cannot simulate
Gaussian deformations. Both Tab. III and Fig. 5 demonstrate
this, without this module, our rendering quality sharply
declines. We also provide visualizations of the features of
this encoder, as shown in Fig. 3. As an explicit module,
we can easily optimize all Gaussian features on a single
voxel plane. From Fig. 3, it is evident that the voxel plane
features mainly concentrate on the moving parts of the scene.
The trajectories of moving vehicles in the scene extend from
the bottom-right to the top-right corner. As a result, spatial
plane features are primarily concentrated in the bottom-right
corner, whereas temporal plane features are predominantly
observed on the right side. These patterns demonstrate that
our encoder successfully captures both spatial and temporal
information. This capability allows us to effectively self-
supervise the decomposition of static and dynamic compo-
nents, as illustrated in Fig. 3 and Fig. 2.

Multi-head Gaussian Decoder. Our proposed multi-head
Gaussian decoder can decode voxel features. As indicated in
Tab. III, disabling this component would impact rendering
quality greatly. Additionally, as shown in Fig. 5, disabling
the D, decoder and only training Gaussian in canonical
space would introduce significant noise. The noise stems
from Gaussian points initialized by LiDAR point clouds,
resulting in a series of Gaussian points along a moving
vehicle’s trajectory. If these points are not deformed, it
becomes challenging to optimize them afterward. On the
other hand, omitting the semantic feature decoder Dy and
color deformation decoder Dgy primarily affects rendering
details. For example, in Fig. 5, the geometric structure of the
truck becomes blurrier without these components.

Static Gaussian Warm-up. According to Fig. 5, we found
that directly training the 4D Gaussians without first opti-
mizing 3D Gaussians for warm-up not only reduces con-
vergence speed but also affects the final rendering quality.
Additionally, it stabilizes the network by avoiding early-stage
numerical errors [42].

V. CONCLUSION

In this paper, we propose S>Gaussian, a self-supervised
street Gaussian method to differentiate dynamic and static
elements in complex driving scenes. S3Gaussian employs
a Spatial-temporal Field Network to achieve the scene de-
composition, which consists of a Multi-resolution Hexplane
Structure Encoder and a Multi-head Gaussian Decoder.
Given a 4D grid in global space, the proposed Hexplane
encoder aggregates features into dynamic or static planes.
Then we deform these features into 4D Gaussians. The entire
pipeline is optimized without any extra annotations.
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