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Featured Application

High-fidelity and temporally stable reconstruction of dynamic road scenes for autonomous-driving
simulation, rare-event replay, and closed-loop evaluation.

Abstract

Dynamic street-scene reconstruction from sparse viewpoints over long temporal spans is challenged by
temporal instability, ghosting near occlusions, and background drift. This paper presents SPT-Gauss, a
Gaussian-splatting framework that improves dynamic reconstruction without object-level annotations
by combining dense semantic priors with lightweight, parameter-level temporal regularization. SPT-
Gauss distills per-pixel semantic features from a frozen 2D foundation model into 4D Gaussian
primitives, estimates static and dynamic regions via a dual-evidence motion mask, and regularizes
temporal parameters through a semantic-guided velocity constraint and a static-lifetime prior to
suppress spurious background motion. Experiments on the Waymo Open Dataset and KITTI show
consistent improvements over representative baselines in both 4D reconstruction and novel-view
synthesis, with reduced temporal artifacts and improved fidelity in motion-challenging regions.

Keywords: dynamic scene reconstruction; 4D Gaussian splatting; temporal consistency; semantic
distillation; novel view synthesis; autonomous driving

1. Introduction

Autonomous driving in open-road environments increasingly benefits from dynamic 3D represen-
tations that are measurable, renderable, and editable throughout the perception—prediction—planning
pipeline [1]. High-fidelity reconstruction provides geometric priors and occlusion completion for
downstream tasks such as detection, segmentation, and tracking, while photorealistic neural rendering
enables replay of rare events for adversarial testing and closed-loop evaluation. From a systems per-
spective, incremental updates and long-term maintenance of 3D/4D assets across edge, roadside, and
cloud deployments can reduce operational costs and improve robustness in complex traffic scenarios.

Novel view synthesis (NVS) and neural rendering have progressed from implicit volumetric
radiance fields such as NeRF [1] to a variety of acceleration and sparsification techniques, including
multi-resolution hash grids, explicit radiance tensors, and factorized plane representations [2-5]. More
recently, explicit point-based formulations have drawn increasing attention due to their efficiency
and editability. In particular, 3D Gaussian Splatting (3DGS) enables real-time rendering and fast
convergence for static scenes via differentiable rasterization and depth-ordered compositing [6].
Extending 3DGS to dynamic scenes typically requires introducing time-varying parameters (e.g.,
positions, rotations, opacity, or learned deformations) and enforcing temporal regularization to reduce
drift, ghosting, and flickering across frames [7-16].
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(a) Ground-truth (b) Teacher semantic map

(c) Rendered RGB (d) Student semantic map
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Figure 1. Overview of SPT-Gauss. (a) Ground-truth view; (b) teacher semantic map; (c) rendered RGB; (d) student
semantic map after 2D-to-4D distillation; (e) stabilized static-background rendering enabled by temporal con-
straints; (f) pseudo-colored depth; (g) motion mask from dual-evidence fusion; (h) per-pixel velocity magnitude.

Among dynamic Gaussian formulations, periodic-vibration models provide a compact way to
incorporate time with minimal changes to the explicit representation. They parameterize each primitive
with differentiable temporal oscillations and lifetime decay, allowing static background and moving
agents to be represented under a unified set of temporal parameters while preserving efficiency and
editability [12,17]. Related directions jointly estimate scene motion and appearance using neural flow
or spatiotemporal Gaussian coupling, enabling label-efficient dynamic reconstruction and multimodal
synthesis (e.g., RGB, depth, and optical flow) [13,18]. Instruction- or constraint-driven editing has also
been explored on Gaussian backbones [19].

Dynamic reconstruction in urban driving remains challenging due to large-scale structure, persis-
tent motion, frequent occlusions, and sparse viewpoints. Methods with object-level priors decompose
background and agents using 3D boxes, masks, or tracking, offering controllable rendering and editing
[20-23]. However, such pipelines depend on substantial annotations and engineering effort. Weakly
supervised and self-supervised approaches reduce reliance on object-level labels via scene decom-
position, canonicalization, and deformation modeling, but they often suffer from background drift
and temporal instability over long sequences or under heavy occlusions. Recent work mitigates these
issues with staged training, temporal consistency losses, and geometry-aware regularization [7,24-27].
In parallel, feature distillation injects high-level semantics from 2D foundation models into explicit
3D/4D representations, supporting retrieval, editing, and weak-label propagation [28,29]. Large-scale
encoders such as CLIP, DINOv2, SAM, LSeg, and Mask2Former provide strong teacher signals for
dense semantics [30-35].

These observations motivate a practical question: how can one improve temporal stability and
dynamic reconstruction quality in driving scenes without relying on object-level annotations, while
preserving the efficiency and editability of Gaussian splatting? In this work, we propose SPT-Gauss,
a dynamic Gaussian framework that integrates semantic priors with lightweight parameter-level
temporal constraints under a periodic-vibration model. The framework consists of three components.
First, it performs 2D-to-4D semantic distillation by transferring pixel-aligned features from a frozen 2D
foundation model to 4D Gaussians, equipping each primitive with a compact semantic vector. Second,
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it constructs a dual-evidence motion mask by combining teacher-student feature discrepancy with
semantic priors, and stabilizes the separation with temporal voting. Third, it introduces two parameter-
level temporal constraints, including a semantic-guided velocity constraint and a static-lifetime prior,
which regularize temporal parameters to suppress background drift and reduce long-sequence jitter.

Contributions are summarized as follows: (1) We present a 2D-to-4D semantic-distillation scheme
that transfers dense semantics from 2D foundation models to 4D Gaussians, yielding compact per-
primitive semantic vectors for analysis and editing. (2) We propose a dual-evidence motion mask
that fuses teacher—student feature discrepancy with semantic priors, and apply temporal voting to
obtain robust static/dynamic separation for supervision routing and temporal regularization. (3) We
introduce parameter-level temporal constraints, including a semantic-guided velocity constraint and
a static-lifetime prior, to reduce background drift and temporal jitter and to improve long-sequence
stability and rendering quality.

2. Materials and Methods

This section describes the proposed semantic- and temporal-prior driven dynamic Gaussian frame-
work, SPT-Gauss. As shown in Figure 2, the pipeline consists of five parts: preliminaries, 2D-to-4D
semantic distillation, dual-evidence motion masking, semantics-driven temporal constraints, and opti-
mization. The framework integrates dense 2D semantic priors with lightweight temporal modeling under
a periodic-vibration Gaussian representation, and it is trained without object-level annotations.
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Figure 2. Overall pipeline of SPT-Gauss. The method distills dense 2D semantics into 4D Gaussians, estimates
motion masks via dual-evidence fusion, and applies parameter-level temporal constraints for improved temporal
stability in dynamic street scenes.

2.1. Preliminaries: 3DGS and PVG

3D Gaussian Splatting (3DGS) represents a scene using a set of anisotropic Gaussian primitives.
Each primitive stores a 3D center, anisotropic scale and rotation, opacity, and appearance parameters.
Rendering is performed by differentiable rasterization and depth-ordered alpha compositing [6,36]. A
single 3D Gaussian is defined as

Gi(x) =exp( = (x =) T (x — ) M

where p; is the 3D center and X; = R;S;S;' R/ is the covariance parameterized by rotation R; and scale
S;. After projection to the image plane, the 2D covariance is approximated by

L =JWLW'JT, )

where W is the world-to-camera extrinsic transform and J is the Jacobian approximation of perspective
projection. For a pixel, the rendered color is computed by depth-sorted a-compositing:
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where «; depends on the primitive opacity and its projected footprint at the pixel, and ¢; denotes the
appearance.

Standard 3DGS is time-invariant, which limits its applicability to road scenes with persistent
motion (e.g., vehicles and pedestrians). Periodic Vibration Gaussians (PVG) introduce a compact
temporal parameterization, in which each primitive follows a differentiable oscillatory trajectory and
a lifetime-controlled visibility decay around a peak time 7 [17]. For each primitive, PVG defines a
temporal period /, a velocity vector v, and a lifetime scale 3

() =pu+ % sin(w) v,

4)
5(t) = o exp( - T)Z;s—2).
The primitive state at time ¢ is H(t) = {ji(t), q, s, 3(t), ¢}, and the rendered image is
I = Render({Hi(t)}fil; K;, Et), (5)
with intrinsics K; and extrinsics E;. We define the staticness ratio as
o =B/, (6)

where larger p indicates longer visibility relative to the oscillation period. When v = 0 and p — oo,
PVG reduces to standard 3DGS. In this way, static and dynamic content share the same rendering
backbone and are differentiated only by temporal parameters {v, 8,1, T}.

2.2. 2D-to-4D Semantic Distillation (SD)

Reconstruction losses alone may not reliably disentangle camera-induced appearance changes
from real-world motion. We therefore distill dense semantic features from a frozen 2D foundation
model into the 4D Gaussian representation, so that each primitive carries a compact semantic vector
used for prior injection and motion masking.

We adopt Language-driven Segmentation (LSeg) as the teacher [33], whose pixel features are
aligned to the CLIP text space [30]. Given an RGB frame I at time ¢, the teacher feature map is

On the student side, each primitive is assigned a learnable semantic vector feep, ;- Analogous to RGB

rendering, the student semantic feature at pixel p is computed by alpha-composited aggregation over
the depth-sorted visible set V(p, t):

FS(Prt): 2 wi(p/t>fsem,ir (8)

i€V(pt)

where w;(p, t) are the standard compositing weights induced by a-blending (i.e., w; = T;a;). To match
the teacher feature dimensionality, we apply a lightweight linear projection head U(-):

Fs(p,t) = U(Fs(p,t)). )
We minimize a pixel-wise L, distillation loss:

Lop = fmpezﬂ IE(p.t) — F(p)],

(10)

where Q) is the pixel set at the current resolution. After optimization, semantics are embedded into
per-primitive vectors feem,; and propagated over time through PVG.
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2.3. Dual-Evidence Motion Mask (DEMM)

Using the teacher features F; and the rendered student semantics E,, we estimate a motion mask
from two complementary cues: (i) teacher-student feature discrepancy and (ii) a semantic prior
indicating regions that are likely static. The fusion yields a soft static probability map d(p,t) € (0,1),
which is used as a differentiable weight in temporal constraints; binary masks can be obtained for
visualization or evaluation.

2.3.1. Teacher-student feature discrepancy

For static surfaces, multi-frame observations correspond to the same world points and the student
features are expected to match the teacher features. Pixels on moving objects or near occlusion
boundaries tend to show discrepancies. We define a pixel-wise cosine dissimilarity:

D(p,t) =1—cos(F(p,t), F(p))- (11)
Larger D(p, t) indicates a higher likelihood of motion or inconsistent alignment.

2.3.2. Semantic prior and fusion

Using the teacher model, we obtain class scores {Si(p, t) } and form a soft static prior by summing
scores over a set of static-leaning categories Cstat (€.g., road, building, sky):

Msem(p,t) = Y Sk(p.t). (12)

k eCsfa‘(

We fuse the two cues with a logistic regressor to produce the static probability:

o(p,t) =ofa- (1= D(p,t)) + b Msem(pt) + ), (13)
where o (+) is the sigmoid and 4, b, ¢ € R are learnable scalars. For binary masks, we threshold ¢:
Mat(p,t) =10(p, 1) > ), Mgy (p,t) = 1= Mdu(p,t), (14)
with 7, = 0.5 by default.

Temporal voting (conservative merge).

To reduce frame-wise errors, we perform temporal voting over a window 7 (t) centered at ¢ (e.g.,
Tt)={t—r,...,t,...,t +r}). We adopt a conservative merge strategy: a pixel is marked static only
if it is consistently static across the window (intersection), while it is marked dynamic if it is predicted
dynamic in any frame (union):

MS’tat(p/ t) = /\ Mgtat(P’ t,)/ Mdyn(Pit) = \/ ngn(P/ t/)' (15)
teT(t) teT(t)

In training, we use the soft weight J(p, t) (not binarized) for differentiability; the temporally voted
binary masks are used for qualitative visualization and optional evaluation.

2.4. Semantics-Driven Temporal Constraints

We impose temporal constraints to suppress spurious motion on static regions while maintaining
temporal coherence for dynamic targets. The constraints are applied at the parameter level of PVG by
using (i) the pixel-level static probability (p, t) and (ii) a back-projected per-primitive static weight
w$t, which measures how strongly primitive i contributes to pixels with high static probability.

Back-projected static weight.

For a frame at time ¢, we define
w;(p,t) o(p,t
wlstat(t> _ ZPEQ z(p ) (P )’ (16)
ZPEQ wi (P/ t) +¢€
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where w;(p,t) are compositing weights, () is the pixel domain, and ¢ is a small constant. When

stat

summing losses across a mini-batch, we use w$*" averaged over frames in the batch.

2.4.1. Semantic Velocity Constraint (SVC)

We apply a semantic gate to modulate the PVG velocity magnitude. For primitive i, we compute
a gate from its semantic vector:

8i = U(w;—fsem,i + bg) € (Or 1)/ eff = 8i 9, (17)

where wg and b, are learnable parameters. The PVG trajectory uses vfff (all other rendering components
remain unchanged). To measure projected motion, we compute a symmetric-step displacement in the
image plane using a fixed A:

V(Prt): Z wi P, HHP‘Z t+A)) H(ﬂi(t_A))
ieV(p.t)

y (18)

where I1(-) denotes camera projection. We penalize projected motion on pixels with high static
probability:
'U | Ql Z 5 P/ p, ) (19)

peQ

2.4.2. Static-Lifetime Prior (SLP)

Constraining instantaneous speed may still allow slow drift over long sequences. We therefore
regularize the PVG staticness ratio for primitives that contribute to static regions. For each primitive,

define
pi = Bi/li, (20)
and impose a lower bound p* weighted by the back-projected static weight:
Lo= Zw?tat max (0, p* — p;), (21)
1

where p* > 0 controls the preference for long lifetime relative to the oscillation period.

2.5. Optimization

We optimize the Gaussian parameters using a reconstruction loss combined with semantic
distillation and temporal constraints. The photometric term is a weighted sum of pixel-wise L
and SSIM: . .

Legh = M [Tt — It]l1 + Assim (1 — SSIM(I, It)). (22)
In addition, LiDAR point clouds are projected onto the camera plane to form sparse inverse-depth
maps [37,38]. Let Z;(p) denote the sparse inverse depth and Mgep(p) the validity mask. We use a
masked L depth loss:

1

Edep = W p;) Mdep(p) }Zt(P) —Zi(p)|, (23)
where Z;(p) is the rendered inverse depth.
We regularize semantic vectors and PVG velocities with
Lreg = Z | fserm,il13 + Z loi][3- (24)
The overall objective is
L = Ligp +AspLsp + Ao Lo + ApLp + AdepLaep + Areg Lreg- (25)

To avoid over-penalizing motion before geometry and appearance stabilize, we apply a warm-start
schedule: Agsp=1.0 (constant); A, increases linearly from 0 to 0.5 over the first 5k iterations; A, = 0.15;

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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and the staticness lower bound p* increases linearly from 1.0 to 1.5 over the first 15k iterations. Unless
otherwise specified, we use Areg=1x10"*% for ; || fsem,||3 and ¥; ||v;]|3 (implemented by scaling the
corresponding terms), and set Agep in [0.1, 0.3] depending on scene sparsity.

3. Results

3.1. Experimental Setup
3.1.1. Datasets

We evaluate SPT-Gauss on two widely used large-scale road-scene benchmarks, the Waymo
Open Dataset and KITTI [37,38]. Waymo Open provides synchronized multi-camera and multi-LiDAR
sequences with accurate timestamps and calibration. Following PVG [17], we select four challenging
urban sequences. Three forward-facing cameras are used for training at 960 x 640, and a fourth camera
is held out for novel-view synthesis (NVS) evaluation. KITTI provides multi-view camera streams
and vehicle poses. Following the SUDS protocol [39], we select motion-rich sequences and use the
left-right stereo pair (1242 x 375) for training and evaluation.

3.1.2. Evaluation Protocols

We use two evaluation protocols on Waymo for clarity and reproducibility. (i) Main comparison
protocol: all methods in Table 1 and Table 2 are evaluated on the same set of four sequences following
PVG [17], with identical camera splits for reconstruction and NVS. (ii) Ablation protocol: the ablation
study in Table 3 is conducted on a reduced subset of Waymo sequences to enable faster and controlled
analysis of module behaviors. Therefore, absolute values in Table 3 are intended for relative comparison
among ablated variants only and are not directly comparable to the main comparison results.

3.1.3. Metrics

We report PSNR (1), SSIM (1), and LPIPS (J) [40,41] for 4D reconstruction and NVS. To analyze
reconstruction quality across different regions, we additionally report static-region PSNR (S-PSNR) and
dynamic-region PSNR (D-PSNR) computed using estimated motion masks. These region-wise metrics
provide complementary insights into static/dynamic behavior; they are used consistently across
methods under the same protocol. We compare against representative NeRF-based and Gaussian-
splatting-based baselines, including 3DGS [6], SUDS [39], StreetSurf [42], EmerNeRF [27], MARS [43],
PVG [17], and CoDa-4DGS [26].

3.1.4. Implementation Details

All experiments are performed on one NVIDIA vGPU with 48 GB memory. Gaussians are
initialized from the ego-LiDAR point cloud (instead of SfM). Time-related parameters are initialized
neutrally (v;=0, [;=1, ;=1). For stable early optimization, the linear layers used for semantic gating
and evidence fusion are initialized to produce near-neutral outputs (so that g; ~ 0.5 and J ~ 0.5 at
initialization). The LSeg teacher is frozen; its per-pixel features are cached offline (optionally quantized
to 8-bit) to reduce memory usage during training. We use Adam (51=0.9, 2=0.999) with an initial
learning rate of 2x 1073, cosine-decayed to 1x10~# [44,45]. The batch size is 2, gradients are clipped
at 1.0, and we adopt a two-stage resolution curriculum: a pre-warm phase at one-quarter resolution
followed by a ramp to full resolution to jointly optimize distillation and temporal constraints. Loss
weights follow the warm-start schedule in Equation (25).

3.2. Quantitative Evaluation

Table 1 summarizes the main results on Waymo Open and KITTI under the main comparison
protocol. Across both benchmarks, SPT-Gauss improves PSNR/SSIM and reduces LPIPS compared
with recent Gaussian-based baselines such as PVG and CoDa-4DGS. Table 2 reports performance
on dynamic regions of Waymo. SPT-Gauss improves D-PSNR by +3.22 dB and D-SSIM by +0.059
over PVG under the same evaluation protocol, suggesting that incorporating semantic priors and
parameter-level temporal constraints can improve reconstruction quality in motion-dominant areas.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 1. Quantitative comparison on Waymo Open and KITTI under the main comparison protocol. We report 4D reconstruction and NVS performance. Higher is better for PSNR/SSIM (1); lower is

better for LPIPS (/).

Waymo Open Waymo Open KITTI KITTI

Method 4D Reconstruction NVS 4D Reconstruction NVS
PSNR (1) SSIM (1) LPIPS (J) PSNR (1) SSIM (1) LPIPS (J) PSNR (1) SSIM (1) LPIPS (J) PSNR (1) SSIM (1) LPIPS ({)

3DGS [6] 27.99 0.866 0.293 25.08 0.822 0.319 21.02 0.811 0.202 19.54 0.776 0.224
StreetSurf [42] 26.70 0.846 0.372 23.78 0.822 0.401 24.14 0.819 0.257 22.48 0.763 0.304
EmerNeRF [27] 28.11 0.786 0.373 25.92 0.763 0.384 26.95 0.828 0.218 25.24 0.801 0.237
SUDS [39] 28.83 0.805 0.317 25.36 0.783 0.384 28.83 0.917 0.147 26.07 0.797 0.131
MARS [43] 21.81 0.681 0.430 20.69 0.636 0.453 27.96 0.900 0.185 24.31 0.845 0.160
CoDa-4DGS [26] 30.16 0.898 0.240 26.04 0.857 0.269 30.53 0.926 0.095 25.48 0.871 0.142
PVG [17] 32.46 0.910 0.229 28.11 0.849 0.279 32.83 0.937 0.070 27.43 0.879 0.114

SPT-Gauss (Ours) 34.12 0.926 0.189 30.23 0.905 0.197 34.50 0.955 0.057 29.80 0.903 0.108
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https://doi.org/10.20944/preprints202602.0290.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 February 2026 d0i:10.20944/preprints202602.0290.v1

9of 14

Table 2. Performance on dynamic regions of Waymo Open under the main comparison protocol. Region-wise
scores are computed using ground-truth camera segmentation masks provided by Waymo (evaluated on labeled
frames only).

Method D-PSNR (1) D-SSIM (1)
3DGS [6] 18.65 0.803
EmerNeRF [27] 24.56 0.819
CoDa-4DGS [26] 26.08 0.871
PVG[17] 27.60 0.862
SPT-Gauss (Ours) 30.82 0.921

Table 3. Ablation on Waymo Open under the ablation protocol (reduced subset). Absolute values are not directly
comparable to Table 1.

Setting PSNR SSIM LPIPS D-PSNR D-SSIM

w/oSD 33.28 0956 0.072  32.89 0.951
w/o DEMM 3420 0.965 0.066 33.80 0.958
w/oSVC 35.02 0969 0.066  34.22 0.966
w/o SLP 3528 0969 0.062  34.45 0.967

Full 35.54 0.971 0.060 34.63 0.970

3.3. Qualitative Evaluation

Figure 3 presents qualitative comparisons on Waymo Open and KITTIL. Gaussian-based dynamic
representations such as PVG and CoDa-4DGS can exhibit temporal artifacts in challenging regions,
including ghosting near occlusion boundaries and background drift around moving objects. SPT-Gauss
reduces these artifacts in many cases and produces visually more stable renderings, especially in static
structures while retaining motion details.

Ground-truth 3DGS Coda-4DGS PVG Ours

Figure 3. Qualitative comparison results. The first two rows are from Waymo Open, and the last two rows are
from KITTI. From left to right: Ground Truth, 3DGS, PVG, CoDa-4DGS, and SPT-Gauss.

Figure 4 further compares dynamic—static decomposition between PVG and SPT-Gauss. PVG
may show motion leakage into the static layer and aliasing artifacts in the dynamic layer. In contrast,
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SPT-Gauss yields cleaner separation in the shown examples, with dynamic components concentrating
on moving objects and static components maintaining sharper textures.

Ground-truth

Figure 4. Comparison of dynamic and static decomposition. The first column shows the ground truth (top) and
the full reconstruction of SPT-Gauss (bottom). The remaining columns show decomposition results of PVG and
SPT-Gauss, where the top and bottom rows represent dynamic and static components, respectively.

4. Discussion
4.1. Ablation Study and Mechanism Analysis

We conduct an ablation study on Waymo under the ablation protocol (reduced subset) to analyze
the contribution of each component. All training configurations are kept identical across variants,
except for disabling the corresponding module. Because the submodules in SPT-Gauss are coupled
(e.g., motion masking and temporal constraints rely on distilled semantics), removing an upstream
component can change the behavior of downstream modules. Therefore, the ablation results are
primarily used to compare variants within the same protocol and to interpret module interactions.

Table 3 summarizes the ablation results on the reduced subset. Disabling any component degrades
performance, indicating complementary contributions of semantic distillation, motion masking, and
parameter-level constraints. Removing SD reduces reconstruction metrics, consistent with the role of
dense semantic guidance. Removing DEMM or SVC mainly affects dynamic-region performance, sug-
gesting that reliable motion separation and velocity regularization are important for motion-dominant
areas. Removing SLP tends to reduce long-term stability, consistent with its role in discouraging slow
drift.

To illustrate the role of semantic distillation in motion estimation, Figure 5 compares motion
masks with and without SD. Without semantic guidance, masks can be noisier and may activate on
background regions, while enabling SD typically yields more compact dynamic regions and cleaner
static areas in the shown examples.
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Figure 5. Motion-mask comparison with and without semantic distillation (SD). The first column shows the
ground truth; the next two columns correspond to results without SD (w/o SD) and with SD (w/ SD), respectively.

4.2. Limitations and Future Work

SPT-Gauss relies on the quality and domain coverage of the teacher semantic model, and per-
formance can degrade under conditions that are under-represented by the teacher or training data
(e.g., extreme lighting changes, adverse weather, or sensor noise). In addition, periodic temporal
parameterization may be less expressive for non-periodic, abrupt motions. Future work will ex-
plore domain-robust semantic distillation, more expressive temporal parameterizations, and stronger
cross-sensor constraints to improve robustness in diverse driving conditions.

5. Conclusions

This paper presents SPT-Gauss, a dynamic Gaussian framework that integrates dense 2D semantic
priors with parameter-level temporal constraints under a periodic-vibration representation, without
requiring object-level annotations. The method distills per-primitive semantic vectors from a frozen
2D foundation model and uses a dual-evidence motion mask to support static/dynamic separation. By
regularizing temporal parameters via a semantic-guided velocity constraint and a static-lifetime prior,
SPT-Gauss reduces background drift and improves temporal stability in long driving sequences while
preserving the efficiency and editability of Gaussian splatting. Experiments on Waymo Open and
KITTI demonstrate consistent improvements over representative baselines in both reconstruction and
novel-view synthesis, with additional gains in motion-dominant regions under the same evaluation
protocol.

6. Patents

There are no patents resulting from this work.

Supplementary Materials: The following supporting information can be downloaded at the website of this paper
posted on Preprints.org.
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Abbreviations

The following abbreviations are used in this manuscript:

3DGS 3D Gaussian Splatting

PVG Periodic Vibration Gaussian

NVS Novel View Synthesis

LiDAR Light Detection and Ranging

SPT-Gauss  Semantics-driven Periodic Temporal Gaussian
SD Semantic Distillation

DEMM Dual-Evidence Motion Mask

SvC Semantic Velocity Constraint

SLP Static-Lifetime Prior

SSIM Structural Similarity Index Measure

LPIPS Learned Perceptual Image Patch Similarity
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