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Abstract

Existing dynamic scene rendering methods often struggle to
preserve sharp edges and maintain temporal consistency. To
address these challenges, we introduce Edge 4D Gaussian
Splatting (Edge4DGS), a real-time rendering framework that
renders fine-grained geometry from sparse monocular inputs
in dynamic scenes. Edge4dDGS proposes a hybrid geometric
representation that augments Gaussian primitives with con-
vex hulls, enabling accurate modeling of hard surfaces and
complex boundaries. To enhance spatial precision, we intro-
duce edge consistency regularization leveraging optical flow,
guiding Gaussian distributions to align with true object con-
tours. To enforce temporal coherence, we extend the regular-
ization from discrete time steps to continuous unit intervals,
enabling accurate motion modeling and reducing flickering
artifacts. A two-stage coarse-to-fine optimization further im-
proves geometric fidelity while preserving computational ef-
ficiency. Extensive experiments on monocular and multi-view
motion datasets demonstrate that Edge4DGS achieves real-
time, high-resolution rendering and consistently surpasses
state-of-the-art methods, reducing LPIPS by 56.25%.

Introduction

High-fidelity reconstruction and real-time rendering of dy-
namic 3D scenes from sparse inputs remain a core challenge
in computer graphics, crucial for realism and stability in VR,
video editing, and visual effects (Knapitsch et al. 2017; Hed-
man et al. 2018; Barron et al. 2022; Pumarola et al. 2021;
Park et al. 2021b; Li et al. 2022b). Existing methods often
require dense input data or exhibit spatiotemporal artifacts in
complex scenes. This problem is important in high-demand
visual domains, such as film-grade VFX and AR/VR, where
the human visual system is sensitive to edge discontinu-
ities and temporal inconsistencies. Neural Radiance Fields
(NeRFs) synthesize novel views via implicit volumetric ren-
dering but require dense ray sampling, making them ineffi-
cient for real-time scenarios (Mildenhall et al. 2020; Park
et al. 2021a; Tretschk et al. 2021; Pumarola et al. 2021;
Song et al. 2023; Du et al. 2021; Gao et al. 2021). 3D Gaus-
sian Splatting (3DGS) (Kerbl et al. 2023) enables real-time
rendering with Gaussian distributions but struggles with fine
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and complex edges. This limitation is amplified in 4D exten-
sions, where temporal dynamics introduce additional tempo-
ral inconsistencies.

Recent 4D extensions for dynamic scene modeling (Wu
et al. 2023; Yang et al. 2023b; Duan et al. 2024) integrate
temporal information into the rendering pipeline. However,
these methods exhibit several key limitations. Due to the
inherent smooth nature of Gaussian primitives, they strug-
gle to preserve fine-grained spatial details, especially sharp
structural boundaries, resulting in blurred edges. Further-
more, their temporal modeling often makes it hard to cap-
ture continuous motion trajectories, leading to temporal jit-
ter and unstable edge representations in dynamic scenes.
These methods are further constrained in handling complex
motion and lack explicit mechanisms for modeling struc-
tural boundaries, neglecting geometric continuity and edge
alignment. As a result, it is challenging to maintain tempo-
rally stable, sharp renderings under sparse input conditions.
These limitations underscore the need for a robust, edge-
aware framework that jointly models geometry and motion
with enhanced spatial precision and temporal coherence.

High-fidelity rendering of dynamic scenes from sparse in-
puts poses several fundamental challenges. First, achieving
a balance between smooth rendering and edge precision is
nontrivial: naively reducing Gaussian scales may sharpen
edges but introduces spatial discontinuities, underfitting, and
instability during optimization. Rendering fine edges with-
out substantially increasing the number of Gaussian primi-
tives or computational overhead remains difficult. Second,
maintaining spatiotemporal coherence requires temporally
consistent representations; however, modeling time indepen-
dently often leads to instability and disrupts spatial continu-
ity, further degrading temporal consistency in rendered re-
sults. Third, developing a fully differentiable pipeline capa-
ble of multi-level rendering for structured scenes adds com-
putational complexity to the system.

To address the challenges of accurate edge rendering and
temporal consistency, we propose Edge 4D Gaussian Splat-
ting (Edge4DGS), a novel dynamic scene rendering frame-
work that integrates explicit geometric modeling with spa-
tiotemporal regularization. Edge4dDGS decomposes the ren-
dering problem into four core components. First, to address
the limitations of Gaussian primitives in capturing sharp
edges, we propose a hybrid geometric representation that



augments Gaussian primitives with differentiable convex
hulls. Constructed from sparse point sets and tightly enclos-
ing edge regions, these convex hulls enable precise model-
ing of complex object boundaries and hard surface transi-
tions. Unlike existing methods that rely on Gaussian prim-
itives, our hybrid representations exploit the complemen-
tary strengths of both representations: Gaussians provide
smooth, compact volumetric coverage, while convex hulls
preserve high-frequency structural detail. The convex hulls
are initialized using a Fibonacci sphere sampling strategy
and optimized end-to-end via differentiable projection and
rasterization within the rendering pipeline. This design sub-
stantially improves geometric fidelity in sparse-input, dy-
namic scenarios.

Furthermore, to maintain consistent edge localization
over time, we introduce a novel edge consistency regular-
ization based on optical flow. By modeling pixel trajectories,
this regularizer penalizes temporal misalignment in both ge-
ometry and appearance, enforcing photometric and geomet-
ric coherence across time. We minimize deviations in optical
flow within edge regions to promote temporal alignment of
dynamic structures, reducing artifacts caused by deforma-
tion or occlusion. Integrating this regularization into the op-
timization enhances both stability and realism, resulting in
sharp and temporally coherent edge rendering under chal-
lenging dynamic conditions.

To capture both global structure and fine-grained detail in
dynamic scenes, we design a two-stage optimization strat-
egy that progressively refines the scene representation. In the
coarse stage, Gaussian primitives are optimized to efficiently
model large-scale geometry and motion, enabling a stable
initialization. In the fine stage, differentiable convex hulls
are jointly optimized with Gaussians to recover complex sur-
face boundaries and sharp edges that Gaussians alone cannot
represent. This joint optimization adaptively refines geom-
etry in edge-dense regions while preserving temporal con-
sistency. The coarse-to-fine strategy strikes a balance be-
tween accuracy and efficiency, enabling precise edge ren-
dering from sparse inputs without incurring substantial com-
putational overhead. This unified framework addresses both
the spatial expressiveness and temporal stability limitations
of existing dynamic scene rendering methods, enabling ef-
ficient and accurate reconstruction of complex, real-world
environments.

To further enhance temporal coherence and mitigate mo-
tion inconsistencies, we extend edge consistency regulariza-
tion from discrete frame pairs to continuous unit time inter-
vals. Unlike existing methods that enforce consistency only
at separate time steps, our formulation penalizes variations
in optical flow across a temporal interval, allowing for robust
modeling of motion dynamics. By the temporal regulariza-
tion, Edge4DGS constrains the temporal motion of convex
hulls to promote geometric continuity and appearance con-
sistency. This facilitates the precise rendering of fine-grained
geometric features in dynamic regions. Overall, by learn-
ing transferable edge-aware features, Edge4DGS effectively
addresses the long-standing challenge of fine-grained edge
rendering in dynamic scenes. Even under sparse input con-
ditions, it accurately predicts edge appearance for moving
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Figure 1: Simplified illustration. Our edge consistency reg-
ularization extends from separate time steps to continuous
time intervals, ensuring temporal coherence. Red lines indi-
cate convex hulls; circles represent point sets.

objects, enabling high-fidelity, temporally consistent render-
ing. Overall, our contributions are as follows:

* A hybrid geometric representation that integrates Gaus-
sian primitives with convex hulls, enabling an accurate
rendering of sharp and complex surface boundaries.

* An edge consistency regularization leveraging optical
flow to guide Gaussian distributions toward true ob-
ject boundaries, improving the rendering fidelity of fine-
grained edges in dynamic scenes.

* A temporal extension of edge consistency regularization
from individual time steps to unit time intervals, enforc-
ing motion coherence and enabling temporally consistent
edge rendering.

* A two-stage coarse-to-fine optimization for edge-aware
rendering, enhancing geometric fidelity while reducing
point redundancy and memory overhead.

Related Work

In this section, we first review novel view synthesis. We then
examine dynamic scene modeling, discussing limitations in
rendering fine edges.

Novel View Synthesis. Novel view synthesis continues to
be a central challenge in 3D reconstruction (Mildenhall et al.
2019; Srinivasan et al. 2019; Zhou et al. 2018; Broxton et al.
2020; Li et al. 2018; Su et al. 2020; Guo et al. 2019; Hu et al.
2022; Flynn et al. 2019; Kutulakos and Seitz 2000; Wood
et al. 2023). Traditional techniques rely on interpolation or
geometric models (Debevec, Taylor, and Malik 1996; Levoy
and Hanrahan 1996; Gortler et al. 1996; Buehler et al. 2001;
Penner and Zhang 2017; Seitz and Dyer 1999; Guo et al.
2015; Li et al. 2017). Neural Radiance Fields (NeRF) is an
advanced volumetric rendering method that implicitly mod-
els the color and density of points using MLPs (Mildenhall
et al. 2020; Riegler and Koltun 2020; Verbin et al. 2022;
Kopanas et al. 2022; Bemana et al. 2022; Mildenhall et al.
2020, 2021; Barron et al. 2021; Zhang et al. 2020). Some
extensions combine with voxel grids (Yi et al. 2023; Liu
etal. 2023; Wang et al. 2023a) and meshes (Thies, Zollhofer,
and NieBner 2019; Waechter, Moehrle, and Goesele 2014),
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Figure 2: Framework Overview. After initialization, the sparse point cloud passes through six HexPlanes that decompose space-
time into 2D planes. Features from these planes are fused via a lightweight MLP into a 4D Gaussian representation, which the
deformation network uses to predict Gaussian motion. The deformed Gaussians are projected to 2D to form convex hulls,
capturing complex geometries with flexibility and accuracy. Red lines show convex hulls; black dots indicate point sets.

which further enhance rendering quality. However, despite
various optimizations (Miiller et al. 2022; Fridovich-Keil
et al. 2022; Chen et al. 2022; Yan, Li, and Lee 2023), real-
time rendering is still constrained by the need to sample
millions of rays. While 3DGS (Kerbl et al. 2023) enables
real-time rendering, limited regularization reduces geomet-
ric precision. Mip-Splatting (Yu et al. 2024) and Multi-Scale
3DGS (Yu et al. 2024) mitigate aliasing, but lack strict ge-
ometric constraints, limiting image quality. Edge4dDGS ad-
dresses this by introducing edge consistency regularization
with a multi-level representation for rendering complex ge-
ometries.

Challenges in Dynamic Scene Modeling. Traditional ren-
dering relies on explicit geometry, materials, and light-
ing models, reconstruct images via ray tracing or shad-
ing (Li et al. 2012; Collet et al. 2015; Kanade, Rander, and
Narayanan 1997; Zitnick et al. 2004). These methods need
extensive manual setup and are costly for complex scenes.
Neural Radiance Fields (NeRFs) address this by implicitly
modeling color and density with MLPs and differentiable
volumetric rendering, enabling high-quality novel view syn-
thesis. To improve rendering quality and adapt to dynamic
scenes, there are several extensions, such as deformation-
based framework (Park et al. 2021a; Du et al. 2021; Tretschk
et al. 2021; Pumarola et al. 2021; Fang et al. 2022), scene
decomposition (Gao et al. 2021; Song et al. 2023), keyframe
extraction (Li et al. 2022b; Attal et al. 2023), streaming (Li
et al. 2022a), flow field estimation (Li et al. 2021; Guo
et al. 2023; Tian, Du, and Duan 2023) and explicit rep-
resentation (Fridovich-Keil et al. 2023; Cao and Johnson
2023; Wang et al. 2023b; Fang et al. 2022; Gan et al. 2023;
Shao et al. 2023). However, NeRFs’ dense ray sampling
leads to slow training and rendering. 3D Gaussian Splat-
ting (3DGS) (Kerbl et al. 2023) addresses this by replac-
ing implicit fields with explicit 3D Gaussians and has been
extended to dynamic scenes (Luiten et al. 2023; Li et al.
2023; Yang et al. 2023a; Huang et al. 2024; Wu et al. 2023).
Modeling dynamic scenes is challenging because temporal
dynamics cause variations in Gaussian primitives, leading
to unstable motion and blurred edges. Edge4DGS addresses
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these challenges with a hybrid representation that explicitly
preserves fine-grained edges across time.

Method

As illustrated in Fig. 2, Edge4DGS reconstructs sharp edges
and complex boundaries from sparse inputs using a hybrid
representation of Gaussians and convex hulls. To capture
temporal dynamics, Edge4DGS introduces a unit time in-
terval to constrain motion variations of Gaussian primitives.
Furthermore, edge consistency regularization extends op-
tical flow supervision from discrete time steps to consecutive
temporal intervals, reducing temporal artifacts and enabling
precise edge rendering without increasing the point cloud
size.

Edge 4D Gaussian Splatting

To achieve high-fidelity edge rendering, we propose a hybrid
geometric representation that jointly leverages differentiable
convex primitives and Gaussian primitives. The representa-
tion is defined as

EdgedDGS = {G, C}. (1)
where G = {G,,}M_, denotes the set of M 3D Gaussian
primitives, and C = {C;}7/_, denotes the set of .J convex
primitives. Each Gaussian primitive is parameterized as

2

where p specifies its center position, q its orientation (rep-
resented as a quaternion), s its anisotropic scaling, and o
its opacity. The color c is modeled via spherical harmon-
ics (SH) coefficients to capture view-dependent appearance.
Each convex primitive C; is defined by a set of supporting
half-spaces and associated rendering parameters:

K;
C;= ({ujm bjitity: Tir Ki» 05 Cj)-

where uj; € R3 and bj; € R denote the unit outward
normal and offset of the ¢-th supporting plane, respectively;
7; > 0 controls the smoothness of the soft-max intersection;

G=(p,q, s, o0 c).

3)



£; > 0 modulates boundary sharpness; o; € [0, 1] speci-
fies global opacity; and c; € R® encodes color or radiance
coefficients.

To maintain spatiotemporal consistency in 4D, we intro-
duce a deformation field that captures geometric variations,
allowing 4D Gaussians to model dynamic scenes in a canon-
ical space while preserving physical coherence. Extending
3D Gaussian Splatting (3DGS) (Kerbl et al. 2023), origi-
nally designed for static scenes, to 4D is challenging: adding
time-conditioned parameters makes Gaussian distributions
evolve but introduces shape and position discontinuities
across time (Yang et al. 2023b). This breaks the stability of
differentiable rasterization and disrupts spatial consistency.
Similarly, 4D-RotorGS (Duan et al. 2024), while decoupling
space and time, fails to exploit spatial priors from previous
time, causing motion incoherence in dynamic scene render-
ing. To preserve the physical meaning of Gaussians in dy-
namic scenes, we use a deformation field that learns 4D
spatiotemporal features. Edge4dDGS takes monocular im-
ages with sparse point clouds. The deformation network D,
concists of MLPs, predicts position (6x), rotation (dr), and
scale (ds) changes for each Gaussian primitive, producing
deformed Gaussian primitives G(x+0x, r+dr, s+4s, 0, c),
efficiently rendered via differentiable Gaussian rasterization.

After effectively modeling the temporal variaitons, we in-
troduce convex hull modeling to effectively render scenes
with complex geometries and hard edges. The convex hull
constructs the smallest convex shape by processing the dis-
crete Gaussian point cloud, tightly enclosing the points for
a compact and accurate representation. A convex hull is
the smallest convex polyhedron that contains a given set of
points, forming a minimal enclosing shape, much like ’sur-
rounding’ the points with a thin wire. This approach allows
for efficient representation and approximation of complex
geometries’ outer contours. Unlike Gaussian distributions,
convex hulls provide a more precise representation of flat
surfaces and hard edges, eliminating the blurring effects typ-
ically associated with Gaussian-based models.

To enable efficient convex hull rendering, we first define
a point set that represents a 3D convex shape, rather than
constructing the convex hull directly. For each convex prim-
itive j, we model its geometry as the smooth intersection of
K supporting half-spaces. Each half-space is described by
a signed distance function

H;i(p) =)+ bji- @
where u;; € R? denotes the unit outward normal of the
i-th supporting plane and b;; € R its offset. To ensure dif-
ferentiability, we replace the conventional non-smooth max-
imum operator with a smooth approximation based on the
log-sum-exp formulation:

K,
S;(p) = Tl_hl(Z exp(T; Hj,i(p))>~ ©)

where the temperature parameter 7; > 0 controls the
approximation tightness: as 7; — oo, S;(p) approaches
max; H jﬂ;(p), whereas smaller values yield a softer, more

8926

rounded intersection. Using this smooth maximum, we de-
fine a differentiable inside—outside indicator:

1
1+ exp(/-ij Sj(p)) '

where x; > 0 modulates the transition sharpness between
interior and exterior regions. The implicit surface of the con-
vex is given by the level set S (p) = 0, where M, (p) = 0.5;
increasing ~; produces sharper boundaries. Finally, we as-
sign each convex primitive a global opacity o; € [0,1] and
define its spatial contribution as

a;(p) = 0; M;(p). @)
which can be interpreted as a smooth volumetric den-
sity or blending weight suitable for differentiable rendering
pipelines.

During optimization, the point set is allowed to move
freely, facilitating flexible shape deformation. The 3D points
are then projected onto a 2D image plane using a pin-
hole camera model, from which the 2D convex hull is con-
structed. This projection is computed using both intrinsic
and extrinsic camera parameters and is differentiable, allow-
ing for backpropagation during optimization. The 2D con-
vex hull is efficiently computed using the Graham Scan al-
gorithm (Graham 1972), which sorts points by polar angle
and checks the cross product to maintain convexity, ensuring
an accurate projection of the convex shape’s outline. Addi-
tionally, we initialize the point set of each convex shape us-
ing the Fibonacci sphere algorithm, distributing the points
evenly on a spherical surface centered at the point cloud’s
center. The size of each convex shape is determined by the
average distance to the three nearest smooth convex shapes.
This approach generates smaller convex shapes in dense re-
gions and larger ones in sparse regions, enabling adaptive
scaling based on local geometry. The 3DGS-based rasterizer
enables efficient backpropagation across multiple shapes,
with all operations, such as point projection and convex hull
computation, executed within custom CUDA kernels to en-
sure fast rendering.

Unlike previous method (Held et al. 2024) that depends
on complex hyperparameter tuning for geometry learning,
Edge4DGS utilizes strict edge consistency regularization to
boost rendering efficiency in dynamic scenes. This approach
achieves fine-grained, realistic rendering without sacrific-
ing real-time performance. Edge consistency regularization
within a unit time interval enhances the accuracy, realism,
and consistency of dynamic scene rendering, especially in
scenes with substantial motion and temporal variation.

M;(p) (6)

Optimization Scheme

We now present a detailed explanation of our edge con-
sistency regularization constraint. The initial set of smooth
convex shapes is derived from a sparse point cloud obtained
via structure-from-motion (SfM). However, the number of
these initial shapes is insufficient for accurately represent-
ing complex scenes. Significantly increasing the number of
Gaussians would result in excessive memory consumption.
Additionally, these shapes struggle to represent flat surfaces
effectively, as they are diffusely distributed in space. We use
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Figure 3: Qualitative Comparison on Plenoptic Video Dataset. Edge4DGS outperforms leading methods by rendering fine-
grained edges in dynamic regions, e.g., the rapidly moving head and the spiral pattern on the glass bottle cap. Furthermore, it
renders sharper reflections, as seen in the light distributions on the glass bottle in row 2.
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an adaptive control mechanism to dynamically add smooth
convex shapes. Unlike previous methods that directly split
convex shapes into K smaller ones to increase the number
of Gaussian distributions, we adopt a two-stage training pro-
cess to progressively capture complex edges. In the coarse
stage, we use standard Gaussians to learn the basic geomet-
ric contours of the scene. In the fine stage, we construct the
convex hull to efficiently represent and approximate more
intricate geometries. Unlike Gaussian distributions, our hy-
brid representations offer a more precise representation of
flat surfaces and hard edges, effectively avoiding the blur-
ring issues often associated with Gaussian-based models.

Furthermore, to improve texture rendering accuracy in
edge regions, we implement edge consistency regulariza-
tion, encouraging the Gaussian point cloud to be uniformly
distributed around actual surfaces. Optical flow tracks the
motion of adjacent pixels, aiding in the recovery of the pre-
cise shape and details of object surfaces. This regularization
effectively ensures accurate capture of motion in dynamic
objects or scenes, enhancing the detail and precision of the
final rendering and optimizing the distribution of the sparse
point cloud. In dynamic scenes, Edge4DGS not only tracks
the positional changes of objects but also helps identify and
adjust the motion direction of convex shapes, leading to bet-
ter spatial detail representation and accurate scene render-
ing.

To improve motion consistency in dynamic renderings,
we introduce edge consistency regularization, which con-
strains optical flow variations within a unit time interval.
Unlike traditional methods that infer pixel changes by us-
ing optical flow from previous frames, our approach directly
penalizes optical flow variations within the given time inter-
val. Optical flow captures detailed motion features, ensuring
smooth and coherent transitions across frames. This reduce
motion inconsistencies when rendering dynamic scenes. By
constraining flow variations within a unit time interval, our
approach accurately captures fine-grained motion details.
Edge4DGS effectively represents moving objects and scene
structure changes, resulting in more realistic edge render-
ings, especially in scenes with rapid motion and temporal
variation. For a given pixel 4, define flow,(t) as the optical
flow, 6t denotes the unit time interval. Our edge consistency
regularization over consecutive unit time intervals is formu-
lated as follows:

Lippige = Y _ Y ||flow,(t+ t) — flow,(t)|*.  (8)
5t i

We build upon the original 3DGS (Kerbl et al. 2023) by in-
corporating £; and SSIM losses between the rendered and
ground truth images. The final loss function is defined as
follows:

LEdgeapas = LapEdge + M L1+ A2Lssim + A3Liv. (9)
where L, is the grid-based loss (Wu et al. 2023) and ), is
the hyperparameter determined through validation.

Experiments
Datasets and Implementation Details

We evaluate our method on two dynamic scene datasets. The
Plenoptic Video Dataset (Li et al. 2022b) captures real-
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Method PSNR?T SSIM1 LPIPS| Train| FPST

DyNeRF (Li et al. 2022b)* 29.58 - 0.08 1344 h 0.015
StreamRF (Li et al. 2022a) 28.16 085 031 79min 8.50
HyperReel (Attal et al. 2023) 3036 092 0.17 9h  2.00
NeRFPlayer (Song et al. 2023) 30.69 - 0.11 6h 0.05
K-Planes (Fridovich-Keil et al. 2023) | 30.73 093  0.07 190 min 0.10
MixVoxels (Wang et al. 2023b) 30.85 096 021 91 min 16.70
MSTH (Wang et al. 2023a) 2946 092 0.17 36min 2.66
DeformablEdge4DGS (Wu et al. 2023) | 28.42 092  0.17 72 min 39.93
RealTimEdge4DGS (Yang et al. 2023b)| 29.95 0.92  0.16 8h 72.80
Ours 3533 097 0.07 72min 40.00

Table 1: Quantitative Comparison on Plenoptic Video
Dataset. *: trained on 8 GPUs and tested only on the Flame
Salmon scene.

Method PSNR? SSIMT LPIPS| Train| FPSt

D-NeRF (Pumarola et al. 2021) 2917 095 0.07 24h 013
TiNeuVox (Fang et al. 2022) 32.87 097 0.04 28min 1.60
K-Planes (Fridovich-Keil et al. 2023) | 31.07 097 0.02 54 min 1.20
FFDNeRF (Guo et al. 2023) 31.70 0.96 0.05 - < 1.20

MSTH (Wang et al. 2023a) 3040 097 0.05 9.80min -

V4D (Gan et al. 2023) 3267 097 0.05 1021h 2.64
Deformable3DGS (Yang et al. 2023a) | 39.31 099 0.01 26 min 8545
DeformablEdge4DGS (Wu et al. 2023) | 32.99 097 0.05 13 min 104.00
Real TimEdge4DGS (Yang et al. 2023b)| 32.71 0.97  0.03 10 min 289.07
Ours 40.00 099 001 13min 110.00

Table 2: Quantitative Comparison on D-NeRF Dataset.

world scenes with 17-20 GoPro views (1352x1014 resolu-
tion) featuring challenges like flames, shadows, and varied
materials. The D-NeRF Dataset (Pumarola et al. 2021) pro-
vides monocular sequences with 50-200 training and 20 test
images per scene, resized to 800x800. Our framework is im-
plemented in PyTorch (Paszke 2019) and tested on a single
RTX 3090 GPU; additional setup details are in the appendix.

Results

Evaluation on Plenoptic Video Dataset Table 1 com-
pares our approach with leading NeRF- and Gaussian-based
approaches on the Plenoptic Video dataset. Edge4DGS
achieves 35.33 PSNR, about 4.5 dB higher than the best
baseline, with the highest SSIM and lowest perceptual er-
ror. Unlike NeRF-based methods, which require hundreds of
hours of training, Edge4DGS converges in 72 minutes and
renders at 40 FPS in real time. Compared to Gaussian meth-
ods, it improves PSNR by over 6 dB with comparable ef-
ficiency, demonstrating superior fidelity, perceptual quality,
and practical scalability for dynamic scene rendering. Fig-
ure 3 further demonstrates that Edge4dDGS produces sharp,
realistic renderings in challenging regions.

Evaluation on D-NeRF Dataset Table 2 reports results
on the D-NeRF dataset. Edge4dDGS achieves a PSNR of
40.00, SSIM of 0.99, and LPIPS of 0.01, substantially sur-
passing baseline methods. It exceeds the best NeRF-based
method (TiNeuVox) by over 7 dB in PSNR with less than
half the training time. Against Gaussian-based methods, it
improves PSNR by over 7 dB, matches training efficiency,
and achieves 110 FPS real-time rendering. With the low-
est LPIPS score, Edge4DGS delivers state-of-the-art fidelity,
fast convergence, and real-time inference for dynamic scene
rendering. Figure 4 further confirms that Edge4DGS renders
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Figure 4: Qualitative Comparison on D-NeRF Dataset. Our approach demonstrates superior rendering of fine-grained edges,
accurately rendering the complex contours of the bulldozer blade in Lego and the fingers in Jumping jacks.
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and a reduction in perceptual error LPIPS. This gain demon-
strates that the convex primitives effectively capture sharp
surface boundaries and planar regions that cannot be well
represented by Gaussian primitives alone. Experimental re-
sults confirm that convex primitives substantially enhance
geometric fidelity and edge sharpness even.

Edge Regularization. We ablate edge consistency regular-
ization by enabling it without convex primitives (Table ??,
¢). Compared to the baseline, it raises PSNR from 31.98
to 34.90 without increasing point cloud size, showing that
edge consistency regularization effectively constrains Gaus-

yoeurds 300

dn pueis

{

w/o unit time intervals w/ unit time intervals Ground Truth . N . . . .
sian distributions motion and reduces artifacts, enhancing
Figure 5: Optical Flow Visualization. Ground truth optical fine edge rendering.
flows are extracted using Raft (Teed and Deng 2020). Temporal Edge Consistency. To assess temporal model-
ing, we evaluate a variant with temporal supervision (Ta-
D Convex Edge Time|PSNRT SSIM{ LPIPS| Train| ble ??, d). Adding the unit time interval constraint increases
P 3198 0950 0070 13min PSNR from 34.90 to 36.24, shqwmg that enforcing op-
b v 3568 0971 0052 14 min tical flow consistency over continuous intervals provides
¢ v 3490 0965 0.055 13 min stronger, more stable constraints than separate steps, better
d vV | 3624 0975 0.047 13min capturing motion trajectories and reducing flickering for co-
Full Resolution < /v | 3780 0979 0041 12 min herent rendering. Figure 5 further illustrates that temporal
Full Joint v v v | 3880 0981 0018 I14min consistency enables the accurate rendering of both the di-
Full Alternating v v v 3950 0989 0012 14min rection and gradient of object motion around sharp edges
Full Two-Stage v v v [ 40.00 0.990 0.010 13 min and fast-moving regions, while suppressing spurious back-
ground motion.
Table 3: Ablation Study on D-NeRF Dataset. (a) Base, (b) Two-Stage Optimization. We evaluate four training strate-
Convex only, (c) Edge only (time-step), (d) Edge + interval, gies for rendering quality and efficiency (Table ??). Joint
and (Full). training updates Gaussians and convex hulls simultaneously

but suffers from gradient conflicts, degrading rendering. Our
) ) two-stage decoupling avoids gradient interference and yields
fine-grained edges, outperforming SOTA methods. the highest fidelity. The alternating strategy switches be-

tween Gaussian and convex-edge objectives, improving over

Ablation Studies joint training but increasing runtime without matching two-
Convex Hull Representation. To evaluate the contribution stage quality. Progressive resolution starts at half resolution
of the convex primitive representation, we conduct an abla- for faster convergence, then trains at full resolution, which
tion in which only the convex module is enabled (Table ??, enables faster speed. Experimental results confirm that the
b). Incorporating convex primitives alone yields a substan- two-stage approach achieves the highest accuracy with bal-
tial PSNR improvement, accompanied by increases in SSIM anced runtime.
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Conclusion

In this study, we present the Edge 4D Gaussian Splat-
ting (Edge4DGS) for high-quality, real-time dynamic scene
modeling. To accurately reconstruct fine-grained edges, we
integrate Gaussian distributions with convex hull represen-
tations, enabling a flexible, multi-level geometric modeling
approach. Furthermore, we propose edge consistency regu-
larization, extending geometric constraints from individual
time steps to the entire unit time interval. This formula-
tion enhances the temporal coherence of edge appearance
while reducing point cloud complexity. Extensive experi-
ments demonstrate that Edge4DGS surpasses existing meth-
ods in rendering quality, especially in preserving consis-
tent, fine-grained edges. Moreover, Edge4dDGS effectively
handles complex temporal variations through transferable,
edge-aware representations.
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