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Abstract. The reconstruction of dynamic 3D scenes using 3D Gaussian
Splatting has shown significant promise. A key challenge, however, re-
mains in modeling realistic motion, as most methods fail to align the mo-
tion of Gaussians with real-world physical dynamics. This misalignment
is particularly problematic for monocular video datasets, where failing
to maintain coherent motion undermines local geometric structure, ulti-
mately leading to degraded reconstruction quality. Consequently, many
state-of-the-art approaches rely heavily on external priors, such as opti-
cal flow or 2D tracks, to enforce temporal coherence. In this work, we
propose a novel method to explicitly preserve the local geometric struc-
ture of Gaussians across time in 4D scenes. Our core idea is to introduce
a view-space ray grouping strategy that clusters Gaussians intersected
by the same ray, considering only those whose a-blending weights ex-
ceed a threshold. We then apply constraints to these groups to maintain
a consistent spatial distribution, effectively preserving their local geom-
etry. This approach enforces a more locally coherent motion model by
ensuring that local geometry remains stable over time, eliminating the
reliance on external guidance. We demonstrate the efficacy of our method
by integrating it into two distinct baseline models. Extensive experiments
on challenging monocular datasets show that our approach significantly
outperforms existing methods, achieving superior temporal consistency
and reconstruction quality.

Keywords: Dynamic 3D Gaussian Splatting - Point Grouping - Motion
Regularization

1 Introduction

Reconstructing dynamic scenes from videos is essential for modeling spatio-
temporal structure in real-world scenes. The emergence of 3D Gaussian Splatting
(3DGS) [18] has significantly advanced this task with its explicit representation
and efficient training and rendering. Various dynamic extensions of 3DGS [26][58|
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Fig. 1: Overview. Before regularization (first), individual Gaussians exhibit temporally
inconsistent motion; each colored trajectory denotes the time-varying movement of a
single Gaussian. Our method first performs ray-based grouping to cluster spatially
adjacent Gaussians along view rays (second), with a zoomed-in example shown in the
third panel. Motion and spectral regularization are then applied within each group
to enforce coherent dynamics. After regularization (fourth), the Gaussian trajectories
become temporally aligned and physically consistent.

have demonstrated impressive reconstruction, even under monocular camera
settings. For instance, these approaches enable continuous spatio-temporal scene
modeling by parameterizing time-varying Gaussian primitives.

However, accurately reflecting the physical motion of the real 4D world re-
mains challenging, as the estimated motion is often under- or over-constrained
and not directly governed by physical plausibility. To mitigate this issue, prior
works employ motion priors derived from optical flow and depth or impose
rigidity assumptions . Nevertheless, these approaches exhibit funda-
mental limitations. External prior models are not inherently designed
to guide the point dynamics of Gaussian primitives. Specifically, these methods
project Gaussian motion onto the image plane and rely on optical or 3D flow as
proxy guidance. Because such supervision is defined in 2D screen space rather
than in the underlying 3D geometry, it provides only indirect and potentially in-
consistent motion cues. As a result, errors and ambiguities in the proxy signals
are propagated to the optimization process, leading to inaccurate learning of
Gaussian motion . In contrast, rigid-motion-based models use K-Nearest
Neighbors (KNN) to group adjacent points and enforce shared rigid transfor-
mations. This strategy overlooks the inherently non-rigid and interactive nature
of real-world motion and fails to account for varying spatial scales of Gaussian
primitives, which require adaptive grouping regions. Consequently, relying on
external priors or strict rigidity assumptions is insufficient to ensure physically
consistent 4D representations.

To enforce locally coherent motion constraints, we focus on two key aspects
(Fig. |1). First, we group spatially adjacent Gaussians that exhibit coherent mo-
tion using a ray-based strategy rather than distance-based grouping. For each
pixel, we consider only Gaussians intersected by the same view ray whose a-
blending weights [18] exceed a threshold, excluding irrelevant primitives along
the ray. This corresponds to the sorted and blended Gaussians at the pixel in
3DGS. By selecting only visible, high-contribution Gaussians, we obtain motion-
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consistent groups that naturally reflect scale, opacity, and position without ad-
ditional computational overhead during rasterization. Second, we introduce a re-
laxed rigidity constraint within each group. Rather than enforcing identical 3D
displacements, we preserve directional consistency and temporal distribution,
allowing non-rigid deformations, while preventing artifacts such as geometric
inconsistency and floaters caused by incoherent motions.

To demonstrate the versatility of our approach, we integrate our regulariza-
tion into four representative 4DGS frameworks: RTD [58], Ex4DGS [22], MoDec-
GS [20], and Grid4D [63]. We evaluate on both the synthetic D-NeRF [41] dataset
and real-world benchmarks, HyperNeRF [38] and NeRF-DS [65]. Across all base-
lines and datasets, our method consistently improves rendering quality, achieving
state-of-the-art performance. On the D-NeRF dataset, our approach improves
PSNR by an average of 1.19 dB over the baselines. While the proposed method
increases training time by around 2 times, it does not alter the underlying model
architectures and therefore introduces no additional cost during rendering.

e We propose a framework that enforces locally coherent motion without re-
lying on external priors.

e We introduce a model-agnostic ray-based grouping strategy and relax rigidity
constraints, enabling the flexible representation of motion.

e We demonstrate that our approach achieves state-of-the-art performance on
both synthetic and real-world benchmarks, including D-NeRF, HyperNeRF,
and NeRF-DS.

2 Related Work

2.1 Monocular Video Novel View Synthesis

Novel view synthesis |18]/231/34] generates unseen views from input images. While
extending this task to dynamic scenes relies on multiview videos |1,3}8,/25}30}44!
481153}(64], utilizing monocular videos [7,37H39| serves as a highly practical alter-
native. However, monocular inputs lack cross-view motion cues. Consequently,
recent approaches [29,47541/61}/72] employ prior models for optimization. These
methods typically leverage optical flow guidance [62}/69], 2D point tracks |16}60],
and depth estimation [11}/40/43] to guide 4D scene reconstruction. A critical lim-
itation of these approaches is their strong dependency on the accuracy of the
underlying priors. When these external models fail, such as in environments with
view-dependent artifacts or textureless backgrounds [61,[72], the resulting syn-
thesis quality degrades. Therefore, designing locally coherent motion guidance
that operates independently of prior models is essential.

2.2 Dynamic Extension of 3DGS

The computational efficiency of 3DGS [14.|18| drives the extension of the method
to dynamic scenes. Dynamic 3DGS methodologies are classified into three cat-
egories. The first category utilizes deformation fields [2,9,20,[24} (27} |32, /461 49\
51,(52}/581159,/63L[67,/72] to compute temporal offsets for primitive parameters.
The second category employs basis functions. These models adopt Fourier se-
ries |17], polynomials [10}[26,/55] or splines |15}[22,36,|68]. The third category
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defines primitives in four-dimensional space [6,/66}71]. With the exception of na-
tive 4D formulations, these methods generate 3D Gaussian primitives to process
the primitives through the 3DGS rasterizer. However, regulating the motion of
Gaussians is highly ill-posed, necessitating spatial constraints or grouping mech-
anisms to enforce coherent movement. To achieve this, our approach leverages
the rasterization process as a grouping function. This design allows our method
to integrate into existing dynamic models without requiring structural modifi-
cations.

2.3 Motion Constraints for Dynamic Gaussian Splatting

Imposing motion constraints on Gaussian primitives relies on rigidity assump-
tions [2}[5L[21}(33,57]. Existing methods maintain geometric structure by pre-
serving distances among KNN groups or by enforcing local rigidity through
As-Rigid-As-Possible (ARAP) formulations [12},24}28,|50]. However, the KNN
approach |[2}12,24,28,33,|57] groups Gaussians based on Euclidean distance,
which ignores the properties of Gaussian primitives, including scale and opac-
ity. Furthermore, strict rigidity assumptions fail during topological changes |3§],
where the underlying distances between Gaussians change. Therefore, we pro-
pose a novel ray-based grouping strategy and a relaxed rigidity constraint to
capture the properties of Gaussian primitives while remaining highly adaptable
to complex, non-rigid physical movements.

3 Method

3.1 Preliminary

3DGS. Our approach builds upon the point-based differentiable rasterization
framework of 3DGS [18]. 3DGS represents a 3D scene with anisotropic Gaussians
parameterized by position p, covariance matrix X', opacity o, and color c. The
covariance X' is parameterized via a diagonal scaling matrix S (from a scale
vector s) and a rotation matrix R (from a quaternion q):

X =RSS'R". (1)

To render an image, 3D Gaussians are projected to the image plane using an ap-
proximated graphics pipeline [73]. The 2D covariance X’ in camera coordinates
is computed as:

Y =JWEIW'J", (2)
where J is the Jacobian of the affine approximation for perspective projection,
and W is the viewing transformation matrix. By discarding the third row and
column of X', the 3D Gaussian is approximated as a 2D anisotropic Gaussian
on the image plane. The density of the projected Gaussian is:

G(x) = ot @)= T a—p) (3)

The final pixel color is computed using point-based a-blending, analogous to
volume rendering. In 3DGS, «; = 0;G(x). For Gaussians sorted along a ray, the
accumulated color C' is defined as follows:
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N -
C = Zﬂ(l —e Y)e; st Ty=e" i I, (4)
i=1

where N is the number of visible Gaussians intersecting the ray, and i is the
sorted index by depth. We define the contribution weight as w; = T;(1 — e™%¢).
Deformation-field Dynamic 3DGS Model. Dynamic Gaussian Splatting
extends 3DGS by introducing time-dependent offsets to the canonical Gaus-
sian parameters. These offsets are typically predicted via a deformation net-
work conditioned on time and the canonical attributes. For a canonical Gaussian
G. = (K¢, qe, Se, Oc), the deformation field outputs the time-varying offsets such
that the per-frame primitives become:

Gy = (e + Apt, qc + Aqy, sc + Asy, 0. + Aoy), (5)

where A() denotes time-dependent offsets.

Motion Basis for Dynamic 3DGS Model. Basis-trajectory approaches |17
2226] parameterize most motions through linear combinations of low-dimensional
temporal basis. For example, the position g can be represented below:

L
mi(t) = aiodo(t), (6)
=1

where {¢,} are basis functions and a; ¢ are learnable coefficients. In our exper-
iments, we validate our approach on both deformation-field (Eq. |5) and basis-
trajectory (Eq. @ formulations to demonstrate its applicability across represen-
tative dynamic 3DGS architectures.

3.2 Ray-based Gaussian Grouping

Our method begins by selecting Gaus-
sians along each camera ray. To facili-
tate object-level motion modeling, we
require local groups of primitives that

a-blending § M
P 1 Loz weles  WEle6
A w=07 w=01 W=0:

3

o1 s . . w; > T, w; <7,
exhibit Slmlla'r r¥1(.)t10n. In 3DGS, tche (Soocted)  (Filtered cut)
number of primitives changes during

tralnlng due to adaptlve denSlty con- Rendered Image 47 Ray-penetrated Gaussians

trol, which would require frequent re-
grouping, making an efficient group-
ing strategy essential. To achieve this,
we leverage the standard rasterization
pipeline, which inherently aggregates
and sorts Gaussians along each pixel ray. We re-purpose this visibility mecha-
nism to construct groups with minimal overhead throughout training. For each
pixel p;, we define the ray-based group N by selecting Gaussians that actively
contribute to rendering:

Fig. 2: Ray-based Grouping visualization.
We gather the Gaussian penetrated by a
ray, and select the Gaussian whose contri-
bution w; exceeds a threshold 7.

Nj =A{Gi [wi > 7}, (7)
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where w; is the blending weight from Eq. [ and 7 is a threshold. A visualization
of grouping is shown in Fig.[2] We subsequently impose local regularizers on these
groups to encourage coherent motion while preserving local shape structure.
This design is fundamentally mo-
tivated by the physical and geomet-

ric properties of the volume render- 4000 z%} ZZZZ gm?ig
ing process |34]. The blending weight -
w; acts as an implicit, occlusion- & 3 oo
aware filter. As the accumulated 1000 /\ 5000
transmittance attenuates sharply be- LT e .-
hind opaque occluders [18], thresh- Gaussian group size Gaussian group size

olding by 7 inherently isolates spa-
tially contiguous Gaussians on the un-
occluded surface, thereby preventing

Fig. 3: Group size visualization. Distribu-
tion of Gaussian group sizes for the D-

NeRF (left) and HyperNeRF (right). The
the entanglement of foreground and plot shows the counts of groups with vary-

background Gaussians. By leveraging ing sizes across different image frames.
this filtered visibility, grouping Gaus- Groups of size zero are omitted.

sians along view rays establishes a di-

rect bridge between 2D observations and 3D geometry. Instead of relying on
explicit 3D distance metrics that might erroneously cluster physically close but
structurally independent parts [42], our ray-based grouping establishes a dense
set of spatio-temporal constraints to robustly regularize object motion. Further-
more, this formulation naturally yields highly flexible and adaptive group sizes.
As demonstrated by the wide distribution in Fig. 3] our approach dynamically
accommodates varying local complexities, ranging from thin structures to dense
volumes, without the need for explicit structural priors or heuristic guidance.

3.3 Motion Coherence Regularization

We first introduce a motion coherence regularization (MCR) term that encour-
ages coherent dynamics within each ray-based group N; without relying on ex-
ternal supervision such as optical flow or monocular depth [72]. Instead, we
regularize directional consistency while allowing magnitudes to adapt. Let p;
be the 3D position of Gaussian G; € N at time ¢. For a temporal offset At, the
displacement is:

di,t = Hit+At — Hit- (8>
We compute the mean displacement of a group:
. 1
de t = m Z di. (9)
I Gien;
We then penalize directional inconsistency via a cosine-similarity loss:

_ di,t . d/\/j,t
ldi¢lllldnr, el + €

Lyvcr =1



Relaxed Rigidity with Ray-based Grouping for Dynamic Gaussian Splatting 7

where € is a small positive number. The loss is applied only to moving Gaus-
sians satisfying ||d; ;|| > 0.0001. This regularization encourages Gaussians that
contribute to the same pixel to move coherently, while still permitting spatially
varying motion magnitudes. Crucially, we do not penalize differences in displace-
ment magnitudes. This relaxed constraint is essential, as enforcing uniform mo-
tion magnitudes would erroneously impose strict rigid translations by conflating
coherent motion with identical displacement.

3.4 Spectral Regularization

MCR effectively aligns the overall trajectories of Gaussians, but lacks an explicit
mechanism to preserve local spatial structures over time. A common geometric
prior for this task is local rigidity, typically enforced through ARAP energy func-
tions |12l50] that penalize changes in pairwise distances and relative orientations.
However, enforcing such point-to-point rigidity is overly restrictive for dynamic
scenes, as it severely hinders natural non-rigid deformations and smooth motion.

Rather than imposing strict point correspondences, we propose a spectral
regularization (SR) that maintains the distributional shape of the group. We
compute the covariance matrix of Gaussian positions at time steps ¢ and ¢ + At
and penalize the difference between their eigenvalue spectra. Let Ky and K Ay
be covariances of the same ray group at ¢t and t + At. Let o, and oy, be
the r-th eigenvalues of K; and K;, a; in ascending order, respectively. We define
the covariance consistency loss as follows:

L = z Huber(atm,dt-yAt,r)» (11)
re{1,2,3}

where Huber(+, ) is the standard Huber loss [13]. We apply SR only to groups
with more than one Gaussian.

Matching eigenvalue spectra preserves local shape statistics over time, while
remaining invariant to rigid rotations and allowing flexible non-rigid motions.
This preserves the spatial volume while allowing localized deformations. This
formulation prevents shape distortion even when the group forms a broad spa-
tial distribution. Since the loss function does not minimize the overall scale of
the eigenvalue spectrum, the regularizer does not force the group to contract
even if it contains distant Gaussians. Instead, it selectively targets Gaussians
that exhibit displacements large enough to alter the object shape. The regular-
ization guides these deviating Gaussians to maintain spatial proximity with their
grouped neighbors, restricting only the movements that disrupt the structure.

ARAP baseline for comparison. For completeness, we additionally consider
an ARAP-style rigidity prior [12,[50] as a comparative alternative to Lggr in our
experiments. Concretely, for each Gaussian 7 with neighbors M (i), we estimate
a local rotation R,;; that best aligns relative vectors across time and penalize
residual distortion:

Larap =Y > pierar = wierar) = Rig (i — mio)lly - (12)
i jEM(D)
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We use this term only to contextualize the effect of strict local rigidity relative
to our spectral regularization.

3.5 Welford’s Algorithm

We employ Welford’s algorithm [56] for efficient, online covariance calculation.
Consider a group consisting of NV Gaussians. Let K;_; represent the covariance
matrix computed from the first ¢ — 1 Gaussian positions. When incorporating
the i-th Gaussian, the covariance K; is updated recursively as follows:

,— 1 1
Ki:ZZ. Kz‘ﬂ‘ﬁ‘gpi, Piiz(ﬂi—ﬁiq)(ui—ﬂi)j—, i=1,...,N, (13)

where f1; = % 2221 f; is the running mean. By induction,

N N N
KN:ZC H T)P,-:;]Zﬂ (14)

i=1 k=i+1

This enables covariance computation along each ray in a single pass and can be
integrated into the rasterization pipeline (a proof in Sec. .

3.6 Final Objective

We adopt the photometric losses used in 3DGS, namely the ¢; loss £1 and the
structural dissimilarity loss Lgssim, and augment them with our regularization
terms. Our default training objective is:

L = (1 = Adssim)L1 + Adssim Ldssim + Amcr £ycr + Asr L8R, (15)

where Agssim, AMCR, and Aggr are the hyperparameters. In the ARAP comparison
setting, we replace Lsg with Lorap (with its own weight) and set Ayrcr = 0
while keeping all other components identical.

4 Experiment

4.1 Datasets

We evaluate our method on the D-NeRF [41], HyperNeRF [38|, and NeRF-
DS [65] datasets. Following prior protocols, we report PSNR, SSIM, and VGG-
based LPIPS (LPIPSy) [70] for D-NeRF; PSNR, MS-SSIM (MS), and AlexNet-
based LPIPS (LPIPS 4) for HyperNeRF; and PSNR, SSIM, MS-SSIM, and VGG-
based LPIPS for NeRF-DS.

D-NeRF. D-NeRF contains eight synthetic scenes featuring object deforma-
tions, captured using a 360° monocular camera setup. Following prior works [41]
58|, we perform evaluation at a resolution of 800 x 800. We exclude the Lego
scene because the training and test splits are not temporally aligned [63}/67].
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Table 1: Quantitative comparison of our method on the D-NeRF, HyperNeRF and
NeRF-DS dataset. We report PSNR, SSIM, and LPIPSy for D-NeRF, PSNR, MS-
SSIM, and LPIPS4 for HyperNeRF, and PSNR, SSIM, MS-SSIM, and LPIPSy for
NeRF-DS. A denotes the PSNR improvement when the baseline models are combined
with our framework.

Model D-NeRF HyperNeRF NeRF-DS

PSNRt SSIMt LPIPSy | At PSNRt MS-SSIMt LPIPSa] A1 PSNRT SSIM/MStT LPIPSy | AT
NeRF [34] 18.81 0.881 0.176 - 20.13 0.745 0.424
D-NeRF 41| 31.69 0.970 0.043 - -
TiNeuVox |7} 33.76  0.980 0.039 - 24.25 0.837 - 21.61 0.823/ - 0.277
HyperNeREF |38 - 22.38 0.814 - 23.45 - /0.849  0.199
NeRF-DS 65| - - 23.60 - /0.849 0.182
3D-GS |[18] 23.39 0929 0.077 - 20.26 0.657 0.342 - 20.29 0.782/ - 0.292
D3DGS |67/ 4043 0.992  0.011 - 22.40 0.275 - 23.61 0.839/ - 0.197
GaGS [32] 39.07  0.993 0.007 - 24.26 0.793 -
Ex4DGS [22] 29.93  0.968 0.041 - 24.61 0.829 0.199 - 21.73  0.793/0.789 0.251
RTD |58| 35.36 0.985  0.022 - 25.17 0.841 0.283 - 21.91 0.812/0.821 0.235
MoDec-GS 20| 29.33  0.963 0.048 - 24.92 0.841 0.176 - 22.93 0.822/0.851  0.229
Grid4D |63 42.00 0.994 0.008 - 25.50 0.783 0.185 - 23.41 0.833/0.872  0.196
Ex4DGS+Ours 31.04 0.972 0.038 1.11 24.86 0.836 0.233 0.25  21.88 0.798/0.794  0.248 0.15
RTD+Ours 36.46 0.987 0.019 1.10 25.30 0.845 0.273 0.13  22.05 0.813/0.826  0.226 0.14
MoDec-GS+Ours 31.68 0974 0.035 2.35 25.09 0.846 0.173 0.17 23.76 0.848/0.885 0.184 0.83
Grid4D+Ours 42.20 0.994 0.008 0.20 25.56 0.856 0.198 0.06  23.70 0.840/0.882  0.188 0.32

HyperNeRF. HyperNeRF features real-world scenes including noise, illumi-
nation variations, and topological changes. We use the vrig split, which is cap-
tured with a handheld dual-camera rig that simultaneously records two views
per frame during data collection. The training set is constructed by alternately
selecting images from the left and right cameras for each frame, with the remain-
ing images reserved for testing. For all experiments, images are downsampled to
half their original resolution, i.e., 536 x 960. Camera poses are estimated using
COLMAP [45], and point clouds are obtained from RTD [58].

NeRF-DS. NeRF-DS comprises seven real-world scenes with specular objects
and is provided at a resolution of 480 x 270. The dataset is captured with a dual-
camera setup, using the left camera for training and the right-camera for testing.

4.2 Baseline models

We compare our method against four representative baselines: RTD [58|, MoDec-
GS [20], Grid4D [63|, and Ex4DGS [22]. RTD, MoDec-GS, and Grid4D adopt
deformation-based formulations, whereas Ex4DGS uses spline parameterization.
Specifically, RTD parameterizes the deformation field with HexPlanes [3], MoDec-
GS employs scaffold-based representations [31] to model motion, and Grid4D
utilizes a hash-grid representation [35] for deformation encoding. In contrast,
Ex4DGS represents dynamic Gaussians explicitly through spline trajectories.

Implementation. All experiments are conducted on a single NVIDIA RTX
3090 GPU. We build upon the official implementations of the baseline methods
and adopt the dataset-specific parameter settings provided in their respective
protocols. For fair comparison, we keep the baseline architectures and hyperpa-
rameters unchanged, except for the additional regularization introduced by our
method. Detailed implementation specifics are provided in Sec. [§]
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Fig. 4: Qualitative comparisons between baselines and our method on the D-NeRF
and HyperNeRF datasets.

4.3 Comparison

Quantitative comparison. Tab.[[Jreports quantitative results on the D-NeRF,
HyperNeRF, and NeRF-DS. Our method consistently improves reconstruction
quality when integrated with all baselines. On the D-NeRF, we observe clear
PSNR gains across all models, e.g., +1.11 dB for Ex4DGS and +2.35 dB for
MoDec-GS, while Grid4D+Ours achieves the best PSNR of 42.20. On the Hy-
perNeRF, our regularization improves both PSNR and SSIM for most baselines,
with Grid4D+Ours obtaining the highest MS-SSIM of 0.856. Notably, on the
more challenging NeRF-DS dataset, our method provides larger improvements,
particularly for MoDec-GS and Grid4D, leading to significant gains in both
PSNR and perceptual quality. These results indicate that our regularization is
complementary to existing dynamic 3DGS methods and consistently enhances
reconstruction performance across diverse datasets.
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Bell
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Fig. 5: Qualitative comparisons between baselines and our method on the NeRF-DS
dataset.

Qualitative comparison. Figs. [d] and [5] present visual comparisons on the
D-NeRF, HyperNeRF, and NeRF-DS datasets. Existing methods produce ar-
tifacts such as disappearing objects or distorted shapes, whereas our method
preserves the structural integrity of Gaussians over time. On the HyperNeRF,
prior methods tend to blur or remove thin structures, like the handle of the
broom, while our regularization preserves structures and maintains locally co-
herent shapes. Similarly, in the Jumping Jacks scene of the D-NeRF, our method
better retains fine details compared to the baselines. This improvement arises
because our regularization aligns Gaussian motions with the underlying object
dynamics, preventing incorrect motion updates during image-based optimiza-
tion. Furthermore, as shown in Fig. [d] our ray-based grouping strategy enables
reliable grouping for small structures, like the fingers in JumpingJacks scene and
the teeth in Trex scene, facilitating accurate shape optimization for methods like
Grid4D. On the NeRF-DS Bell scene, despite the presence of specular reflections,
enforcing physically consistent motion leads to improved reconstruction quality.

Ablation study. Tabs. 2] and [3] and Fig. [6] present ablation studies on the D-
NeRF and HyperNeRF datasets using RTD as the base model. We report the
average results over all scenes in each dataset. Specifically, we compare our ray-
based grouping (RG) with a KNN grouping strategy and analyze the effect of
removing each component, including ARAP, MCR, and SR. Except for the intro-
duced components, all hyperparameters remain identical to the baseline config-
uration. We additionally report the training time to analyze the computational
overhead. For the KNN baseline, we follow the strategy used in D3DGS ,
which constructs a group by selecting the 20 nearest Gaussians at every iter-
ation. For ARAP regularization, we adopt the formulation from Sec. [3:4} The
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Table 2: Ablation comparison table. Experiments are conducted on the RTD model,
and we report the average results on the D-NeRF and HyperNeRF datasets. KNN
denotes the use of KNN-based grouping, and ARAP indicates as-rigid-as-possible reg-
ularization. RG represents ray-based grouping, MCR denotes motion coherence reg-
ularization, and SR denotes spectral regularization. Full indicates the configuration
where both MCR and SR are applied. Time refers to the training time.

Model D-NeRF HyperNeRF

PSNRt SSIMt LPIPSy | Time(s) PSNRt MS-SSIMt LPIPSa | Time(s)
RTD |[58] 35.36  0.9845  0.0224 841 25.17 0.8413 0.2827 1963
RTD+KNN&ARAP 34.80 0.9828  0.0258 1484 23.18 0.7532 0.4606 5808
RTD+KNN&Full 33.29 0.9771  0.0290 2044 25.11 0.8390 0.2856 9586
RTD+RG&ARAP 35.27  0.9844  0.0216 2125 25.25 0.8430 0.2710 13096
RTD+RG&MCR 36.23  0.9866 0.0190 1649 24.23 0.8449 0.2713 4454
RTD+RG&SR 34.98 0.9841  0.0220 1501 24.91 0.8331 0.2961 6694
RTD+RG&Full 36.46 0.9869 0.0193 1924 25.30 0.8564 0.2488 7138

Full configuration denotes the model with both MCR and SR enabled. Detailed
numerical results are provided in Sec. [0}

KNN comparison. We first compare our ray-based grouping with the KNN
grouping strategy. Since KNN grouping does not account for Gaussian scale or
orientation, it often fails to select physically coherent groups. As shown in Tab.
this leads to degraded performance for both ARAP and Full configurations.
Incorrect grouping causes unrelated Gaussians to move together, resulting in
inconsistent motion and reduced reconstruction quality.

The qualitative results illustrate this issue. As shown in Fig.[6] KNN grouping
frequently produces mis-grouped Gaussians. In the Hell Warrior scene, applying
strong rigidity constraints such as ARAP to incorrectly grouped Gaussians can
even cause parts of the object to disappear. In contrast, our ray-based grouping
preserves the structural consistency of the object. Moreover, the visibility-based
thresholding prevents grouping across occluded regions and helps preserve fine
details, such as the eyes of the chicken in the RG+Full configuration.

ARAP comparison. We further evaluate ARAP regularization with both KNN
and RG grouping strategies, as reported in Tab. [2] When combined with RG,
ARAP produces comparable or improved results compared to KNN. However,
on the D-NeRF dataset, the performance still decreases. This is because the
rigid transformation assumption in ARAP restricts fine-grained shape variations,
preventing the model from capturing detailed geometric changes. We also analyze
the individual effects of MCR and SR. MCR encourages directional consistency
among neighboring Gaussians but does not explicitly preserve shape. Thus, it
works well for scenes with relatively linear motion, such as those in the D-NeRF
dataset, but becomes less effective in the more complex dynamics of HyperNeRF.
In contrast, SR focuses solely on shape preservation and does not constrain
motion, which makes it insufficient when applied alone. These results indicate
that both a well-defined grouping strategy and an appropriate motion prior are
necessary to achieve consistent performance improvements.
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Fig. 6: Ablation results on the RTD model. We compare KNN grouping and ray-based

grouping (RG) under different regularization settings, including ARAP, MCR, and SR.
Full denotes the configuration where both MCR and SR are applied.

Training time. The training time overhead introduced by the proposed regular-
ization is reported in Tab.[2] The increase is more noticeable on the HyperNeRF
dataset, which contains a larger number of Gaussians and higher pixel counts.
Most of the additional cost arises during rasterization, particularly from co-
variance processing and SVD operations required for the regularization terms.
Despite this overhead, RG remains 6%-25% faster than KNN in training time
under the Full configuration.

Table 3: Hyperparameter analysis on the Trex scene of the D-NeRF dataset using
RTD baseline model. We compare the threshold 7, the MCR and SR loss weights, and
the temporal interval. We report PSNR, SSIM, and LPIPS (VGG).

Temporal Interval AMCR ASR T
10 20 30 le-3 le-2 le-1 le-4d 1le-3 1le-2 le4d 1le-3 le-l
PSNR  34.40 35.62 34.79 35.62 35.40 35.32 35.29 35.62 35.40 35.62 35.59 34.79

SSIM 0.986 0.987 0.987 0.986 0.987 0.981 0.987 0.988 0.987 0.988 0.988 0.986
LPIPSy 0.022 0.021 0.022 0.022 0.021 0.028 0.022 0.020 0.020 0.020 0.021 0.022

Hyperparameter analysis. Tab. [3]reports the effects of the visibility threshold 7,
the regularization weights, and the temporal interval. The results show that too
short temporal intervals provide only weak constraints, while excessively large
MCR weights over-constrain non-rigid motion. In contrast, SR is relatively less
affected by its weight. Large values of 7 also degrade performance by discarding
Gaussians that make meaningful contributions to the grouping.



14 J. Lee et al.

RTD

RTD + Ours

Hook Bouncing Balls Chicken ' Peel Banana

Fig. 7: Gaussian trajectory visualization results of the RTD with our method on the
D-NeRF and HyperNeRF datasets. We project the temporal positions of sampled Gaus-
sians onto a fixed camera view.

Trajectory visualization. Fig. [7] visualizes Gaussian trajectories of the RTD
model for both the baseline and our method on the D-NeRF and HyperNeRF
datasets. We visualize the trajectories of Gaussian positions by projecting them
onto a fixed camera to analyze their motion. On the D-NeRF, our method pro-
duces trajectories that are better aligned with the underlying physical motion
compared to the baseline. While the baseline often exhibits permuted or irregular
Gaussian paths, our method results in more structured and temporally consistent
trajectories. This behavior arises because our regularization encourages neigh-
boring Gaussians to move coherently. On the HyperNeRF dataset, particularly
around the hand region, the baseline often produces Gaussians that drift away
from the object surface. In contrast, our method keeps Gaussians consistently
attached to the same object region. This result indicates that our approach ef-
fectively regularizes outlier Gaussians and improves motion consistency.

5 Conclusion

Modeling locally coherent motion in dynamic 3D Gaussian Splatting remains
challenging, as many existing approaches rely heavily on external priors to miti-
gate incoherent motion. In this work, we propose a method that enables dynamic
3DGS models to learn locally coherent motion directly from image supervision.
By introducing a ray-based grouping strategy coupled with motion coherence
and spectral regularization, our approach effectively enforces relaxed rigidity
constraints. We integrate our approach into four baseline models and evaluate
them across three datasets, consistently observing performance improvements.
Notably, integrating our method with Grid4D yields state-of-the-art results,
demonstrating both the effectiveness and generality of our framework. Our find-
ings confirm that physically grounded motion constraints can significantly im-
prove dynamic 3DGS reconstruction without relying on external priors. Future
work will explore finer-grained physical constraints to facilitate robust modeling
under highly complex or restricted motion conditions.
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