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Figure 1. Given sparse-view RGB observations from early timesteps, the goal is to extrapolate the scene to unseen future timesteps.
Existing physics-aware 3DGS methods [7, 8] become unstable under sparse-view supervision. In contrast, SparseDynGS combines
compact, geometry-consistent Gaussian refinement with progressive physics learning from short to long horizons, thereby improving the
stability and fidelity of long-horizon extrapolation.

Abstract
Physics-aware 3D Gaussian Splatting methods learn

per-Gaussian dynamics for future-frame extrapolation, but
they typically rely on dense multi-view supervision. We
present SparseDynGS, a framework for learning physically
grounded Gaussian dynamics from sparse-view videos. To
address unreliable geometry under limited views, We ob-
tain an initial Gaussian representation from a pretrained
feed-forward 3D reconstruction model and improve its com-
pactness and geometric consistency through Regularized
Gaussian Refinement. We further introduce Progressive
Physics Learning, which stabilizes short-horizon dynamics
with a sliding temporal window and improves long-horizon
prediction through late-horizon sampling and early-horizon
replay regularization. Experiments on Dynamic Objects
and Dynamic Indoor Scene datasets demonstrate the effec-
tiveness of SparseDynGS in sparse-view physical dynamics
learning

1. Introduction

Understanding the physical evolution of a dynamic 3D
scene is a fundamental requirement for visual systems that
must go beyond reproducing observed frames. A robot in-
teracting with deformable or articulated objects, or a dig-
ital twin predicting future outcomes, requires a scene rep-
resentation that can infer how geometry evolves over time,
rather than merely reconstructing its appearance at sampled
frames.

Recent advances in neural 3D representations have
greatly improved the quality and efficiency of scene re-
construction. Neural Radiance Fields (NeRF) [14] en-
abled high-fidelity novel-view synthesis, while 3D Gaus-
sian Splatting (3DGS) [4] introduced an explicit point-
based representation for real-time rendering. Subsequent
works extend these representations to dynamic or 4D re-
construction through time-conditioned deformation [15, 16,
18, 20], scene flow [10, 11, 13], or spatio-temporal feature
fields [1–3, 9, 12, 19]. These methods achieve strong per-
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formance in novel-view synthesis within the observed tem-
poral range. However, their temporal mappings are primar-
ily optimized to reproduce the training frames rather than
to satisfy an underlying physical dynamics. Consequently,
they often struggle to extrapolate to unseen future timesteps.

To address this limitation, recent studies have at-
tempted to enable 3D representations to learn physical laws.
NVFi [5] augments a NeRF-based representation with ve-
locity fields to model dynamic scenes under physical con-
straints. More recently, 3DGS-based methods such as Free-
Gave [8] and TRACE [7] treat Gaussian primitives as rigid
particles and learn their per-primitive velocities and accel-
erations. By explicitly modeling such particle-level dynam-
ics, these methods improve the ability to predict scene evo-
lution beyond the observed frames.

Nevertheless, existing physics-aware 3DGS methods
have been predominantly developed and evaluated in dense
multi-view settings, where training can involve as many as
24 calibrated views. While such dense capture setups pro-
vide strong geometric and temporal constraints, they are ex-
pensive and difficult to deploy in practical scenarios.

Toward practical physics-aware 3DGS, We first establish
sparse-view protocols on commonly used dynamic-scene
benchmarks, DynIndoorScene [5] and DynObjects [5], by
sampling training views to evaluate both viewpoint interpo-
lation and extrapolation, as illustrated in Fig. 2. A natu-
ral first attempt is to directly apply existing physics-aware
3DGS methods, such as FreeGave [8] and TRACE [7], to
this sparse-view setting. However, this leads to two major
challenges. First, unlike dense multi-view settings, where
SfM initialization is often reliable, sparse observations pro-
vide limited geometric constraints and can result in unstable
point-cloud initialization. Second, existing methods [8] [7]
mainly learn physical dynamics over short temporal inter-
vals, often relying on deformation-based modeling com-
monly used in 4D reconstruction. Under sparse-view super-
vision, such short-horizon optimization can easily converge
to poor local optima, resulting in unstable or physically im-
plausible long-term dynamics.

To address these challenges, we propose SparseDynGS,
a framework for learning physically grounded Gaus-
sian dynamics from sparse-view videos. SparseDynGS
builds upon the staged optimization strategy of recent
physics-aware 3DGS methods, such as FreeGave [8] and
TRACE [7], which separates training into a warm-up stage
and a physics-learning stage. During the warm-up stage,
we address the unreliable initialization problem by initial-
izing the Gaussian representation with OmniVGGT [17], a
feed-forward 3D reconstruction model that provides robust
geometric priors under sparse-view inputs. To further mit-
igate overfitting and redundant Gaussian primitives caused
by sparse supervision and feed-forward reconstruction ar-
tifacts, we introduce Regularized Gaussian Refinement.

Figure 2. Camera configurations sampled on the Dynamic Indoor
Scene dataset [5]. Blue cameras indicate the sampled training
views, while green cameras denote the validation views. The val-
idation cameras cover both interpolated and extrapolated viewing
directions with respect to the sampled training views.

This refinement combines opacity sparsity regularization
with depth supervision from OmniVGGT [17], encouraging
a compact and geometrically consistent Gaussian represen-
tation for learning physical dynamics.

To facilitate physics learning under sparse-view supervi-
sion, we introduce Progressive Physics Learning, a tem-
poral curriculum framework based on a Sliding Temporal
Window. This curriculum naturally divides training into
two phases. In Short-Horizon Physics Learning, the model
samples timesteps within the currently active window and
focuses on stable short-range dynamics before the full tem-
poral horizon is exposed. Once the window reaches the full
sequence, we transition to Long-Horizon Physics Learning.
In this phase, we propose late-horizon sampling to prior-
itize later timesteps, thereby promoting physically consis-
tent dynamics over long temporal horizons. To prevent the
model from forgetting dynamics learned from previously
exposed timesteps, the long-horizon phase further incor-
porates early-horizon replay regularization, which reintro-
duces supervision from earlier timesteps. The main contri-
butions are summarized as follows:
• We introduce SparseDynGS, a framework for learning

physically grounded Gaussian dynamics from sparse-
view videos. To evaluate this practical setting, we estab-
lish sparse-view protocols on DynIndoorScene [5] and
DynObjects [5], covering both viewpoint interpolation
and extrapolation.

• We propose Opacity-Depth Regularized Gaussian Re-
finement for robust warm-up under sparse-view supervi-
sion. By initializing Gaussians with OmniVGGT [17]
and jointly regularizing opacity and rendered depth,
our method mitigates unstable point-cloud initialization,
overfitting, and redundant Gaussian primitives.

• We develop Progressive Physics Learning, a temporal
curriculum for stable long-horizon dynamics learning.
Built upon a Sliding Temporal Window, it first learns
short-range dynamics through Short-Horizon Physics
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Learning and then extends to Long-Horizon Physics
Learning with late-horizon sampling and early-horizon
replay regularization.

2. Related Work
2.1. 3D Gaussian Splatting in Sparse View
Sparse-view reconstruction is challenging due to insuffi-
cient visual constraints, making 3DGS prone to overfitting
through floaters, distorted geometry, and view-specific arti-
facts. Recent sparse-view 3DGS methods mitigate this spa-
tial under-constraint by incorporating additional geometric
priors or regularization. For example, FSGS [21] lever-
ages depth-guided augmented views to improve unseen-
view coverage, while DNGaussian [6] introduces global-
local normalized depth regularization to stabilize Gaussian
geometry under sparse-view supervision. Inspired by these
regularization-based approaches, we employ Regularized
Gaussian Refinement during the warm-up stage, enabling
us to obtain compact and geometrically consistent Gaus-
sian representations before learning physical dynamics un-
der sparse-view settings.

2.2. 4D Gaussian Splatting
Early NeRF-based methods model dynamics by condi-
tioning radiance fields on time or learning deformations
from a canonicalspace. Representative works include D-
NeRF [18], Nerfies [15], and HyperNeRF [16], which han-
dle non-rigid motion through time-dependent or continuous
deformation fields. Following the success of 3DGS [4], re-
cent methods extend Gaussian primitives to dynamic 4D
reconstruction. Deformable 3D Gaussians [20] and 4D
Gaussian Splatting [19] learn time-dependent transforma-
tions of Gaussian kernels for efficient dynamic rendering.
While these methods improve visual quality and rendering
speed, they primarily target reconstruction within the cap-
tured time range, and their deformation fields are not ex-
plicitly constrained by physical dynamics. As a result, their
predictions may become unreliable when extrapolated be-
yond the observed timesteps.

2.3. Physics-Informed 3D Gaussian Splatting
FreeGave [8] and TRACE [7] are the closest to our target
setting because they learn physical dynamics directly from
multi-view dynamic videos without explicit object labels.
FreeGave assigns latent physics codes to Gaussians and es-
timates a divergence-free per-Gaussian velocity field, en-
abling future-frame extrapolation and motion decomposi-
tion. TRACE treats each Gaussian as a rigid particle with
size and orientation, then learns translation–rotation dy-
namics parameters that govern the particle’s motion. Both
methods demonstrate that 3DGS can serve not only as a ren-
dering primitive but also as a carrier of physical dynamics.

However, their experimental settings are still mainly based
on dense multi-view observations, which provide strong
geometric constraints for both reconstruction and dynam-
ics learning. Our work instead focuses on the sparse-view
regime, where the lack of visual constraints makes phys-
ically meaningful Gaussian dynamics harder to learn and
more important to regularize.

3. Method
3.1. Preliminaries
3D Gaussian Splatting. 3D Gaussian Splatting (3DGS) [4]
represents a scene as a set of anisotropic Gaussian primi-
tives. Each Gaussian primitive is parameterized by its 3D
position xi ∈ R3, opacity oi, color feature ci, and covari-
ance matrix Σi. In practice, the covariance is decomposed
into a rotation Ri and a scaling matrix Si, such that

Σi = RiSiS
⊤
i R

⊤
i . (1)

The color feature is represented by spherical harmonics co-
efficients, allowing view-dependent appearance to be mod-
eled during differentiable rendering.

Given a camera pose Pc, 3DGS projects the Gaussian
primitives onto the image plane and alpha-composites them
in depth order to produce a rendered image:

Îc = R(G;Pc), (2)

where G = {xi,Ri,Si, oi, ci}Ni=1 denotes the set of Gaus-
sian primitives and R is the differentiable Gaussian splat-
ting renderer.

Canonical 3D Gaussians. Given a multi-view RGB
video sequence, we denote the image captured by cam-
era c at timestamp t as Ict , where c ∈ {1, . . . , N} and
t ∈ {0, . . . , T}. Here, N is the number of training cam-
eras and T is the last timestamp used for training. Exist-
ing physics-aware 3DGS methods, such as TRACE [7] and
FreeGave [8], initialize the scene by reconstructing a point
cloud from initial-frame multi-view images {I10, · · · , IN0 }
using Structure-from-Motion (SfM), followed by standard
3DGS optimization as a warm-up stage. While this strategy
is effective in dense multi-view settings, where the scene
geometry is well constrained by sufficient cross-view ob-
servations, it becomes unreliable under sparse-view inputs.
In such settings, the limited number of views often leads
to noisy and incomplete SfM initialization. This is particu-
larly detrimental to physics learning, as physical dynamics
are estimated on top of the reconstructed Gaussian primi-
tives. To address this issue, we leverage OmniVGGT [17], a
pretrained feed-forward 3D reconstruction model, to obtain
robust geometric priors under sparse-view observations. We
use the reconstructed point cloud from OmniVGGT [17] to
initialize the Gaussian configuration G0.
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Figure 3. Overview of SparseDynGS. Given sparse multi-view videos, Stage 1 initializes the canonical Gaussian configuration using
OmniVGGT [17] and refines it through Regularized Gaussian Refinement, producing a compact and geometry-consistent representation.
Stage 2 progressively learns physically grounded Gaussian dynamics with an expanding temporal window. Given the current physics-
training iteration n, the active horizon grows by sH every M iterations. During short-horizon learning, target timesteps are sampled only
within the active window until it covers the full sequence. In long-horizon learning, late-horizon sampling focuses supervision on later
timesteps, t ≥ t′, while early-horizon replay regularization reintroduces supervision from earlier timesteps, t < t′, to prevent forgetting.

Particle-based Gaussian Dynamics. Following
TRACE [7] and FreeGave [8], we treat each Gaussian prim-
itive as a rigid-body particle whose motion is governed by
learned physical parameters. For the i-th Gaussian primitive
at time t, we predict its translational velocity vi,t, transla-
tional acceleration ai,t, angular velocity ωi,t, and angular
acceleration βi,t using a neural dynamics network:

(vi,t,ai,t,ωi,t,βi,t) = fθ(xi,t, t), (3)

where fi,t denotes the Gaussian center and Φθ is the learned
dynamics field. Given these physical quantities, we prop-
agate each Gaussian to the next timestep using a second-
order Runge–Kutta integration operator:

Gt+∆t = ΦRK2 (Gt; fθ(xt, t),∆t) , (4)

where ΦRK2 updates the positions and orientations of the
Gaussian primitives while keeping their scales and opacities
unchanged.

3.2. Regularized Gaussian Refinement.
Although feed-forward initialization provides more robust
geometric priors than SfM under sparse-view inputs, the

reconstructed point clouds often contain redundant points.
These redundant points are directly converted into unnec-
essary Gaussian primitives, increasing rendering cost and
slowing down subsequent optimization. To encourage a
compact representation, we impose an opacity sparsity reg-
ularization on the Gaussian configuration G0 during the
warm-up stage:

Lopacity =
1

|G0|
∑
i∈G0

|oi|. (5)

This regularization encourages redundant Gaussians to have
low opacity, allowing them to be naturally removed by the
pruning step in the standard 3DGS densification strategy.

In addition, OmniVGGT [17] provides a depth map for
each input view, which we use as a geometric supervision
signal during the warm-up stage. Let D̂0,c denote the depth
map rendered from the initial Gaussian configuration G0 at
camera view c, and let DOmni

0,c denote the corresponding
depth prior predicted by OmniVGGT [17]. We define the
depth regularization loss as:

Ldepth =
∑
c

∥∥∥M0,c ⊙
(
D̂0,c −DOmni

0,c

)∥∥∥
1
, (6)
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where M0,c is a valid-pixel mask and ⊙ denotes element-
wise multiplication. The overall optimization objective is
then written as:

L = Lrender + λdLdepth + λoLopacity, (7)

where Lrgb is the standard image reconstruction loss, con-
sisting of L1 and d-SSIM loss and λd and λo control the
strength of the depth and opacity regularization terms, re-
spectively. By applying depth and opacity regularization
during the warm-up stage, our optimization reduces redun-
dancy and overfitting, providing a more reliable representa-
tion for estimating velocity and acceleration fields, as qual-
itatively shown in

3.3. Progressive Physics Learning
Under sparse-view supervision, directly optimizing physi-
cal dynamics over the entire temporal sequence from the
beginning is unstable. To address this issue, we introduce
a Sliding Temporal Window that progressively expands the
active temporal range used for training. Before this window
spans the full sequence, we perform Short-Horizon Physics
Learning, where the model samples timesteps within the
currently active window and focuses on learning stable
short-range dynamics. Once the window covers the full se-
quence, we transition to Long-Horizon Physics Learning,
where the model prioritizes later timesteps while preserv-
ing the dynamics learned from earlier timesteps.

Sliding Temporal Window. Let T denote the maximum
training timestep and let n be the physics-training iteration
after Gaussian warm-up. The active horizon is defined as

H(n) = min

(
T, sH

(⌊
n− 1

M

⌋
+ 1

))
, (8)

where sH is the window expansion size and M is the ex-
pansion interval. At iteration n, timesteps are sampled only
from the active temporal window Tn = {0, . . . , H(n)− 1}.

Short-Horizon Physics. Before the temporal window
spans the full sequence, we train the neural dynamics field
fθ within the active temporal window. At each iteration, we
sample a target timestep τ ∈ Tn and roll out the canoni-
cal Gaussian configuration G0 to the target timestep by re-
peatedly applying the second-order Runge–Kutta integra-
tion operator ΦRK2. This rollout process is defined as:

Gτ = Rollout(ΦRK2(G0; fθ(xt, t),∆t), τ) (9)

The rollout operator recursively applies the integration op-
erator ΦRK2. Starting from G0, each intermediate Gaus-
sian configuration Gt is advanced to Gt+∆t by ΦRK2. At
each step, the neural dynamics field fθ predicts the physi-
cal quantities of the current Gaussian primitives, and these
quantities are used by the integration operator to update
their positions and orientations. This short-horizon stage is

applied until the progressively expanding temporal window
covers the full sequence. Although the window gradually
increases over training, earlier timesteps receive more fre-
quent supervision throughout this stage. Consequently, the
model is encouraged to first learn stable short-horizon dy-
namics.

Long-Horizon Physics Learning Once the temporal
window covers the full sequence, we switch to long-horizon
physics learning. Although the short-horizon stage provides
stable supervision for early timesteps, the dynamics of later
timesteps remain relatively under-trained. If we continue to
sample target timesteps uniformly from the entire sequence,
the overall training pipeline becomes biased toward early
timesteps. As a result, the model fail to sufficiently learn
the physics for late-timestep prediction.

To address this issue, we introduce late-horizon sam-
pling. Instead of sampling from the full temporal range,
we restrict the target timestep to the late temporal window
Tlate = {t′, t′ + 1, . . . , T}, where t′ denotes the transition
timestep between the early and late horizons. At each itera-
tion, we sample τlate ∈ Tlate, thereby increasing the amount
of supervision assigned to late timesteps and encouraging
the model to better learn long-range physical dynamics.

However, training only with late-horizon samples can
cause the model to forget the dynamics learned for early
timesteps. To mitigate this issue, we introduce early-
horizon replay regularization. During rollout, we addition-
ally sample K timesteps from the early temporal interval
Tearly = {0, 1, . . . , t′ − 1}. we sample K early timesteps
{τearly,k}Kk=1 from Tearly and apply the rendering losses at
these timesteps. The long-horizon training objective is de-
fined as:

Llong = L(Gτlate , clate)+λearly
1

K

K∑
k=1

L(Gτearly,k , cearly,k)

(10)
where λearly controls the strength of the early-horizon re-
play regularization. This objective increases supervision on
late timesteps while preserving the short-horizon dynamics
learned during the earlier stage.

4. Experiments
4.1. Experimental Setup
Datasets and Metrics. Following TRACE [7] and Free-
Gave [8], we consider dynamic multi-view datasets that are
designed to evaluate not only reconstruction quality but also
future frame extrapolation. We evaluates physical dynamics
model on two existing datasets from NVFi [5]: Dynamic
Object dataset, Dynamic Indoor Scene dataset. The Dy-
namic Object dataset contains 6 dynamic object sequences
captured by 15 calibrated cameras, while the Dynamic In-
door Scene dataset consists of 4 indoor scenes with multi-
ple moving objects captured by 25 calibrated cameras. For
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Table 1. Quantitative comparison on the Dynamic Objects [5] and Dynamic Indoor Scene [5] under sparse-view settings. We report PSNR,
SSIM, and LPIPS for 3-view and 5-view training settings.

Dynamic Objects Dynamic Indoor Scene

Method 3-view 5-view 3-view 5-view

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
TRACE+OmniVGGT 24.725 0.956 0.048 25.229 0.963 0.042 22.758 0.733 0.227 23.709 0.799 0.177
FreeGave+OmniVGGT 23.700 0.942 0.062 24.127 0.943 0.069 22.357 0.699 0.260 23.383 0.797 0.187

SparseDynGS 26.019 0.965 0.036 26.280 0.969 0.033 22.459 0.740 0.216 23.516 0.822 0.157

both datasets, we construct sparse-view settings by select-
ing either 3 or 5 training views. We choose validation cam-
eras such that the evaluation includes both interpolation and
extrapolation viewpoints with respect to the selected train-
ing views, as illustrated in Fig. 2. For the Dynamic Ob-
ject dataset, we use 5 validation views in the 3-view set-
ting and 7 validation views in the 5-view setting. For the
Dynamic Indoor Scene dataset, we use 4 validation views
for both the 3-view and 5-view settings. We evaluate all
methods using standard image quality metrics, including
peak signal-to-noise ratio (PSNR), structural similarity in-
dex measure (SSIM), and learned perceptual image patch
similarity (LPIPS).

Implementation Details. Following the protocol of
NVFi [5], we normalize each video sequence to the tem-
poral range [0, 1]. Frames with t ≤ 0.75 are used for train-
ing, while future frames in the interval (0.75, 1.0] are used
for extrapolation evaluation. During the warm-up stage,
we set the weights for depth and opacity regularization to
λd = 5 × 10−3 and λo = 10−2 for all experiments. For
Progressive Physics Learning, we set the window expan-
sion size to sH = 4 and the expansion interval to M = 500
in the Sliding Temporal Window. In the Short-Horizon
Physics Learning, we use the same neural dynamics net-
work architecture fθ as TRACE [7] and set the integration
step to ∆t = 2 for rollout. In the Long-Horizon Physics
stage, we set the transition timestep for late-horizon sam-
pling to t′ = 35, use K = 4 early timesteps for early-
horizon replay regularization, and set λearly = 0.5.

Baselines. We use TRACE [7] and FreeGave [8],
two 3DGS-based methods that learn physical dynamics,
as our main baselines. Since these methods were orig-
inally evaluated under dense multi-view settings, they
rely on SfM-based initialization, which becomes unreli-
able in sparse-view scenarios. For a fair comparison un-
der sparse-view inputs, we additionally construct strength-
ened baselines by replacing their SfM initialization with the
OmniVGGT-based initialization used in our method. We
denote these variants as TRACE+OmniVGGT and Free-
Gave+OmniVGGT, respectively.

4.2. Results & Analysis

Table 1 reports the quantitative comparison under sparse-
view settings on the Dynamic Objects [5] and Dy-
namic Indoor Scene [5] datasets. On Dynamic Ob-
jects [5], SparseDynGS consistently outperforms both
TRACE+OmniVGGT and FreeGave+OmniVGGT across
all metrics in both 3-view and 5-view settings. In the 3-
view setting, SparseDynGS improves PSNR from 24.725 to
26.019 and reduces LPIPS from 0.048 to 0.036 compared to
TRACE+OmniVGGT. A similar trend is observed in the 5-
view setting, where SparseDynGS achieves the best PSNR,
SSIM, and LPIPS. These results indicate that our method
improves sparse-view physical dynamics learning beyond
the gain obtained from OmniVGGT initialization alone.

On Dynamic Indoor Scene [5], SparseDynGS shows
stronger structural and perceptual quality, achieving the
best SSIM and LPIPS in both 3-view and 5-view set-
tings. Although TRACE+OmniVGGT obtains slightly
higher PSNR, SparseDynGS achieves lower LPIPS and
higher SSIM, suggesting that our method produces more co-
herent geometry and visually faithful dynamics under chal-
lenging indoor scenes. This is particularly meaningful be-
cause Dynamic Indoor Scene contains more complex multi-
object motion, making sparse-view dynamics learning more
difficult.

The qualitative results in Fig. 4 further illustrate the ad-
vantage of SparseDynGS in future-time extrapolation. In
the Bat and Whale examples, the baselines produce visi-
ble motion blur and distorted dynamic regions, especially
around wings and tails. SparseDynGS better preserves
the object silhouette and maintains sharper local structures.
In the Darkroom scene, FreeGave+OmniVGGT introduces
strong ghosting artifacts and TRACE+OmniVGGT still
shows noticeable distortion in the highlighted foreground
region, whereas SparseDynGS produces a cleaner dynamic
region with fewer artifacts. These visual results are con-
sistent with the quantitative improvements in SSIM and
LPIPS, indicating that SparseDynGS provides more coher-
ent and perceptually faithful extrapolations.
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Figure 4. Qualitative results of future-time extrapolation on the Dynamic Objects Dataset (Bat and Whale) and the Dynamic Indoor Scene
Dataset (Darkroom). Red boxes highlight dynamic regions where extrapolation errors are most visible. SparseDynGS preserves sharper
object geometry and more coherent future motion compared with TRACE+OmniVGGT and FreeGave+OmniVGGT, which often produce
motion blur, ghosting, or distorted dynamic structures.

4.3. Ablation Study

In this section, we conduct ablation studies to analyze the
contribution of each component in SparseDynGS. All abla-
tions are performed on the Dynamic Objects [5] under the
3-view training setting.

Regularized Gaussian Refinement. We analyze the ef-
fect of the proposed regularization terms during the warm-
up stage. As shown in Table 2, opacity sparsity regular-
ization substantially reduces redundant Gaussian primitives,
decreasing the number of Gaussians from 487,369 to 9,255,
corresponding to a 98.10% reduction. Despite using sig-
nificantly fewer Gaussians, opacity regularization improves
PSNR by 5.737 dB, SSIM by 0.039, and reduces LPIPS by
0.049 compared to the vanilla warm-up. Adding depth regu-
larization further improves PSNR to 23.982 while maintain-
ing a compact representation with only 8,957 Gaussians.
These results indicate that our regularized refinement pro-
duces a compact and reliable Gaussian representation for
subsequent physics learning.

Progressive Physics Learning. We ablate the key com-
ponents of Progressive Physics Learning in Table 3. First,
we evaluate the effect of the window expansion size sH .
The best performance is achieved with sH = 4, suggest-

ing that the expansion size plays an important role in pro-
gressive physics learning. Smaller expansion sizes keep
the model concentrated on short-horizon dynamics for a
prolonged period, thereby delaying supervision for later
timesteps. In contrast, larger expansion sizes introduce
long-horizon rollout supervision before short-horizon dy-
namics are sufficiently stabilized, which can make physics
learning less stable. Second, we compare full-horizon sam-
pling with the proposed late-horizon sampling. Full-horizon
sampling denotes the strategy of sampling a target timestep
from the entire temporal range at each iteration in Long-
Horizon Physics Learning. the temporal window covers
the full sequence. Late-horizon sampling improves PSNR
from 25.855 to 26.019 and reduces LPIPS from 0.038 to
0.036, showing that focusing supervision on later timesteps
is important for learning long-range physical dynamics. Fi-
nally, we analyze the number of early-horizon replay sam-
ples K. Using K = 4 achieves the best performance across
all metrics. A smaller replay size provides limited cover-
age of early timesteps, making it less effective at preserving
short-horizon dynamics. Increasing the replay size beyond
K = 4 does not further improve performance, suggesting
that additional early-horizon samples provide diminishing
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Table 2. Ablation study on the warm-up regularization strategy
under the 3-view training setting on DynObjects [5]. We report
average results over all the objects.

PSNR ↑ SSIM ↑ LPIPS ↓ # Gaussians

No Regularization 18.179 0.895 0.116 487,369
Opacity 23.916 0.934 0.067 9,255
Opacity + Depth 23.982 0.934 0.068 8,957

Table 3. Ablation study of Progressive Physics Learning on-
DynObjects [5] under the 3-view traning setting. We analyze the
window expansion size sH , late-horizon sampling, and the num-
ber of early-horizon replay samples K.

Setting PSNR ↑ SSIM ↑ LPIPS ↓

Window expansion size
sH = 2 25.344 0.962 0.038
sH = 3 25.778 0.964 0.038
sH = 4 26.019 0.965 0.036
sH = 5 25.837 0.963 0.039

Late-horizon sampling
Full-horizon 25.855 0.964 0.038
Late-horizon 26.019 0.965 0.036

Early-horizon replay size
No Replay 25.788 0.962 0.039
K = 2 25.978 0.964 0.037
K = 4 26.019 0.965 0.036
K = 6 25.955 0.964 0.038

returns and may introduce constraints that are less aligned
with late-horizon optimization.

5. Conclusion
We presented SparseDynGS, a framework for learning
physically grounded Gaussian dynamics from sparse-view
videos—a practical setting that has been largely over-
looked by existing physics-aware 3DGS methods, which
are typically developed and evaluated under dense multi-
view supervision. To overcome the unreliable geometry
that arises when only a few calibrated views are avail-
able, we replaced SfM-based initialization with a feed-
forward reconstruction prior from OmniVGGT and intro-
duced Regularized Gaussian Refinement, which jointly ap-
plies opacity sparsity and depth supervision to obtain a com-
pact and geometrically consistent representation for sub-
sequent dynamics learning. Building on this representa-
tion, we proposed Progressive Physics Learning, a tem-
poral curriculum based on a Sliding Temporal Window
that first stabilizes short-horizon dynamics and then ex-
tends to longer horizons through late-horizon sampling and
early-horizon replay regularization. Experiments on the
Dynamic Objects and Dynamic Indoor Scene datasets un-
der both 3-view and 5-view settings demonstrate the ef-
fectiveness of our approach. SparseDynGS consistently
outperforms the strengthened TRACE+OmniVGGT and
FreeGave+OmniVGGT baselines on object-centric scenes

and remains competitive on the more challenging indoor
scenes, where it achieves the best SSIM and LPIPS. Our
ablation studies further confirm that each component con-
tributes meaningfully: opacity regularization removes over
98% of redundant Gaussians while substantially improv-
ing rendering quality, and both late-horizon sampling and
early-horizon replay are important for learning stable long-
range physical dynamics. Despite these results, several
limitations remain. The quality of our dynamics learn-
ing depends on the geometric prior provided by the feed-
forward initialization, which can degrade for highly clut-
tered or textureless indoor scenes, and our particle-based
formulation primarily targets rigid-body motion rather than
strongly non-rigid or deformable dynamics. Extending
SparseDynGS toward even sparser or monocular inputs,
richer deformation models, and longer prediction horizons
in real-world captures is a promising direction for future
work.
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