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Figure 1. Left: Our capture system records dynamic scenes using only four cameras. Right: Dynamic novel views rendered from the

reconstructed 4D representations produced by 4DGS, Ex4DGS, and our method.

Abstract

This paper tackles the challenge of recovering 4D dynamic
scenes from videos captured by as few as four portable
cameras. Learning to model scene dynamics for tempo-
rally consistent novel-view rendering is a foundational task
in computer graphics, where previous works often require
dense multi-view captures using camera arrays of dozens
or even hundreds of views. We propose 4C4D, a novel
framework that enables high-fidelity 4D Gaussian Splatting
from video captures of extremely sparse cameras. Our key
insight lies that the geometric learning under sparse set-
tings is substantially more difficult than modeling appear-
ance. Driven by this observation, we introduce a Neural
Decaying Function on Gaussian opacities for enhancing
the geometric modeling capability of 4D Gaussians. This
design mitigates the inherent imbalance between geome-
try and appearance modeling in 4DGS by encouraging the

*Equal contribution. † Corresponding author.

4DGS gradients to focus more on geometric learning. Ex-
tensive experiments across sparse-view datasets with vary-
ing camera overlaps show that 4C4D achieves superior
performance over prior art. Project page at: https:
//junshengzhou.github.io/4C4D.

1. Introduction

Novel view synthesis of dynamic scenes is a vital task to-

wards achieving 4D intelligence in various applications, in-

cluding virtual reality, game design and film production.

Prior works [41, 44] reconstruct dynamic scenes using com-

plex systems of dense camera arrays with hundreds of syn-

chronized devices, which confines 4D modeling to research

labs or large companies rather than everyday users. In this

paper, we address the extremely challenging problem of re-

constructing 4D dynamic scenes from sparse camera setups.

This technique provides a promising pathway to bring 4D

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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intelligence into daily life, enabling high-quality dynamic

scene reconstruction using only a few mobile phones or

portable cameras such as GoPros.

Recent advances [15, 25] in novel view synthesis of

3D static scenes have demonstrated remarkable perfor-

mance in both rendering quality and efficiency. 3D Gaus-

sian Splatting (3DGS) [15] represents scenes with explicit

graphic primitives, enabling real-time photorealistic render-

ing through rasterization. Extending beyond static observa-

tions, 4D Gaussian Splatting [44] and deformation-based

3DGS approaches [41, 45] further advance dynamic scene

representation by integrating temporal modeling into Gaus-

sian Splatting. Nevertheless, these methods remain applica-

ble primarily to 4D reconstruction from videos captured by

dense camera arrays, which limits their usability in sparse

or consumer-level settings.

Through a deep dive into the optimization in 4D Gaus-

sian Splatting under sparse-view settings, we observe that

the failure of existing 4D frameworks can largely be at-

tributed to a biased optimization process. Specifically, fit-

ting dynamic appearance remains relatively easy for 4DGS

even with limited views, whereas recovering accurate and

noise-free geometry is significantly more challenging due

to insufficient spatial supervision. The current Gaussian for-

mulation fails to properly balance appearance and geometry

learning, resulting in biased optimization that overfits to the

easier appearance cues while neglecting the underlying ge-

ometric consistency.

Driven by this observation, we propose 4C4D, a novel

4D Gaussian Splatting framework for reconstructing high-

fidelity dynamic scenes from as few as four camera views.

4C4D addresses the inherent imbalance between geometry

and appearance learning in sparse-view 4DGS by introduc-

ing an adaptive learning scheme that grants more flexibility

to geometric optimization, leading to a more balanced over-

all training process. To achieve this, we propose the Neural

Decaying Function, a novel mechanism implemented with

neural networks that adaptively controls the decay of Gaus-

sian opacities. The Neural Decaying Function takes key at-

tributes of each 4D Gaussian primitive (e.g. center, opacity,

rotation) as input and predicts a decay factor that neurally

modulates Gaussian opacity. By introducing neural control

over the opacity, which plays a crucial role in guiding 4DGS

geometric learning, 4C4D directs the optimization gradients

to focus more effectively on the learning of scene geome-

try, thereby achieving a better balance between geometric

fidelity and appearance modeling.

Simply adopting the Neural Decaying Function across

all 4D Gaussians leads to suboptimal training. The rea-

son is that the gradients only exist in the visible regions

of 4DGS that contribute to Gaussian rendering, while ap-

plying the same decay function to the opacities of invisible

regions distorts the optimization process and leads to per-

formance degradation. To address this issue, we introduce

a visibility detection strategy that operates across both spa-

tial and temporal domains to identify visible 4D Gaussians

at each view and timestep. We then apply separate decay

strategies for visible and invisible regions, ensuring that the

Gaussian gradients correctly update the Neural Decaying

Function during optimization. We evaluate 4C4D on dy-

namic scene reconstruction from sparse-view inputs across

multiple datasets, including Neural3DV, ENeRF-Outdoor,

Mobile-Stage and our self-captured Dyn4Cam, which cover

both large and small camera overlaps. Experimental results

demonstrate that 4C4D achieves superior and temporally

consistent novel-view synthesis compared to existing state-

of-the-art methods. Our main contributions can be summa-

rized as follows.

• We propose 4C4D, a novel 4D Gaussian Splatting frame-

work that reconstructs high-fidelity dynamic scenes from

sparse camera views as few as four, enabling temporally

consistent and flexible novel-view rendering across all

time steps.

• We introduce the Neural Decaying Function, which adap-

tively guides Gaussian geometric learning by encourag-

ing 4DGS gradient to focus more on Gaussian opacities.

We further design separate decay strategies for visible and

invisible regions to ensure stable optimization.

• We evaluate 4C4D on dynamic scene modeling across

sparse-view datasets with varying camera overlaps, and

show our superiority over the state-of-the-art methods.

2. Related Work

2.1. Novel View Synthesis
Novel view synthesis [2, 4, 15, 25] for static 3D scenes is

a long-standing task in 3D computer vision that has drawn

significant attention since the introduction of Neural Radi-

ance Fields (NeRF) [25]. NeRF achieves high-quality novel

view synthesis by performing volume rendering over view-

dependent attributes predicted by a neural network–based

function. Subsequent works have extended NeRF to various

scenarios, including sparse-view inputs [13, 32, 35], large-

scale scenes [33, 36], surface reconstruction [27, 37, 38],

and fast learning [4, 6, 26, 50].

Nevertheless, the NeRF family of methods suffers from

limited rendering efficiency, which hinders their deploy-

ment in real-world applications requiring real-time render-

ing. Recently, 3D Gaussian Splatting (3DGS) [15] has been

proposed, advancing novel view synthesis by enabling real-

time rendering through rasterization of explicit Gaussian

primitives. Beyond static reconstruction, 3DGS has also

been explored for 3D generation [12, 34, 49, 51, 52], re-

construction [5, 11, 54], and material modeling [46–48].

Despite these advances, the above methods remain largely

confined to static 3D modeling and lack the ability to cap-
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ture and represent 4D dynamics.

2.2. Dynamic Scene Modeling
Modeling dynamic scenes from multi-view videos is a more

challenging task that enables novel view synthesis across

all time steps. The key difficulty lies in accurately repre-

senting the temporal motion of dynamic scenes. Inspired

by the success of NeRF, a series of works [7, 17, 28–30]

extend Neural Radiance Fields to dynamic scene modeling

by incorporating time awareness into the network. DyN-

eRF [17] introduces temporal conditioning into NeRF rep-

resentations, enabling dynamic scene synthesis with radi-

ance fields. To improve rendering efficiency, HexPlane [3]

and K-Planes [7] advance volumetric representations with

compact feature planes, achieving faster dynamic NeRF

training.

More recently, researchers have explored the potential of

3D Gaussian Splatting (3DGS) for 4D learning [1, 8–10, 16,

18, 19, 21–24, 31, 40, 53]. Dy3DGaussian [24] proposes

a tracking-based approach that explicitly controls Gaussian

motion over time. Works such as Deformable-3DGS [45]

and 4DGaussians [41] adopt plane-feature–based architec-

tures similar to dynamic NeRFs to model Gaussian defor-

mation fields. Different from these deformation-based ap-

proaches, 4D Gaussian Splatting (4DGS) [44] introduces

a more direct dynamic representation by embedding time-

aware attributes into Gaussian primitives. ST-GS [18] em-

ploys a hybrid scheme that combines temporally aware

Gaussian representations with neural network-based ap-

pearance decoding. FreeTimeGS [39] further introduces

motion attributes to enhance performance under complex

dynamic motions. In addition, LongVolCap [43] focuses

on reconstructing long 4D video sequences, and Diffu-

man4D [14] leverages diffusion-based priors for improved

human motion modeling.

3. Method
We introduce 4C4D, a novel 4D Gaussian Splatting frame-

work for reconstructing high-fidelity dynamic scenes from

as few as four views. The overview of 4C4D is shown

in Fig. 2. We begin with previewing 4D Gaussian Splat-

ting in Sec. 3.1. Then, we introduce the methodology and

implementation of Neural Decaying Function, as shown in

Sec. 3.2. A hyper decay strategy that separately represents

the decay function based on visibility detection is proposed

in Sec. 3.3.

3.1. Preliminary: 4D Gaussian Splatting
4D Gaussian Splatting (4DGS) represents a dynamic 4D

scene using a set of Gaussians, each parameterized by at-

tributes that model the time-varying geometry and appear-

ance of the scene. A 4DGS G = {gi}Ni=1, consisting of N
4D Gaussians, represents each Gaussian with key attributes:

position σ = {x, y, z}, rotation r, opacity o, scale s, spher-

ical harmonics coefficients c and the temporal attributes μt

and st, which define the timestep and duration of the 4D

Gaussian, respectively.

Similar to 3DGS, 4DGS formulates the 4D covariance

matrix as
∑

= RSSTRT , which can be factored in to a

scale matrix S ∈ R and a rotation matrix R ∈ R
4. The

temporal attributes govern the evolution of the geometry

and appearance of each 4D Gaussian at different timesteps.

Specifically, the position of the 4D Gaussian g at timestep t̃
is given by:

σ(t̃) = σ +
∑

1:3,4

∑−1
4,4(t̃− μt). (1)

The opacity o of 4D Gaussian g at timestep t̃ can be for-

mulated as:

o(t̃) = ω(t̃) ∗ o, (2)

ω(t̃) = exp(−1

2

(t̃− μt)
2∑

4,4
), (3)

where ω(t̃) represents a temporal opacity factor that con-

trols the impact of each 4D Gaussian over time. In addition

to the above geometric attributes, 4DGS models the appear-

ances of each Gaussian using 4D spherical harmonics co-

efficients c. The coefficients model the color as c(t, θ, φ),
where (θ, φ) represents the normalized view direction. The

4D spherical harmonics coefficients are formulated as:

c(t, θ, φ) = cos(
2πn

T
t)Ylm(θ, φ), (4)

where Ylm(θ, φ) is the spherical harmonics basis function

with direction (θ, φ), and n donates the order of the Fourier

series.

3.2. Neural Decaying Function
We begin by analyzing the core challenge of 4D Gaussian

Splatting (4DGS) under sparse-view conditions, which is

the biased optimization that tends to overfit to appearance

cues while neglecting geometric consistency. We show an

example of training 4D Gaussian Splatting using only four

cameras in Fig. 3. The figure shows the rendered geome-

try (depth) and appearance (RGB color) from the learned

4DGS under the training and testing views, respectively. As

illustrated, 4DGS accurately reproduces the appearances at

the training views but struggles to produce clean and consis-

tent depth geometry due to insufficient spatial supervision,

leading to noticeable artifacts and poor generalization to un-

seen viewpoints.

Driven by this observation, we introduce a neural

opacity-decaying control that guides the optimization of

4DGS toward more faithful geometric learning. Specif-

ically, we design a Neural Decaying Function fθ imple-

mented with a simple neural network. Given key attributes
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Figure 2. Overview of 4C4D. We introduce a Neural Decaying Function fθ , implemented as a lightweight neural network, to adaptively

control the opacity decay of Gaussians. Given key Gaussian attributes as input, fθ predicts a factor that controls the decay of Gaussian

opacities. During training, both the Neural Decaying Function and the 4D Gaussians are jointly optimized via gradient backpropagation

under a photometric rendering loss.
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Figure 3. Rendered RGB and depth results from 4DGS trained

with and without our Neural Decaying Function, evaluated on both

training and unseen views. Without neural decaying, 4DGS can

overfit the training views but fails to generalize to unseen view-

points, due to the learned poor geometry.

of each 4D Gaussian primitive, including its center σ =
{x, y, z}, opacity o, and rotation r, the function predicts a

decay factor τ for the Gaussian:

τ = fθ(x, y, z, o, r). (5)

The predicted τ neurally modulates Gaussian opacity,

and the final opacity at timestep t̃ in 4C4D can be achieved

with:

o(t̃) = τ ∗ exp(−1

2

(t̃− μt)
2∑

4,4
) ∗ o. (6)

This neural decaying mechanism redistributes the op-

timization gradients to emphasize geometric learning,

thereby mitigating the overfitting bias and balancing geom-

etry fidelity with appearance modeling. As shown in Figs. 3,

4C4D achieves both geometrically consistent depth recon-

structions and visually appealing appearances across train-

ing and novel testing views.

3.3. Separate Decay Strategy based on Visibility
We further justify that simply adopting the Neural Decaying

Function to all 4D Gaussians lead to suboptimal training.

The reason is that the gradients of 4DGS exist only in the

visible regions that contribute to rendering at current view.

Applying fθ to invisible Gaussians distorts the optimiza-

tion and results in performance degradation. To address this

issue, we introduce a visibility detection strategy that oper-

ates in both spatial and temporal domains to identify visible

4D Gaussians at the current view and timestep. We then

apply fθ only to the visible regions while adopting a sepa-

rate decay strategy for invisible 4D Gaussians. This ensures

that the Gaussian gradients correctly update both the Neural

Decaying Function and the 4D Gaussian primitives during

optimization. The visibility detection of 4DGS G at camera

view ṽ and timestep t̃ is formulated as:

Gm = ZV (ṽ, σ, ZT (t̃, st, G)), (7)

where ZV and ZT donate the visibility detection based on

view intersection and time intersection, respectively. ZV

considers the 4D Gaussian centers σ and filters out the

Gaussians whose centers are not visible at current view. ZT

considers the temporal span st of each Gaussian and filters

out those Gaussians whose duration does not include t̃.
Through the visibility detection, we now obtain the vis-

ible 4D Gaussians Gm, while the invisible ones that do not

11832



Ours

ST-GS

4DGS

Ex4DGS

Figure 4. Visual comparisons under Neural3DV dataset.

contributes to Gaussian rendering at the current view and

timestep are defined as G∗
m = G − Gm. We further find

that applying a small constant decay to the opacity of in-

visible 4D Gaussians stabilizes training, consistent with the

observations in [11]. The final separate decay strategy for

each 4D Gaussian g at the full set of 4DGS is defined as:

τ(g) =

{
fθ(x, y, z, o, r) if g ∈ Gm,

β if g ∈ G∗
m,

(8)

where the decay factor β for invisible Gaussians is set to

0.999.

4. Experiment
4.1. Setup
Dataset. We conduct comprehensive experiments on four

datasets to evaluate 4C4D, including Neural3DV [17],

ENeRF-Outdoor [20], Mobile-Stage [42], and our self-

captured Dyn4Cam dataset. Neural3DV [17] is a widely

used multi-view video dataset containing six dynamic

scenes. Each scene is recorded with 18–21 cameras at a res-

olution of 2704×2028 and 30 FPS. Following prior works,

we downsample the images by a factor of 0.5 before train-

ing, and we use the first 300 frames of each scene for both

training and evaluation. For the sparse-view setting, we se-

lect four cameras located at the most distant positions as

the training views, while the remaining camera videos are

used as test views. ENeRF-Outdoor [20] contains three out-

door dynamic scenes captured by an 18-camera array. The

videos are recorded at a resolution of 1920×1080 and 60

FPS. We adopt the same four-camera train/test split strat-

egy as in Neural3DV. Mobile-Stage, released by 4K4D [42],

contains a complex scene featuring highly dynamic multi-

person dance performances. The scene is captured using 24

cameras at a resolution of 1920×1080. We select four views

with large overlap for training, and use the remaining views

as test data.

Finally, since all existing datasets are densely captured

using camera arrays with around 20 devices, we addition-

ally collect Dyn4Cam, a new dataset captured with only

four portable GoPro-style cameras. The videos are recorded

at 60 FPS with a resolution of 1920×1080, and each scene

contains 300 frames. As Dyn4Cam does not include held-

out test views, we only provide qualitative comparisons on

this dataset.

Metrics. Following prior works [18, 39, 44], we report

PSNR, DSSIM and LPIPS as our evaluation metrics for as-

sessing the visual quality of novel view rendering. PSNR

is the most commonly used pixel-wise metric that measures

the per-pixel 	2 difference between the rendered image and

the ground-truth image. DSSIM evaluates the structural dis-

similarity between two images, and we report two variants,
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Figure 5. Visual comparisons under ENeRF-Outdoor dataset.

Table 1. Quantitative comparison under Neural3DV dataset.

Method PSNR ↑ DSSIM1 ↓ DSSIM2 ↓ LPIPS ↓
4DGaussians 20.82 0.117 0.077 0.190

STGS 17.70 0.158 0.107 0.325

4DGS 20.60 0.143 0.094 0.244

Ex4DGS 19.33 0.149 0.099 0.239

Ours 22.29 0.098 0.062 0.146

DSSIM1 and DSSIM2, computed with different data-range

settings of 1.0 and 2.0. LPIPS measures perceptual simi-

larity between images, and lower values indicate better per-

ceptual quality.

Baselines. We compare 4C4D with state-of-the-art

Gaussian-based baselines including 4DGaussians [41],

Ex4DGS [16], ST-GS [18], and 4DGS [44]. All baselines

follow the same experimental setup as 4C4D to ensure a fair

comparison.

4.2. Results of 4-Camera Novel View Synthesis
Neural3DV. We conduct comprehensive evaluations on the

Neural3DV dataset. As shown in Tab. 1, 4C4D consistently

outperforms all state-of-the-art baselines across all quanti-

tative metrics, demonstrating clear advantages in both ge-

ometric accuracy and photometric quality. Visual compar-

isons in Fig. 4 further highlight the superiority of our recon-

structions. Under the challenging sparse-view setting with

supervision from only four cameras, most baselines exhibit

unstable 4D reconstruction behaviors, including noisy point

distributions, drifting primitives, and noticeable Gaussian

artifacts.

Table 2. Quantitative comparisons under ENeRF-Outdoor dataset.

Method PSNR ↑ DSSIM1 ↓ DSSIM2 ↓ LPIPS ↓
4DGaussians 18.21 0.300 0.183 0.456

STGS 15.51 0.315 0.186 0.688

4DGS 23.52 0.183 0.112 0.151

Ex4DGS 21.89 0.224 0.138 0.263

Ours 24.32 0.162 0.097 0.121

In contrast, 4C4D produces clean and temporally co-

herent 4D Gaussian structures, yielding high-fidelity ap-

pearance and robust geometry even in regions with limited

viewpoint coverage. This enables visually compelling novel

view synthesis across a wide range of timesteps and view-

points. The visualizations in Fig. 4 follow a circular camera

trajectory over time, showing the reconstructed scenes at

multiple timestamps and perspectives, and clearly revealing

improvements in temporal stability, geometric complete-

ness, and rendering consistency achieved by our approach.

ENeRF-Outdoor. We further evaluate 4C4D on the

ENeRF-Outdoor dataset, which contains real-world scenes

characterized by complex object motions, uncontrolled

lighting conditions, and significant background clutter.

These outdoor environments introduce strong illumination

variations, shadows, and reflections, making dynamic 4D

reconstruction especially challenging. Quantitative results

in Tab. 2 demonstrate that 4C4D substantially outperforms

all baseline methods, achieving consistently superior per-

formance across all evaluation metrics.

Detailed visualizations in Fig. 5 reveal that 4C4D re-

constructs cleaner and more detailed 4D scenes, resulting
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Figure 6. Visual comparisons under Mobile-Stage dataset.

Table 3. Quantitative comparison under Mobile-Stage dataset.

Method PSNR ↑ DSSIM1 ↓ DSSIM2 ↓ LPIPS ↓
4DGaussians 20.15 0.218 0.144 0.226

STGS 14.30 0.321 0.229 0.658

4DGS 22.15 0.199 0.135 0.180

Ex4DGS 17.85 0.272 0.193 0.260

Ours 22.36 0.194 0.129 0.121

in noticeably higher rendering quality. In particular, 4C4D

exhibits strong robustness in modeling rapid motions from

sparse-view videos, successfully capturing the dynamics of

objects such as the doll and the hands. Moreover, 4C4D

consistently improves the rendering quality at the static re-

gions like the grounds.

Mobile-Stage. We further evaluate 4C4D on the Mobile-

Stage dataset, which contains large-scale outdoor scenes

with multiple actors performing highly dynamic and co-

ordinated dance motions. This dataset presents substan-

tial challenges for 4D reconstruction, including rapid limb

movements, complex multi-person interactions, frequent

self-occlusions, and cluttered backgrounds. Qualitative and

quantitative comparisons are provided in Fig. 6 and Tab. 3.

As shown in Tab. 3, our method achieves the strongest

performance across all evaluation metrics. The visualiza-

tions in Fig. 6 further highlight that 4C4D captures both

high-fidelity geometry and consistent appearance through-

out the entire dynamic sequence. Importantly, while all

competing baselines struggle to reconstruct the subtle and

fast motion details in the three-person dance performance,

4C4D successfully recovers these fine-scale dynamics from

only four input cameras. This result demonstrates the ro-

bustness of 4C4D in challenging real-world multi-person

scenarios and its ability to generalize effectively to large-

scale dynamic scenes.

Dyn4Cam. To further demonstrate the effectiveness of

4C4D on multi-view videos captured with sparse and fully

portable cameras, we additionally evaluate our method

on Dyn4Cam, a self-captured dynamic scene dataset.

Dyn4Cam is recorded using only four GoPro-style con-

sumer cameras that are inexpensive and easy for everyday

users to deploy, with the entire capture setup costing less

than 1,500 USD.

As shown in Fig. 7, 4C4D generates more temporally

consistent 4D dynamics and produces significantly more

faithful and stable dynamic novel-view renderings com-

pared to previous methods. Because Dyn4Cam is collected

using only four cameras and does not contain any extra

viewpoints for numerical evaluation, we do not report quan-

titative metrics on this dataset. The visualizations in Fig. 7

follow a circular camera trajectory over time, illustrating the

reconstructed scenes at various timesteps and viewpoints

and highlighting the differences in temporal stability and

geometric fidelity across methods.

4.3. Ablation Study
Framework Designs. To evaluate the effectiveness of the

major components in our method, we conduct a series of

ablation studies on the representative data in Neural3DV

dataset and report the quantitative performance in Tab. 4.
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Figure 7. Visual comparisons under the self-captured Dyn4Cam dataset.

Table 4. Ablation study on the framework designs.

Method PSNR ↑ DSSIM1 ↓ DSSIM2 ↓ LPIPS ↓
w/o Neural Decay 22.60 0.097 0.062 0.147

w/o Vis Detect 24.49 0.075 0.045 0.127

Full 24.68 0.070 0.042 0.115

Table 5. Ablation study on decaying functions.

Method PSNR ↑ DSSIM1 ↓ DSSIM2 ↓ LPIPS ↓
None 22.60 0.097 0.062 0.147

Constant 24.31 0.075 0.046 0.125

Pow Decay 24.35 0.074 0.045 0.124

Exp Decay 24.32 0.077 0.047 0.135

Ours 24.68 0.070 0.042 0.115

We first assess the contribution of the proposed Neural De-

caying Function by removing the learnable decay module

and replacing it with a fixed decay scheme, reported as “w/o

Neural Decay”. The result demonstrates that an optimal

opacity decay that helps the geometric learning in 4DGS

plays a crucial in improving dynamic modeling capabilities.

We then examine the importance of the visibility detection

strategy by disabling the visibility-aware masking and ap-

plying the same decay function uniformly to all regions,

reported as “w/o Vis Detect”. The ablation results consis-

tently validate the effectiveness of our design choices. Both

components contribute notably to improving geometric sta-

bility and photometric consistency, and their combined ef-

fect leads to substantial gains in dynamic novel view syn-

thesis quality.

Variant Decaying Functions. To further demonstrate that

our proposed Neural Decaying Function, which is learned

during training, provides an optimal opacity decay scheme,

we conduct additional ablation studies by replacing it with

several alternative designs. The results are shown in Tab. 5.

The most naive baseline is a constant opacity decay, as used

in [11]. We adopt the same decay coefficient of 0.9 and

report the result as “Constant”. We also explore several

manually designed mathematical functions that compute the

decay coefficient based on the current opacity. For exam-

ple, (1) we define a hand-tuned exponential function and

report the result as “Exp Decay”, and (2) we define a hand-

tuned power function and report the result as “Pow Decay”.

The ablation results show that the learnable Neural Decay-

ing Function consistently outperforms all manually crafted

alternatives, even those requiring extensive effort to tune,

demonstrating its ability to automatically learn an optimal

opacity decay strategy.

5. Conclusion
We introduce 4C4D, a novel framework that achieves high-

fidelity 4D Gaussian Splatting from videos captured by as

few as four portable cameras. The core idea of 4C4D is a

Neural Decaying Function that improves geometric model-

ing by learning to decay Gaussian opacities adaptively. By

directing the 4DGS gradients to focus more on geometry,

this mechanism alleviates the inherent imbalance between

geometry and appearance learning in 4DGS and results in

less biased optimization. We conduct comprehensive eval-

uations on diverse sparse-view dynamic scene datasets with

varying camera overlaps and demonstrate that 4C4D con-

sistently outperforms state-of-the-art methods.
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