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Abstract

Dynamic Gaussian Splatting approaches have achieved re-
markable performance for 4D scene reconstruction. However,
these approaches rely on dense-frame video sequences for
photorealistic reconstruction. In real-world scenarios, due to
equipment constraints, sometimes only sparse frames are ac-
cessible. In this paper, we propose Sparse4dDGS, the first
method for sparse-frame dynamic scene reconstruction. We
observe that dynamic reconstruction methods fail in both
canonical and deformed spaces under sparse-frame settings,
especially in areas with high texture richness. Sparse4DGS
tackles this challenge by focusing on texture-rich areas. For
the deformation network, we propose Texture-Aware De-
formation Regularization, which introduces a texture-based
depth alignment loss to regulate Gaussian deformation. For
the canonical Gaussian field, we introduce Texture-Aware
Canonical Optimization, which incorporates texture-based
noise into the gradient descent process of canonical Gaus-
sians. Extensive experiments show that when taking sparse
frames as inputs, our method outperforms existing dynamic
or few-shot techniques on NeRF-Synthetic, HyperNeRF,
NeRF-DS, and our iPhone-4D datasets.

Project Page — ChangyueShi.github.io/Sparse4DGS

1 Introduction

Modeling 4D scenes from 2D images and synthesizing pho-
torealistic novel views is essential for computer vision and
graphics (Pumarola et al. 2021; Yang et al. 2024b, 2023).
This task has attracted significant attention from both indus-
try and academia due to its great potential in augmented
and virtual reality applications (Yang et al. 2024c; Jiang
et al. 2024). The recent emergence of 3D Gaussian Splat-
ting (Kerbl et al. 2023) has revolutionized dynamic scene
reconstruction through its real-time rendering capabilities.
To reconstruct a dynamic scene, a variety of Gaussian
Splatting methods (Huang et al. 2024; Yang et al. 2024b;
Liang et al. 2023; Duisterhof et al. 2023; Wu et al. 2024a;
Duan et al. 2024; Yang et al. 2023) have been proposed.
The most commonly used approach explicitly represents the
scene as a canonical Gaussian field and models Gaussian
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variations at specific timestamps using a deformation net-
work (Yang et al. 2024b; Wu et al. 2024a). However, existing
methods depend on dense-frame video sequences as input to
reconstruct high-fidelity dynamic scenes. In real-world ap-
plications, sometimes, only low-FPS video sequences are
available due to device limitations.

This naturally raises the question: Can high-quality 4D
scenes be reconstructed from sparse frames? We inves-
tigate the capability of 4D Gaussian Splatting for address-
ing sparse-frame inputs and demonstrates that it is possi-
ble to reconstruct a high-fidelity dynamic scene even from
a limited sequence of frames. When the input image frames
are sparse, existing methods (Yang et al. 2024b; Wu et al.
2024a) suffer a significant degradation. We observe that this
degradation manifests in texture-rich regions, as these areas
contain abundant high-frequency content that is challenging
to preserve under deformation. In these areas, the geome-
try tends to collapse in deformed and canonical spaces, as
shown in the second and fourth columns of Fig. 1.

In this work, we propose Sparse4DGS, a novel frame-
work tailored for dynamic scene reconstruction from sparse-
frame video sequences. Our intuition is that sparse-frame in-
puts inherently provide limited information, in which sce-
nario, high-frequency texture signals become the primary
source of rich detail and dynamic cues essential for accurate
deformation modeling. Therefore, we encourage Gaussians
to focus on these texture-rich regions, thereby modeling the
underlying structure. Central to our approach is the Texture
Intensity (TI) Gaussian Field: for each input frame, we com-
pute per-pixel gradient magnitudes to derive 2D 71 maps.
We then embed this texture intensity into each 3D Gaussian
by aligning rendered and extracted 2D 77 maps.

We tackle the problems from the perspective of texture in-
tensity consistency in both deformed and canonical spaces.
For the Gaussian deformation, we propose Texture-Aware
Deformation Regularization (TADR). Apart from aligning
the TI maps, we incorporate a texture-aware depth regu-
larization to guide the geometric structure of the deformed
space. Specifically, we extract texture intensity from depth
maps to obtain 77 maps of depth. The texture of rendered
depth at a specific timestamp is aligned with the depth
texture map extracted from the depth map predicted by
Mono-Depth Estimator (Ranftl et al. 2021). For the canon-
ical Gaussians, we propose Texture-Aware Canonical Opti-
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Figure 1: In this work, we introduce Sparse4DGS, a novel approach for dynamic scene reconstruction using sparse input frames.
In the “Sheet” scene from the NeRF-DS (Yan, Li, and Lee 2023) dataset, when taking sparse frames as inputs, Sparse4DGS
achieves high-quality novel view synthesis results in both canonical and deformed spaces.

mization (TACO). In TACO, the gradient descent of canoni-
cal Gaussians is reformulated based on Stochastic Gradient
Langevin Dynamics (Welling and Teh 2011; Brosse et al.
2018; Kheradmand et al. 2024a,b) with a noise term based
on the value of 77 attribute. This noise term continuously
perturbs the optimization of canonical Gaussians until they
converge to texture-rich areas. When using inputs with either
5 FPS (low frame rate) or 30 FPS (high frame rate) for train-
ing, Sparse4DGS exhibits superior dynamic reconstruction,
demonstrating its potential for a wide range of frame rate
videos in real-world applications.
In summary, the major contributions of our work are:

* We demonstrate that high-quality dynamic scenes can be
reconstructed from sparse-frame video sequences. To the
best of our knowledge, this is the first work to focus on
sparse-frame 4D scene reconstruction.

We tackle the problems of optimization under sparse in-
puts from the perspective of high-frequent texture infor-
mation and propose a texture-aware method (TADR and
TACO) to align Gaussians with texture richness, thus pre-
serving the underlying geometric structure.

Extensive experiments demonstrate that Sparse4DGS
outperforms previous dynamic and sparse NVS methods
across multiple datasets, including NeRF-Synthetic, Hy-
perNeRF, NeRF-DS, and our iPhone-4D dataset.

2 Related Work

Novel View Synthesis Novel view synthesis (NVS) aims
to generate unseen views of a scene from a set of in-
put images. Traditional methods, such as Structure-from-
Motion (SfM) (Ullman 1979) and Multi-View Stereo
(MVS) (Tomasi and Kanade 1992), rely on geomet-
ric reconstruction techniques. Neural Radiance Field
(NeRF) (Mildenhall et al. 2021) introduces a learning-based
approach, representing a scene as a volumetric radiance
field parameterized by an MLP. While subsequent NeRF-
based methods (Miiller et al. 2022; Chen et al. 2022; Yu
et al. 2021; Barron et al. 2021, 2022) have enhanced render-
ing quality and efficiency of the vanilla NeRF, they remain
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constrained by the computational overhead of volumetric
rendering. Recently, Gaussian Splatting (Kerbl et al. 2023)
has emerged as an efficient alternative, leveraging rasteri-
zation to achieve real-time, high-fidelity scene reconstruc-
tion. It has inspired extensive researches across various do-
mains, including dynamic scene reconstruction (Wu et al.
2024a; Yang et al. 2024b; Huang et al. 2024), few-shot learn-
ing (Zhu et al. 2025; Li et al. 2024; Zhang et al. 2025; Pali-
wal et al. 2025), and super-resolution reconstruction (Feng
et al. 2024), among others (Shi et al. 2025a).

Gaussian Splatting for Dynamic Scenes Many studies have
extended Gaussian Splatting to dynamic scene reconstruc-
tion. Research in this area can be broadly divided into
two categories: deformation-based and 4D Gaussian-based
methods. Deformation-based methods use an implicit struc-
ture (Huang et al. 2024; Yang et al. 2024b; Liang et al.
2023; Duisterhof et al. 2023; Wu et al. 2024a) to model the
deformation from a static canonical Gaussian field. On the
other hand, 4D Gaussian-based methods (Duan et al. 2024,
Yang et al. 2023) introduce the time dimension in the origi-
nal Gaussian Splatting formulation, which can be expressed
with the 4D position and 4D covariance matrix. Many stud-
ies have now applied dynamic Gaussian Splatting to var-
ious fields. ZDySS (Saroha et al. 2025) proposes a zero-
shot scene stylization method with dynamic Gaussian Splat-
ting. Some methods (Shan et al. 2025) utilize it for recon-
struction of surgical scenes. DeblurdDGS (Wu et al. 2024b)
proposes a framework in dynamic Gaussian Splatting for
blurry monocular video. Existing dynamic Gaussian Splat-
ting methods rely on dense-frame video sequences as input
for dynamic scene reconstruction. In this work, we propose
Sparse4DGS and show that high-quality dynamic scenes can
be reconstructed using sparse input frames.

Few Shot Gaussian Splatting Gaussian Splatting (Kerbl
et al. 2023) has gained significant attention for its fast ren-
dering speed and high-quality results across various applica-
tions (Feng et al. 2024; Qin et al. 2024; Lee et al. 2025; Gao
etal. 2025; Choi et al. 2025; Shi et al. 2025b; Hu et al. 2025).
Despite these advantages, novel view synthesis (NVS) still
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Figure 2: Overall pipeline of Sparse4dDGS. Left: The Sobel operator and Mono-Depth Estimator (Ranftl et al. 2021) are em-
ployed to generate the texture intensity (TT) and depth maps from sparse frames. Top right: The T'I attribute is embedded in
each Gaussian via L;.,. Texture-Aware Deformation Regularization is employed to align the rendered and ground truth texture
intensity of depth maps with L,,q4,-. Bottom right: After receiving the original gradient, Texture-Aware Canonical Optimization
introduces an additional texture-based noise to each Gaussian, thereby improving their concentration on texture-rich regions.

requires hundreds of input images to achieve photo-realistic
reconstructions, limiting its practicality in real-world sce-
narios. To address this, recent research has explored tech-
niques for high-quality reconstruction from sparse inputs.
GaussianObject (Yang et al. 2024a) leverages a diffusion
model (Rombach et al. 2022) to synthesize photo-realistic
novel views from just four input images. DNGaussian (Li
et al. 2024) introduces a depth regularization module that en-
hances reconstruction efficiency and quality. CORGS (Zhang
et al. 2025) mitigates reconstruction inaccuracies by refining
the training process. FSGS (Zhu et al. 2025) tackles the chal-
lenge of extremely sparse SfM initialization by introducing a
Gaussian Unpooling mechanism. CoherentGS (Paliwal et al.
2025) proposes a structured Gaussian representation that en-
ables explicit control in 2D image space. Additionally, gen-
erative approaches (Chen et al. 2025; Charatan et al. 2024)
have been explored to predict Gaussians directly using feed-
forward networks, further improving performance.

3 Preliminary

3.1 Dynamic Gaussian Splatting
Gaussian Splatting (Kerbl et al. 2023) represents scenes with
anisotropic Gaussians {;, s, 7;, 0, ¢; }, where p; € R? is
the position, s; € R? and ; € R* define the covariance,
0; € Ris opacity, and ¢; € R¥ encodes color. The rendering
process follows alpha-blending:
1
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1
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Figure 3: Visualization of texture intensity maps. Left: Input
RGB images. Right: Extracted texture intensity maps.

where «; is computed by projecting Gaussians to the image
plane. To model dynamic scenes, recent methods (Yang et al.
2024b; Wu et al. 2024a) extend it with a deformation field.
Given time ¢, the deformation MLP predicts offsets for each
Gaussian:

(dz,0r,8s) = Fo(y(sg(z)),7(1)), 2
where Fy is MLP, v(+) denotes positional encoding (Milden-
hall et al. 2021), and sg(+) stops gradient propagation. The
deformed Gaussians {u;+dx, s;+9s,r;+9r, 0;, ¢;} are ren-
dered via Eq. 1. An RGB loss is utilized to optimize the
canonical Gaussians and the deformation network:

Lygy = (1 = NLy(I, 1) + ALssra (1, 1), (3)

where I is the rendered image and [ is the corresponding
ground truth (GT). Here, L; represents the Mean Squared



Figure 4: Comparison between L1 distance and PCC for the
rendered texture map. L., with PCC achieves more precise
texture embedding results.

Error (MSE) loss, while Lggyas is the Structural Similarity
Index Measure (SSIM) (Wang et al. 2004).

3.2 Stochastic Gradient Langevin Dynamics

The Stochastic Gradient Langevin Dynamics (SGLD)
(Welling and Teh 2011; Brosse et al. 2018) method has been
recently applied to novel view synthesis applications (Kher-
admand et al. 2024a,b). The traditional SGD update rule
(Amari 1993) in the original Gaussian Splatting can be de-
scribed as:

g:g_a'ngINI[L(g;I)]7 (4)

where « is the learning rate, E;z represents the expecta-
tion over the data distribution Z, and L(g; I) is the total loss
function that depends on the parameter g and the input im-
age I. Meanwhile, the SGLD update takes the form as:

g=g+a-VylogP(g)+b-e (5)

where P is the data-dependent probability density function
of the target distribution. € represents the noise distribution
for exploration. Hyperparameters a and b control the trade-
off between convergence speed and exploration. In Gaussian
Splatting application (Kheradmand et al. 2024b), it can be
rewritten as:

g=9g—Qqg- ngINI [L(g; I)} + Qpoise * €os (6)
where the noise term €, can be described as follows:
o =0(—k(o—1))-> 1. @)

Here, n ~ N(0,1), and k and ¢ are set to 100 and 0.995,
respectively, to create a sharp transition function that shifts
from zero to one. ¢ represents the sigmoid function and o is
the opacity value of each Gaussian. In this work, we further
extend this formulation to better suit dynamic scene recon-
struction under sparse inputs.

4 Proposed Method

As illustrated in Fig. 2, we propose Sparse4DGS. In Sec. 4.1,
we introduce Texture Intensity Gaussian Field. In Sec. 4.2,
we introduce Texture-Aware Deformation Regularization
(TADR). In Sec. 4.3, we introduce the Texture-Aware Canon-
ical Optimization (TACO).
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4.1 Representing 3D Texture Richness

To encourage texture consistency, we first propose the Tex-
ture Intensity Gaussian Field. We extract texture maps from
input frames using a discrete differential operator. The tex-
ture information is then embedded into each Gaussian.2D
Texture Intensity Maps. We represent texture richness using
per-pixel gradients. These gradient values quantify the varia-
tion in colors between adjacent pixels and explicitly capture
local texture richness.

Given an input RGB image [ € , we first com-
pute two gradient maps by convolving I with the standard
horizontal and vertical Sobel operators, respectively:

RHXWX3

-1 0 1 -1 -2 -1
TII—I*[—2 0 2,TIy—I*[O 0 01.
-1 0 1 1 2 1
(®)
We then compute the per-pixel gradient magnitude:
TIu(i,j) = JTLG.)? + TG )2 ©)

where TI(i,j) is the gradient magnitude at pixel (z,7),
which serves as an explicit measure of local texture richness.
Fig. 3 presents the extracted texture intensity maps.

Texture Intensity in 3D Space. To represent the texture rich-
ness in 3D space, we introduce a new attribute Texture In-
tensity (T'T) for each Gaussian. T'I can be rendered into a
texture map T'I,¢pqe- via differentiable rasterizer as shown
in Eq. 1. Since the texture extractor is applied independently
to each image, spatial inconsistencies may occur. The tra-
ditional L1 loss primarily focuses on absolute differences
between pixels, disregarding spatial inconsistencies. To re-
lax this issue, Sparse4DGS employs the Pearson Correlation
Coefficient (PCC) (Cohen et al. 2009) to compute the rela-
tive variation rates between 1T'I; and T'I,cpqer. The formu-
lation of PCC can be decribed as:

. Cov(X,Y)
VVar(X) - /Var(Y)

where X and Y represent two distinct variables, Cov(X,Y)

denotes their covariance, and Var(X) and Var(Y) repre-

sent their variances. We optimize 7'I through the PCC loss
between T'1g; and T'I,cpnger:

Lice =1~ PCC(TIgthITender)~ (11

This approach relaxes spatial inconsistencies and achieves
superior texture embedding results (Fig. 4).

PCC(X,Y) . (10)

4.2 Texture-Aware Deformation Regularization

The optimization of Sparse4DGS builds upon previous dy-
namic Gaussian Splatting method (Yang et al. 2024b). The
optimization performance under sparse frames is primarily
influenced by the deformation network and the canonical
Gaussian field. This section focuses on the regularization of
the deformation field. We propose Texture-Aware Deforma-
tion Regularization (TADR) to guide the geometric structure
of deformed Gaussians with depth-texture consistency.
Texture intensity is often correlated with changes in
depth. For efficient geometric constraint, a previous method



Method NeRF-Synthetic (20 frames) NeRF-DS (20 frames) Hyper-NeRF (30 frames) iPhone-4D (30 FPS) iPhone-4D (5 FPS)
ethods
s PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
Deform-3DGS 22.65 0.927 0.073 20.81 0.753 0.301 22.41 0.661 0.295 27.01 0.909 0.210 21.12 0.817 0.299
4DGaussians 22.47 0.931 0.071 19.70 0.697 0.350 20.64 0.637 0.414 28.79 0.896 0.246 16.37 0.678 0.421
CoRGS 20.15 0.920 0.089 19.86 0.746 0.319 20.50 0.638 0.364 21.58 0.851 0.266 16.81 0.737 0.374
Ours 25.31 0.944 0.056 22.34 0.801 0.233 2391 0.711 0.294 29.81 0.929 0.177 27.51 0.910 0.205
Table 1: Quantitative comparison on multiple datasets. The metrics include PSNR 1, SSIM 1, and LPIPS |.
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Figure 5: Visualization of various methods on our iPhone-4D dataset with 5 FPS video inputs.

(Zhu et al. 2025) computes the PCC between the ren-
dered depth maps and the monocular depth estimated by
DPT (Ranftl et al. 2021). This image-level regularization has
limitations in capturing local depth variations (Fig. 8). To
efficiently constrain the deformation network, Sparse4DGS
develops a texture-based regularization method.

To begin with, TADR utilizes Sobel (Sec. 4.1) to extract
texture intensity maps information of the rendered depth
D, ¢nder and depth computed from DPT (Ranftl et al. 2021)

detl Tiderth  — TE(Drender)v TIgtepth = TE(DdPt)'

render
Therefore, the TADR loss can be formulated as:

Ltadr = 1 — PCC(TILP"  TIP! (12)

render) '

Similar to Lie;, TADR employs PCC for supervision,

since T'T jfp " exhibits spatial inconsistency. Therefore, the
overall training loss can be described as:

L= L'rgb + A1 Liew + A2+ Ltadra (]3)

where L,.;;, consists of an MSE loss and an SSIM loss (Kerbl
et al. 2023), as shown in Eq. 3.

4.3 Texture-Aware Canonical Optimization

The supervision defined in Eq. 13 generates a per-Gaussian
gradient V,E;.7[L(g;I)], which drives the canonical
Gaussian to update its attributes using the SGD method, as
formalized in Eq. 4. To help canonical Gaussian field con-
centrate more on texture-rich areas, we reformulate this up-
date function based on SGLD (Welling and Teh 2011; Kher-
admand et al. 2024a,b) and propose Texture-Aware Canoni-
cal Optimization (TACO).

The main idea of TACO is to introduce stochastic noise in
each iteration during the Gaussian update. Our update for-
mulation for the canonical Gaussians can be described as:

g=g—0ag4- vg]EINI [L(g; I)] + Qnoise * (Eteac + 60)7 (14)
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where the €, is employed to reduce ambiguous Gaussians, as
described in Eq. 7, which often manifest as floaters. TACO
introduces an additional texture aware term €;.,, which is
defined as: €, = o(—k(TI —t)) - > 0. Since the value
range of T'I is identical to that of opacity, we use the same
hyperparameters as those in Eq. 7. A Gaussian with a greater
T'I value would receive a smaller noise term. When a Gaus-
sian reaches texture-rich regions, its 7'/ value approaches
one, and €., approaches zero. Consequently, €., contin-
uously influences the optimization process until the Gaus-
sians attain high opacity and Tex values, indicating that
they have reached texture-rich regions.

5 Experiments
5.1 Experimental Settings

Dynamic datasets. The NeRF-Synthetic dataset (Pumarola
et al. 2021) contains 8 synthetic scenes. The NeRF-DS
dataset (Yan, Li, and Lee 2023) consists of 7 real-world
scenes, each containing images captured using two monocu-
lar cameras. For NeRF-Synthetic and NeRF-DS datasets, we
uniformly samples 20, 30, and 40 frames from their origi-
nal training sets for model training and use the same evalua-
tion sets (keeping the original number of frames) as previous
works (Yang et al. 2024b). The Hyper-NeRF dataset (Park
et al. 2021) includes 17 real-world scenes, with 5 typical
scenes selected in this work for comparison. For Hyper-
NeRF dataset, we uniformly samples 10, 20, and 30 frames
from the original training set and adopt the same evaluation
set as previous methods (Yang et al. 2024b).

iPhone-4D dataset. To demonstrate the capability of
Sparse4DGS in various real-world frame-rate application,
we introduce the iPhone-4D dataset, which consists of four
real-world scenes. This dataset is captured using an iPhone
at 30 FPS. We evaluate our method on this dataset using
training inputs at 5 FPS and 30 FPS. The selection of evalu-
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Figure 7: Qualitative results on the NeRF-DS dataset with 20 inputs. Our method consistently outperforms other baselines.

ation set follows Hyper-NeRF dataset. We provide details of
this dataset in the supplementary materials.

Baselines and metrics. We compare Sparse4DGS with typ-
ical dynamic and few-shot scene reconstruction methods in-
cluding Deformable3DGS (CVPR24) (Yang et al. 2024b),
4DGaussians (CVPR24) (Wu et al. 2024a), and CoRGS
(ECCV24) (Zhang et al. 2025). We run these methods
on four datasets without modifying their original settings.
In the following sections, we report the average PSNR,
SSIM (Wang et al. 2004), and LPIPS (Zhang et al. 2018).

5.2 Main Results with Sparse Inputs

In this section, we evaluate our method and baselines using
sparse-frame inputs to explore the potential of Sparse4DGS.
Quantitative results. A subset of the quantitative results
is presented in Tab. 1. For most datasets, our method im-
proves PSNR by more than 1 dB. Previous methods fail
to reconstruct a high-fidelity 4D scene with sparse inputs.
Sparse4DGS consistently achieves the best performance on
three publicly available datasets. These results confirm the
ability of Sparse4DGS to achieve photorealistic reconstruc-
tion even with sparse input frames.

Qualitative results. Fig. 6 and Fig. 7 present the visualiza-
tion results of Sparse4DGS and other methods. The evalu-
ation set consists of novel viewpoints (spatial interpolation)
and novel temporal frames. Although CoRGS (Zhang et al.
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2025) exhibits a strong ability to synthesize novel views and
novel frames from sparse inputs, it fails to effectively handle
dynamic objects. Deformable3DGS (Yang et al. 2024b) and
4DGaussians (Wu et al. 2024a) experience significant per-
formance drops, particularly in regions around object edges.
With TACO and TADR, the Gaussians in Sparse4DGS are
rigorously constrained to align with object edges, thereby
preserving detailed structural information.

5.3 Multi Frame Rate Application

In this section, to evaluate our method in the real-world ap-
plication, we test Sparse4DGS on the iPhone-4D dataset
using input sequences at 5 FPS and 30 FPS. We present
the quantitative results in Tab. 1. Our method consistently
outperforms previous baselines for input sequences both at
5 FPS and 30 FPS. In real-world frame-rate applications,
Sparse4dDGS demonstrates superior reconstruction perfor-
mance, particularly with extremely low-frame-rate input
videos. The qualitative results are shown in Fig. 5. Our
method exhibits more accurate reconstruction of dynamic
object edges. In the case of the “MacBook”, our method
reconstructs a clear Apple logo, while other baselines suf-
fer from blurry results. These results demonstrate that our
method can achieve photo-realistic novel view and novel
frame synthesis result with sparse input frame sequences.
The results on iPhone-4D demonstrate the effectiveness of



Methods PSNR  SSIM  LPIPS Lies weight  PSNR ~ SSIM  LPIPS Lygaqr weight  PSNR ~ SSIM  LPIPS
Baseline 20.81 0.753 0.301 A1 = 0.001 21.80 0.789 0.249 A2 = 0.001 22.04 0.797 0.240
w/o TADR 21.89 0.792 0.245 A1 =0.01 22.34 0.801 0.233 A2 = 0.01 22.34 0.801 0.233
w/o TACO 21.33 0.773 0.271 A1 =0.1 21.79 0.788 0.254 A2 =0.1 22.12 0.797 0.241

Ours 22.34 0.801 0.233 A1 =1 20.17 0.714 0.353 Az =1 21.86 0.794 0.243

(a) Ablation Study on TADR and TACO.

(b) Ablation study on L., weight A;.

(c) Selection of hyper-parameter Ao.

Methods PSNR  SSIM  LPIPS Methods PSNR  SSIM  LPIPS Methods PSNR  SSIM  LPIPS

TACO w/o €, 21.81 0.792 0.246 Lies wlo PCC 21.71 0.789 0.245 w/o texture-aware 21.46 0.775 0.277

TACO W/0 €tea 21.57 0.783 0.260 Liqar wlo PCC 22.09 0.797 0.239 Ours 22.34 0.801 0.233
Ours 22.34 0.801 0.233 Ours 22.34 0.801 0.233

(d) Ablation study on €, 0Or €¢¢, in TACO.

(e) PCC loss (replaced with L1 loss).

(f) Texture-aware depth loss in TADR.

Table 2: Ablation study. We ablate our method on NeRF-DS dataset with 20 input views.

Input Image

Depth Loss

F

Figure 8: Illustration of TADR. TADR demonstrates superior
performance in capturing local depth variations.

TADR Loss

Sparse4DGS in real-world frame-rate applications. Detailed
quantitative and qualitative results can be found in our sup-
plementary materials.

5.4 Ablation Study

We ablate the effectiveness of Sparse4DGS on NeRF-DS
dataset with 20 input images.

Architecture modules. In this section, we conduct a de-
tailed analysis of the effectiveness of our proposed mod-
ules. The experimental results are summarized in Tab. 2a
and Fig. 9. Removing TADR and TACO causes PSNR drops
of 0.45 and 1.01, respectively, demonstrating their critical
role in optimizing a dynamic scene.

Selection of \; and \s. Hyperparameter tuning results in
Tab. 2b and Tab. 2c. Setting A\; and Ay to 0.01 yields the
best performance for Sparse4DGS.

Noise terms of TACO. TACO consists of two noise terms:
€, and €;.,. Removing either causes a performance drop
(Tab. 2d). Without ¢;.,, Gaussians fail to concentrate in
texture-rich areas, while €, helps converge ambiguous Gaus-
sians that are too opaque for pruning.

Ablation study on PCC. Fig. 4 shows the effectiveness of
PCC. Replacing PCC loss in Lye, and L;q4, with L1 loss re-
sults in performance drops of 0.6 and 0.3. This is because L1
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Figure 9: Illustration of our architecture modules. Removing
TADR or TACO results in performance drop.

loss overlooks spatial inconsistencies in multi-view texture
and depth maps (Tab. 2e).

Ablation study on texture-aware depth loss in TADR.
Unlike conventional depth regularization methods (He et al.
2025; Zhu et al. 2025; Kumar and Vats 2024; Gao
et al. 2024), this work introduces a texture-aware depth
loss (Eq.12) in TADR. We compare our method with a con-
ventional depth loss, which directly calculates PCC between
Dyender and Dgy,y. As shown in Fig. 8 and Tab. 2f, both
quantitative and qualitative results demonstrate the effective-
ness of adopting texture in depth loss.

6 Conclusion

In this work, we introduce Sparse4DGS, the first method
for dynamic scene reconstruction using sparse input frame
sequences. We identify the challenges in optimizing defor-
mation and canonical fields, particularly in regions with pro-
nounced texture variations. To tackle this, we propose a
texture-aware method (TADR and TACO) that aligns Gaus-
sians with texture information. We evaluate Sparse4DGS
on our iPhone-4D dataset with frame sequences captured at
5 FPS or 30 FPS, representing a significant advancement for
real-world applications in dynamic scene reconstruction.
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