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Abstract. Recent advances in 3D Gaussian Splatting (3DGS) have ach-
ieved significant success in high-fidelity Novel View Synthesis (NVS),
yet the optimization process still introduces noisy Gaussian primitives
due to the sparse and incomplete initialization from Structure-from-
Motion (SfM) point clouds. Most existing methods focus only on adjust-
ing the positions of primitives during optimization, while ignoring the
underlying spatial structure. To this end, we introduce a new perspec-
tive by formulating the optimization of 3DGS as a primitive denoising
process and propose Denoising-GS, a spatial-aware denoising frame-
work for Gaussian primitives by taking both the positions and spatial
structure into consideration. Specifically, we design an optimizer that
preserves the spatial optimization flow of primitives, facilitating coher-
ent and directed denoising rather than random perturbations. Building
upon this, the Spatial Gradient-based Denoising strategy jointly
considers the spatial supports of primitives to ensure gradient-consistent
updates. Furthermore, the Uncertainty-based Denoising module es-
timates primitive-wise uncertainty to prune redundant or noisy primi-
tives, while the Spatial Coherence Refinement strategy selectively
splits primitives in sparse regions to maintain structural completeness.
Experiments conducted on three benchmark datasets demonstrate that
Denoising-GS consistently enhances NVS fidelity while maintaining rep-
resentation compactness, achieving state-of-the-art performance across
all benchmarks. Source code and models will be made publicly available.
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Fig. 1: Illustrative comparison of different denoising methods: (a) Point cloud denois-
ing, which moves noisy points toward the GT surface; (b) Position denoising of Gaus-
sian primitives, which adjusts the mean positions of noisy primitives toward the GT
surface; (c) Spatial gradient-based denoising of Gaussian primitives, which optimizes
both the mean positions and the spatial structure of primitives based on gradients; (d)
Uncertainty-based denoising of Gaussian primitives, which estimates the uncertainty
of each primitive and prunes those with high uncertainty.

1 Introduction

Recent progress in 3D scene representation [1,{10l/12] has greatly advanced novel
view synthesis (NVS), enabling photorealistic rendering from multi-view images.
Among these approaches, 3D Gaussian Splatting (3DGS) [21] has emerged as a
leading explicit representation, modeling scenes with anisotropic Gaussian prim-
itives that support real-time rendering and efficient optimization. Owing to its
strong balance between rendering fidelity and computational efficiency, 3DGS
has inspired numerous extensions across diverse applications, including specular
modeling [294361/37], surface reconstruction [4,/18,50], SLAM [34}/42|, 3D genera-
tion [5}/74/49], 3D copyright protections [19,28], and 3D human modeling |25}30].

Despite its success, 3DGS still faces a fundamental challenge due to its re-
liance on Structure-from-Motion (SfM) point clouds for initialization. Since these
point clouds are often sparse and incomplete, the SGD-based optimization eas-
ily becomes trapped in local minima, producing noisy Gaussian primitives that
compromise structural fidelity. Recent work, 3DGS-MCMC [22], addresses this
issue by introducing opacity-guided relocation and Stochastic Gradient Langevin
Dynamics (SGLD) [39] perturbations to help primitives escape local minima.
However, these stochastic updates act only on the mean positions, leaving the co-
variance (spatial structure) unchanged, and the random perturbations in SGLD
often lead to slow convergence, particularly near saddle points or in regions of
high curvature [23].

While such stochastic approaches help escape local minima, they do not di-
rectly address the noisy nature of the primitives themselves. In practice, the
inaccurate initialization and unstable updates in 3DGS generate primitives that



Denoising-GS 3

behave similarly to noisy points scattered around the true surface. This obser-
vation naturally connects 3DGS optimization with the well-studied problem of
point cloud denoising.

In point cloud denoising [9,/51], noisy points are iteratively pulled toward
the ground-truth (GT) surface (Fig. [[[a)), while GS-based surface reconstruc-
tion methods [4,8,/18}[50] likewise aim to position primitives near the underlying
geometry (Fig. b)) However, unlike point cloud denoising that involves po-
sitional refinement, the positions (means) and spatial structures (covariances)
should be simultaneously denoised. This motivates us to reformulate 3DGS op-
timization as a Gaussian primitive denoising process, in which both the mean
positions and covariance matrices are progressively refined to achieve a coherent,
noise-reduced representation.

Building on this perspective, we propose Denoising-GS, a spatially aware
denoising framework that jointly refines the mean and covariance of each prim-
itive. To achieve stable and directed optimization beyond random perturba-
tions, we introduce momentum-biased stochastic exploration into the optimiza-
tion of 3DGS, which maintains the optimization flow of each primitive, leading
to smoother convergence and more consistent updates.

On top of the momentum-biased stochastic exploration, we design the Spa-
tial Gradient-based Denoising strategy that aligns the spatial updates of
primitives with the underlying gradient field (Fig. [[[c)), ensuring geometri-
cally consistent refinement. To further address redundancy and incomplete spa-
tial coverage, we incorporate Uncertainty-based Denoising, which lever-
ages uncertainty estimation to identify and prune noisy or redundant primitives
(Fig. d)) Finally, the Spatial Coherence Refinement strategy replenishes
under-represented regions, preserving a compact yet complete scene representa-
tion for high-fidelity reconstruction. We evaluate Denoising-GS on three public
datasets (Mip-NeRF 360 |2|, Tanks and Temples [24], and Deep Blending [16]),
and demonstrate state-of-the-art results among all baselines. Our contributions
are fourfold:

— We reformulate the GS optimizing procedure as a Gaussian primitive de-
noising process for achieving accurate scene representation, and propose a
spatial-aware 3DGS denoising framework.

— We introduce the momentum-biased stochastic exploration to enable primi-
tives to stochastically explore global optimal positions while maintaining the
optimization flow of the spatial process.

— We design the Spatial Gradient-based Denoising module that considers
the spatial support of each primitive, ensuring its spatial updates remain
consistent with the underlying gradient field.

— We leverage uncertainty estimation and design the Uncertainty-based De-
noising module to identify and prune redundant or noisy primitives, and
introduce the Spatial Coherence Refinement strategy for compensation
of sparse regions.
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2 Related Work

GS-based Novel View Synthesis. The advent of 3DGS has fundamentally
redefined the landscape of NVS and has inspired numerous subsequent stud-
ies |10,40] that aim to further enhance rendering fidelity, convergence speed,
and computational efficiency. These methods address issues such as removing
floating artifacts and achieving alias-free rendering [38,/43.|46|, refining the den-
sification and pruning strategies of Gaussian primitives [6,2232,/441/45|/48|. Mean-
while, other approaches aim to balance rendering quality and efficiency through
budget-aware optimization [14./33], anchor-based Gaussian Splatting [31}41}/47],
improved Gaussian rasterization [3|/11[35], and alternative primitive (kernel)
representations8 [13,26L/52].

Optimizing Gaussian Primitives in Spatial. Most existing GS-based
methods follow an SGD-based optimizer to iteratively refine Gaussian prim-
itives. In terms of geometric fidelity, GS-based surface reconstruction meth-
ods [4,8./18,50] flatten the primitives in spatial to produce scene representations
that better align with GT mesh surfaces. To further accelerate optimization,
3DGS-LM [17] introduces a Levenberg-Marquardt optimizer, achieving compa-
rable rendering quality with faster speed. Meanwhile, 3DGS-MCMC |22]| adopts
SGLD to introduce stochastic explorations on the mean positions during opti-
mization, which helps prevent local optima and improve rendering robustness. In
contrast to these approaches, our Denoising-GS preserves the spatial optimiza-
tion trajectory of primitives in stochastic exploration, and models the spatial
relationship between the mean and scaling, leveraging gradients to denoise prim-
itives. It is also worth noting that Pixel-GS [48] and AbsGS [45] address a similar
issue to our Spatial Gradient-based Denoising module, namely the influence of
gradients. However, their main claims focus on utilizing gradients to facilitate
the growth of large Gaussian primitives or to split oversized ones, without ex-
plicitly considering the spatial interaction and coordinated updates between the
gradients of the mean and the scaling.

Uncertainty Estimation in GS. Recent works have explored uncertainty
estimation within Gaussian Splatting representations, covering joint optimiza-
tion of per-primitive uncertainty [27], next-best-view selection |20], and various
downstream applications |15/[19]. FisherRF |20] and PUP 3D-GS [15] both use
Fisher Information to estimate uncertainties in GS representations, similar to
our Denoising-GS. However, FisherRF focuses on actively selecting informative
training views based on uncertainty estimation, while PUP 3D-GS performs
post-hoc uncertainty estimation to prune redundant Gaussians for downstream
tasks that require sparse scene representations. In contrast, Denoising-GS in-
tegrates uncertainty estimation directly into the primitive denoising process,
thereby achieving a tighter and more efficient scene representation.

3 Preliminaries

3DGS |21] is an explicit scene representation that utilizes a set of 3D anisotropic
primitives to model a radiance field. Each of the primitives is represented by a
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3D Gaussian distribution, initialized from SfM point clouds, as illustrated in

Eq. (I,

G=e 3MTIM (1)

where M € R? denotes the mean of the Gaussian distribution, X' stands for the
covariance matrix. Considering the inherent physical significance of the covari-
ance matrix, which challenges to update conventionally in back-propagation, the
covariance matrix is decomposed into rotation matrix R and scaling matrix S
by Eq. ,

Y =RSS'RT, (2)

where R represents quaternions, and S denotes to scaling factors.

3DGS-MCMC |22| reinterprets the training process of 3DGS as a Markov
Chain Monte Carlo (MCMC) sampling procedure. Instead of relying on heuris-
tic densification or pruning strategies, it views the set of Gaussian primitives as
random samples drawn from an underlying probability distribution that charac-
terizes the physical scene. Under this probabilistic perspective, the conventional
gradient-based optimization of 3DGS is reformulated as a Stochastic Gradient
Langevin Dynamics (SGLD) update, shown in Eq. ,

M~ M — )\erMLtotal +)\noise)\lr£a (3>

vanilla 3DGS update

which is derived by augmenting the Adam-based parameter update of vanilla
3DGS with an additional SGLD noise term to enable stochastic exploration in
the parameter space. Here, Liota denotes total loss function, Appise controls the
magnitude of the injected noise, and & ~ A(0,I) denotes Gaussian noise.

Additionally, 3DGS-MCMC introduces a novel strategy for densifying and
pruning Gaussian primitives. In practice, primitives with low opacity are relo-
cated to the positions of primitives with high opacity, following the transforma-
tions defined in Eq. and Eq. .

N Ny =1-§/1-037, (4)

2
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where o is the opacity, 2 denotes the covariance matrix, and N indicates the
number of new primitives cloning at the same position.

4 Method

4.1 Overview

Denoising-GS redefines the optimization of 3DGS as a denoising process of Gaus-
sian primitives. Specifically, we first introduce the momentum-biased stochastic
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Fig. 2: Overview of the proposed Denoising-GS framework. The pipeline starts from
noisy SfM-initialized Gaussian primitives and progressively refines them through a
multi-stage denoising process, yielding a compact and accurate representation for high-
fidelity NVS. The proposed momentum-biased exploration preserves the spatial opti-
mization trajectory of primitives, ensuring that the denoising exploration is coherent
and directed rather than purely stochastic. The spatial gradient-based denoising mod-
ule jointly considers the spatial support of primitives, and performs denoising guided
by the gradients. Furthermore, the uncertainty-based denoising module prunes redun-
dant or noisy primitives, while the spatial coherence refinement strategy compensates
for sparse regions to maintain completeness and fidelity.

exploration into 3DGS, which preserves the spatial optimization trajectory of
primitives and enables more stable and direction-aware denoising (Sec. . To
address the inefficiency issue where the translation of the mean is counteracted
by concurrent scaling along the same axis, we design a spatial denoising strat-
egy that jointly considers the gradients of means and scalings to align spatial
variations with gradient directions (Sec. . Furthermore, we introduce an un-
certainty estimation module to identify and prune redundant or noisy primitives
(Sec. , and the spatial coherence refinement strategy to compensate for sparse

regions (Sec. [£.F).

4.2 Momentum-biased Stochastic Exploration

3DGS-MCMC |22| introduces SGLD [39]| perturbations to inject random noise
into each Gaussian primitive during optimization, allowing exploration of more
potential positions and alleviating the issue of local minima encountered in stan-
dard SGD. However, SGLD often results in unstable trajectories and slow conver-
gence. To address these issues, we adopt the Momentum-biased Stochastic Ex-
ploration [23] strategy to 3DGS. In contrast to the vanilla SGLD, which updates
parameters solely based on instantaneous gradients and stochastic noise, we in-
troduce an exponential moving average of historical gradients (momentum) into
the stochastic exploration, effectively stabilizing the stochastic updates while
preserving the asymptotic correctness of the sampling process.

Formally, given the mean of a Gaussian primitive M, € R3 at iteration ¢ in
optimization, the SGLD update is realized by introducing a drift component.
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The update rule is defined as:

Mg = My = MV M Ligral + V2M7 &, (6)

where VM, is the gradient of My, A; is the learning rate, 7 is the tempera-
ture coefficient controlling the stochasticity, and &, ~ A(0,I) is Gaussian noise.
3DGS-MCMC simplifies this formula to Eq. .

To alleviate the aforementioned issues and endow the stochastic noise with a
memory bank, our strategy incorporates a momentum term m; which maintains
an exponentially decayed history of past gradients to guide the exploration.

m; = fimy_1 + (1 — 1)V My, (7)

where VM, _; is the gradient of the mean M of the Gaussian primitive, and /31
is a smoothness controlling coefficient. Our parameter update is then formulated
as:

Mip1 = My = MV M Liggal + /207 & — adimy, (8)

where o € (0,1] is a bias factor that controls the relative contribution of the
momentum term in the drift component.

In the implementation, the magnitude of the Gaussian noise disturbed to
the means is opacity-aware and adapted to the spatial shape of each Gaussian
primitive, whereas the momentum term serves purely as an offset determined
by historical gradients, independent of both opacity and the covariance matrix.
The detailed implementation is provided in the Appendix.

4.3 Spatial Gradient-based Denoising

Although SGLD and our momentum-biased stochastic exploration could elim-
inate the positional noise of Gaussian primitives, the spatial noise should also
be taken into consideration. In other words, the mean position M and the co-
variance matrix X' of each Gaussian primitive should be jointly denoised, as the
latter defines the effective spatial support of the primitive.

During the iterative optimization of a Gaussian primitive, the gradients of the
mean and the covariance (decomposed into scaling and rotation) are computed
independently based on the total loss. However, in specific cases, the movement
of the mean may align with the primitive’s expansion or contraction, causing
redundant updates and thus reducing the effectiveness of optimization. A sim-
plified illustration is shown in Fig. 3] which represents an idealized case where
rotation R = I. The dashed Gaussian primitive denotes the optimal region, and
our objective is to iteratively optimize the yellow primitive to cover this target
region. Primitives that lie outside the target region (colored in gray) are consid-
ered part of the noisy region. Fig. a) shows the initial state, while Fig. b)
presents the state after the optimization of the momentum-biased stochastic ex-
ploration. During this process, the mean M shifts leftward under the guidance
of gradient V.M and the exploration induced in Sec. [4.2| (AD). Meanwhile, both
sy, and sg expand synchronously with the gradient Vs;. This gradient-guided
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Fig. 3: A simplified illustration of the Spatial Gradient-based Denoising process. Note
that the diagram represents an idealized case, and we assume that all Gaussian primi-
tives move only along the horizontal direction, with rotation neglected. M is the mean
position of Gaussian primitive, VM is gradient of M, AD is the momentum-biased
stochastic exploration component, s;, = sgr represent the half-lengths of the primitive’s
major axis j, and Vs; is the scaling gradient on j axis. M is the mean position after
the momentum-biased stochastic exploration. M is the mean position of the denoised
primitive, and Ay is the denoising term.

update, however, also enlarges the gray region, which corresponds to the noisy
region. To address this issue, the proposed Spatial Gradient-based Denoising
module introduces a denoising term Ay (Fig. c)) that adaptively adjusts both
the means and covariance matrices, ensuring that the Gaussian primitive is de-
noised toward its optimal position.

However, in a practical scenario, the Gaussian primitives no longer move
strictly along the coordinate axes and may undergo rotations, resulting in di-
rectly computing the gradient of the covariance matrix X is computationally
expensive. Following the standard parameterization in |21], we define the means
as M = (Mg, M,, M.), and represent the covariance matrix as X, where
the scaling is S = diag(ss,sy,s.) and the rotation is R. At each iteration
during optimization, the gradients of mean VM = (VM,, VM,, VM,) in-
dicate the desired directional movement of the means. The scaling gradients
VS = (VS,,VS,, VS,) correspond to the expansion or contraction along the
principal axes. To ensure consistent updates, we consider both the mean and
its gradients within the same local coordinate system of each Gaussian. Specifi-
cally, we first transform the mean gradients into the local coordinate system of
the Gaussian via:

VME =RTVM, 9)

where VME denotes the mean gradients in local Gaussian coordinate system,
R is rotation matrix. Note that although the rotation is stored as a quaternion
in the GS pipeline, the corresponding R is expressed as a 3 x 3 matrix. We
then identify the principal axes of both the mean gradients VMS and scaling
gradients VS by locating their maximum components. If the two axes are aligned,
a directional denoise term Ay is added along the same axis on M to prevent
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redundant movement:
Ap =|VS;|- sign(VMjG). (10)

Here, VS; and VMJG denote the scaling and mean gradient values along the
j-th principal axis in the local Gaussian coordinate system, where j corresponds
to one of the z, y, or z axes. The sign function preserves the direction of the
mean gradient, ensuring that the denoising displacement occurs in the same
directional sense as the original gradient update. Finally, the means of primitives
are updated as:

Mg = My = MV M Ligeal + AD + SR Ay, (11)

where AD = 2\ 7€, — aA\ym; comes from the momentum-biased stochastic
exploration defined in Eq. (8], with consistent variable names. 85 € (0,1] is the
controlling coefficient of the denoising term Ap.

4.4 Uncertainty-based Denoising

To achieve a more efficient and compact scene representation, we present a strat-
egy that leverages uncertainty estimation to prune primitives and enable denois-
ing. Inspired by [15L[20], we utilize Fisher Information to compute the primitive
uncertainty based on means and scalings. Specifically, Fisher Information mea-
sures the sensitivity of model parameters to the observed data and can be defined
as the variance of the score of the log-likelihood:

I(0) = Ex.p(xo) [Vologp(X | 0) Vologp(X | 6)"], (12)

where 6 denotes the model parameters, X is the observed data, and p(X | 0) is
the likelihood.

However, direct computation of this expectation is intractable in the Gaus-
sian Splatting pipeline. In our Denoising-GS framework, we approximate the
Fisher information for each Gaussian primitive using the gradients of the L2
rendering loss with respect to the primitive’s parameters 6, including the M
and scalings S. For a single primitive, the Fisher information matrix is approxi-
mated via the outer product of the gradient:

Fy =Y V0L, (VO:L,)", (13)

veY

where V6, is the gradient of parameters 6;, and V denotes the set of all camera
views, and £, = ||I, — I,(#)|3 is the L2 rendering loss of view v, where I, is the
GT image and fv(H) is the rendered image. The uncertainty of the i-th primitive
is calculated by:

6
u; = Z%’(Fi), (14)
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where u; denotes the uncertainty of the i-th Gaussian primitive, F; represents
the approximate Fisher information matrix computed for the parameters of the
i-th primitive, and o;(F}) is the j-th singular value of F; obtained through sin-
gular value decomposition (SVD). The summation runs over six singular values,
corresponding to the three dimensional M and three dimensional S. The sum-
mation over all singular values corresponds to the total information magnitude
of the primitive in the spatial domain. We interpret the uncertainty u as an
inverse measure of the information contained in each primitive. Therefore, prim-
itives with smaller u values are considered to have higher uncertainty and lower
confidence, which typically correspond to noisy or redundant points. These prim-
itives are identified and pruned during this denoising stage. The implementation
is provided in the Appendix.

4.5 Spatial Coherence Refinement

To achieve a more expressive scene representation and improve rendering fi-
delity, we introduce a spatial coherence refinement strategy that exploits spatial
density to adaptively guide the selective densification of Gaussian primitives in
sparse regions, thereby enhancing scene details while maintaining representation
compactness. Specifically, we compute the distance between the center of each
primitive and its k nearest neighbors, defined as:

1 k
di = E Z ||£CZ — xi,j
j=1

where z; denotes the position of the i-th primitive, and z; ; represents the posi-
tion of one of the k-th nearest neighbors. Primitives with larger d are considered
to lie in sparse regions and are densified according to Eq. and Eq. . The
detailed implementation is provided in the Appendix.

3, (15)

5 Experiments

5.1 Implementation

Our Denoising-GS framework is built using PyTorch 2.5.1 and CUDA 12.4. All
experiments are conducted on an NVIDIA H100 GPU. For all experimental
scenes, « is 0.05, £y is 0.9, By is 0.5, and k is 3. In the Uncertainty-based De-
noising stage, we remove the top 10% of the most uncertain primitives, while
conducting Spatial Coherence Refinement a total of five times, where each itera-
tion divides the 0.05% of the most spatially sparse primitives. These components
will be ablated in Sec.

Datasets and Metrics. Following the experimental setup of prior work [22],
Denoising-GS is evaluated on eleven scenes from three datasets, including seven
scenes from Mip-NeRF 360 [2], two outdoor scenes from Tanks and Temples [24],
and two indoor scenes from Deep Blending [16]. We explore the use of denser
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Table 1: Results of two baselines and eight GS-based NVS methods on the Mip-NeRF
360, Tank and Temples, and Deep Blending datasets. The red, and colors
represent the top three results.

i Method Vi Mip-NeRF 360 Tanks and Temples Deep Blending

" retho eI gQIMT PSNRT LPIPS)|SSIMt PSNR1 LPIPS||SSIM{ PSNR+ LPIPS|

(ay| Vanilla 3DGS [21] ToG’23| 0.880 29.258 0.168 | 0.845 23.649 0.178 0.900 29.475 0.247
3DGS-MCMC [22|| NeurIPS'24] 0.896 20.893 0.186 | 0.860 24.200 0.190 | 0.895 29.665 0.320

Variational-3DGS [27|| NeurIPS’24| 0.871 28.744 0.185 | 0.839 23.324 0.184 ‘0.890 28.732  0.265
Taming 3DGS |33||SIGGRAPH Asia24| 0.862 28.930 0.204 | 0.833 23.854 0.213 0.901 29.968 0.273

Mip-Splatting |46/ CVPR’24| 0.889 29.456 0.149 | 0.856 23.768 0.158 ‘ 0.898 29.310 0.242

(b) GES |[13| CVPR’24| 0.865 28.766 0.196 | 0.837 23.470 0.197 0.901 29.553 0.252
AbsGS |45/ ACM MM’24| 0.859 28.645 0.185 | 0.852 23.653 0.163 0.901 29.612 0.239

Pixel-GS [48] ECCV’24| 0.886 29.454 0.159 | 0.853 23.730 0.151 ‘ 0.892 28.858 0.251
GS-LPM |[44| CVPR’25| 0.887 29.378 0.160 | 0.845 23.880 0.186 0.900 29.421 0.246
3D-HGS |26] CVPR’25| 0.881 29.772 0.162 | 0.857 24.395 0.165 0.901 29.554 0.248

(c)| Denoising-GS| Ours| 0.897 29.925 0.142 | 0.868 24.561 0.149 0.906 29.872 0.239

and noisier input SfM point clouds on Mip-NeRF 360, which is optimized for
35K iterations. Tanks and Temples, and Deep Blending are optimized for 30K it-
erations. Structural Similarity Index Metric (SSIM), Peak Signal-to-Noise Ratio
(PSNR), and Learned Perceptual Image Patch Similarity (LPIPS) are reported
to evaluate the rendering (NVS) quality.

Baselines. We compare Denoising-GS with the ten most recent GS-based
NVS methods, where vanilla 3DGS [21] and 3DGS-MCMC |22]| serve as the
baseline methods. These compared methods cover a wide range of recent devel-
opments, including GS with uncertainty estimation |27], faster convergence with
limited resources [33|, artifact suppression to improve rendering [46], alterna-
tive primitives (kernels) for scene representations [13}26], gradient-based render-
ing improvements [45,/48], and a reevaluation of the densification and pruning
stages [44]. All baseline methods follow the original training protocol and are
discussed further in the Appendix.

5.2 Results

Tab. [1] shows quantitative evaluations of novel view synthesis quality. Across
all three datasets, Denoising-GS outperforms all compared methods. Under the
standard initialization, the average SSIM/PSNR/LPIPS of Denoising-GS are
0.896,/29.880/0.144 on the Mip-NeRF 360 Dataset.

Primitive Efficiency. In scene representation, there is a trade-off between
rendering quality and the number of primitives used. As shown in Tab.
Denoising-GS outperforms methods [13}21}27,133,/45] in terms of NVS quality
on the Mip-NeRF 360 dataset, while methods [22,26,44,46,/48] achieve simi-
lar quantitative results. To further examine the efficiency of scene representa-
tion, Tab. 2] compares the number of primitives used by the top five comparison
methods [22}26}/441|46| 48] (based on PSNR results) and the vanilla 3DGS |21]
on the Mip-NeRF 360 dataset. Specifically, Denoising-GS achieves the highest
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Table 2: The comparison of Gaussian primitives required for scene representation
among the top five NVS methods and the baselines on Mip-NeRF 360 dataset, with G
denoting the number of required Gaussian primitives in millions (M). The red,

and colors represent the top three results.

Bicycle Bonsai Counter Garden Kitchen Room Stump AVG.
PSNRt G | PSNRT G | PSNRT G | PSNRt G | PSNRT G | PSNRtT G | PSNRT G | |PSNRT G |

Vanilla 3DGS| 25.64 5.83 32.29 1.25 29.08 1.16 27.73 5.05 31.35 1.73 31.75 1.46 26.97 4.55|29.258 3.004
3DGS-MCMC| 26.15 5.90 32.88 1.30 29.51 1.20 28.16 5.20 32.27 1.80 32.48 1.50 27.80 4.75|29.893 3.093
Mip-Splatting| 25.95 7.93 32.55 1.60 29.36 1.47 27.98 5.59 31.26 2.11 31.92 2.08 27.18 5.70|29.456 3.783
Pixel-GS| 25.74 8.55 32.66 2.06 29.31 2.49 27.81 7.53 32.00 3.04 31.47 247 27.18 6.65]29.454 4.684
GS-LPM| 25.90 5.75 32.35 1.31 29.21 1.21 27.77 5.01 31.72 1.80 31.49 1.56 27.21 5.03|29.378 3.096
3D-HGS| 25.69 5.51 33.50 1.14 29.81 1.10 27.95 4.49 32.34 1.62 3242 1.39 26.71 4.31|29.772 2.794

Denoising—GS‘ 26.17 5.32 32.94 1.17 29.57 1.08 28.27 4.69 32.34 1.62 32.58 1.35 27.60 4.29‘29.925 2.789

Method

Counter Bicycle Bonsai Drj ohnson Counter Bicycle Bonsal

Drjohnson

3DGS

Mip-
Splatting

Taming 3566 vope  Vanilla
GES

3DGS
Pixel-GS

Variational-
3DGS
3D-HGS

=
A
=
%
6]

Denoising-GS
(Ours)

AbsGS

Fig. 4: Visual Comparisons on Novel View Synthesis of four scenes in Mip-NeRF 360
and Deep Blending datasets. More results are provided in the Appendix.

NVS performance while requiring the fewest primitives. 3D-HGS employs
nearly the same number of primitives as Denoising-GS but yields suboptimal
NVS results. Additionally, Denoising-GS saves 10% or more primitives com-
pared with , whereas use significantly more primitives than
Denoising-GS.

Visualizing Comparisons. Fig. [f] shows comparisons across four scenes
(Counter, Bicycle, Bonsai, and Drjohnson) from . More scenes will be
discussed in the Appendix. Denoising-GS provides better visual quality than
all ten other methods. Specifically, Counter is a well-lit indoor scene featuring
semi-transparent objects and metallic specular surfaces. Bicycle is a large-scale
outdoor scene featuring extensive areas of dense and finely detailed grass. Bon-
sai is a dimly-lit indoor environment where motion blur occurs due to camera
shake during capture. Drjohnson is a complex indoor scene with multiple light
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Table 3: Ablation results of NVS on Mip-NeRF 360, Tank and Temples, and Deep
Blending datasets. The top results are indicated by bold (best), underline (second
best), and red represent the coefficients and implementation reported in Sec.

,, |Coefficients| Prune Densify Mip-NeRF 360 Tanks and Temples Deep Blending
71 & B B |Percent Percent|SSIMt PSNRT LPIPS/|SSIMt PSNR1 LPIPS|SSIMt PSNR# LPIPS]

0.050.9 0.5| 10% 0.05% |0.897 29.925 0.142 |0.868 24.561 0.149 0.906 29.872 0.239
0.050.9 0.1 10% 0.05% |0.897 29.930 0.142 | 0.867 24.606 0.150 [0.906 29.849 0.239
0.050.9 1| 10% 0.05% |0.897 29.924 0.142 | 0.867 24.499 0.149 |0.906 29.836 0.238
(a)| 0.1 0.90.5| 10% 0.05% |0.897 29.901 0.143 | 0.867 24.458 0.148 | 0.904 29.400 0.240
0.5 0.90.5| 10% 0.05% | 0.896 29.920 0.142 |0.868 24.572 0.148 | 0.901 29.527 0.244
0.050.50.5| 10% 0.05% |0.897 29.891 0.142 | 0.867 24.486 0.149 |0.906 29.827 0.239
0.050.1 0.5/ 10% 0.05% |0.897 29.942 0.142 | 0.866 24.456 0.150 | 0.903 29.493 0.240

0.050.9 0.5| 20% 0.05% | 0.896 29.864 0.144 | 0.865 24.496 0.154 | 0.901 29.120 0.243
0.050.9 0.5| 10% 0.05% |0.897 29.925 0.142 |0.868 24.561 0.149 0.906 29.872 0.239
0.050.9 0.5| 20% 0.1% |0.896 29.866 0.144 |0.865 24.472 0.153 |0.904 29.558 0.240
0.050.9 0.5| 10% 0.1% |0.897 29.900 0.143 |0.868 24.521 0.149 | 0.905 29.700 0.239

—
=3
fa

sources, presenting substantial challenges for NVS under such intricate illumi-
nation conditions. The analysis below provides a detailed comparison of the
four scenes. Counter: We evaluate the NVS capability for the semi-transparent
brand text on the water bottle (yellow box). While [13,122,|33] fails to render
this region clearly, Denoising-GS recovers sharper details. Bicycle: The NVS of
weeds beneath the seat (blue box) is examined. Because this area is invisible
in most of the viewpoints, [13}21}26}/27}/33,/44} 48] produce noticeable floating
artifacts. In contrast, with the Uncertainty-based Denoising and the Spatial Co-
herence Refinement, Denoising-GS produces clear rendering results while using
fewer primitives (5.32M) than 3DGS-MCMC |21] (5.90M), AbsGS [45] (6.44M),
and Mip-splatting |46] (7.93M). Bonsai: Rendering the structure beneath the
flowerpot (green box) is particularly challenging because of severe illumination
insufficiency. While almost all comparing methods hardly recover any structural
details, Denoising-GS successfully reconstructs plausible geometry and texture in
novel views. Drjohnson: We analyze the upper lighting area (pink box), where
specular effects pose persistent challenges. Most comparison methods exhibit
floating artifacts in this area, while Denoising-GS produces lighting reconstruc-
tion without artifacts. Moreover, our method maintains high rendering quality
in other areas of the room outside the highlighted region.

6 Ablation Studies

Since the three benchmarks differ in characteristics such as image resolution
and the quality of input SfM point clouds, our ablation aims to confirm the
effectiveness of the proposed model across all scenes. Accordingly, we conduct
ablations across all three datasets and select the hyperparameters that perform
best on average, rather than optimizing separate settings for each dataset.
Controlling Coefficients. Tab. [3{a) presents ablation results for three co-
efficients in Sec. [£.2] and Sec. [£:3] The parameter « controls the strength of
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w/o Uncertainty-based Denoising w/ Uncertainty-based Denoising

GT Images GT Textureless Regions

and Spatial Coherence Refinement and Spatial Coherence Refinement

L | i 1
# g 4

ak | Q

Playroom

Train

Fig. 5: Visual ablation of NVS in textureless regions, demonstrating the contributions
of Uncertainty-based Denoising and Spatial Coherence Refinement.

correction applied to the momentum term relative to the exploration noise. A
larger correction often slows down exploration, which in turn affects conver-
gence. Therefore, we set o to a relatively small value, and experiments show
that @ = 0.05 achieves the best and most balanced performance among the
three datasets. The coefficient 8; controls how smooth the momentum update
is. Since the convergence behaviors differ between indoor and outdoor scenes,
the different weights assigned to historical momentum and current gradients do
not perform consistently across various datasets. We therefore select 5, = 0.9,
which achieves stable performance across all three datasets and matches the
commonly used smoothing factor in momentum-biased optimization. The coeffi-
cient f5 controls the strength of the denoising term. We set 83 = 0.5 to achieve
the best balance between denoising effectiveness and convergence speed in both
indoor and outdoor scenes.

Uncertainty-based Denoising and Spatial Coherence Refinement.
It is demonstrated that removing too many primitives, while sometimes
able to maintain visual quality, results in a significant decline in quantitative
metrics. Conversely, pruning only a few primitives keeps rendering quality high
but lowers the effectiveness of the denoising and pruning stages. To investigate
this trade-off, we remove 10% and 20% of primitives, which corresponds to the
removal of approximately 310K and 620K primitives, respectively, from the Mip-
NeRF 360 dataset. At the same time, our Spatial Coherence Refinement strategy
alms to improve scene representation while adding as few new points as possible.
We examine densification rates of 0.05% and 0.1%, which correspond to roughly
5.6K and 13.9K additional points on Mip-NeRF 360 under the 10% pruning
setting from the previous denoising stage. As shown in Tab. b), pruning 10%
of primitives combined with a 0.05% densification rate (an average reduction
of 0.3M primitives per scene) achieves the best balance between compactness
and rendering fidelity. Additionally, in Fig. 5] we present a visual ablation of
the Uncertainty-based Denoising and Spatial Coherence Refinement strategies,
demonstrating that our method provides a superior representation capability in
textureless regions.
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7 Conclusion

In this paper, we introduce a new perspective on GS optimization as a primitive
denoising process and propose Denoising-GS, a spatial-aware denoising frame-
work tailored for Gaussian primitives. We first introduce the momentum-biased
stochastic exploration to allow primitives to remember the spatial process of
optimization. On top of the momentum-biased optimizer, we design the Spatial
Gradient-based Denoising strategy and the Uncertainty-based Denoising module
for an accurate and compact scene representation. Finally, the Spatial Coherence
Refinement strategy divides primitives in sparse areas to enhance the quality of
the scene representation.

Limitations and Future Work. Rendering quality and the number of
primitives involve a trade-off. In regions with sparse texture, such as large uni-
form areas of sky or low-texture walls, our method may exhibit a slight decline
in rendering quality because of the denoising (pruning) of Gaussian primitives.
For future work, we plan to extend its application to flattened primitives and
investigate the potential for mesh extraction.
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