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Figure 1: The proposed NoiseGS facilitates improved scene reconstruction by enhancing the optimization of 3D Gaussians.

Abstract

3D Gaussian Splatting (3DGS) efficiently renders 3D spaces by adaptively densifying anisotropic Gaussians from initial points.
However, in complex scenes such as city-scale environments, large Gaussians often overlap with high-frequency regions rich in
edges and fine details. In these areas, conflicting per-pixel gradient directions cause gradient cancellation, reducing the overall
gradient magnitude and potentially causing Gaussians to remain trapped in suboptimal positions even after densification. To
address this, we propose NoiseGS, a novel approach that integrates randomized noise injection into 3DGS, guiding suboptimal
Gaussians selected for densification toward more optimal positions. In addition, to mitigate the instability caused by oversized
Gaussians, we introduce an {p-penalization on the scale of Gaussians. Our method integrates seamlessly with existing heuristic-
based optimization and demonstrates strong generalization in reconstructing complex scenes such as MatrixCity and Building.
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1. Introduction

3D scene reconstruction is a critical domain for understanding and
modeling the real world within computational geometry. Among
the various approaches, 3D Gaussian Splatting (3DGS) [KKLD23]
has made significant advancements in this domain by effectively
modeling scenes using an explicit representation. 3DGS encodes
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scenes as sets of anisotropic 3D Gaussians, defined by covari-
ance, opacity, and center position, enabling efficient rasterization
by projecting 3D Gaussians onto the 2D screen space for accurate
scene representation. However, scaling 3DGS to large and com-
plex scenes remains challenging due to sparse data distribution
and intricate scene structures. Recently, Hierarchy-GS [KMK*24]
and CityGaussian [LLF*25] have proposed effective approaches
for handling large-scale scenes using a divide-and-conquer strat-
egy. Grendel-GS [ZWL*24] introduces a novel framework that
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Figure 2: Our density control strategy with positional noises. Purple represents the Gaussian to be cloned, while blue and yellow represent
the Gaussians to be split. The red and purple arrows indicate the noise direction and the inverse direction of the gradient, respectively. The
gray region represents the ground truth surface. Note that the cloned one stays in place, while the split ones are slightly randomly offset.

enables training 3DGS on multi-GPU systems. Additionally, re-
searchers have focused on the impact of suboptimal Gaussians
in complex views, which often obscure fine details and cause
blurred renderings. AbsGS [YLL*24] introduced the sum of ab-
solute gradients to prevent bidirectional cancellation caused by
different optimization directions across pixels within a Gaussian.
Trim-GS [FYL*24] further demonstrated that large Gaussian sizes
contribute to noisy gradients and emphasized the importance of
maintaining smaller Gaussian scales for better representation of
complex scenes. While these approaches contribute to more adap-
tive density control during optimization, there remains room for
improvement in handling Gaussian distributions after densifica-
tion. Drawing inspiration from advanced machine learning algo-
rithms [STK*17, CWS*20], which enhance generalization perfor-
mance through noise injection techniques, we introduce random
noise to adjust the Gaussian center positions, enabling suboptimal
Gaussians to escape noisy regions. While MCMC-GS [KRS*24]
demonstrated the potential of noise in this context, it did not incor-
porate this concept into adaptive density control. Similar to how
Gaussian Noise Injections (GNIs) [CWS*20] leverages noise to
regulate high-frequency components and noise sensitivity, we pro-
pose adding noise to the center positions of Gaussians that cover
high-frequency regions with many edges. Moreover, to address
the instability caused by oversized Gaussians, we design an -
penalization approach that adaptively constrains the scale of Gaus-
sians during densification and fine-tuning. Our method seamlessly
integrates into the 3DGS densification pipeline, enabling effective
optimization of suboptimal and oversized Gaussians in complex
scenes via randomized noise injection and scale regularization.

2. Method

To demonstrate the effectiveness of positional noise in scenes with
complex structures, we utilized large-scale scenes. Accordingly,
to efficiently train such data, we modified and employed the dis-
tributed 3DGS approach, Grendel-GS [ZWL*24].

2.1. Randomized positional noise

Figure 2 illustrates the process of adding positional noise to 3D
Gaussians during the densification. During the training of complex
scenes, suboptimal large Gaussians with small gradients may re-
main trapped in high-frequency regions, as densification fails to
induce meaningful movement. When large Gaussians fail to con-
verge to their optimal positions and remain stuck, the affected re-
gions appear blurred, leading to a decline in rendering quality. To
address this, we introduce random directional noise to the centers
of Gaussians selected for densification. This approach allows un-
stable Gaussians trapped in high-frequency areas to escape their
static state, thereby facilitating position optimization. At each den-
sification step, a noise vector d = (x,y,z) is randomly sampled as:

x=rcosOcos®, y=rsinBcosd, z=rsind. (1)

Notably, the angles and radius are sampled according to 6 ~
U(0,2m), ¢ ~U(—n/2,m/2), and r ~ N(0,1). After that, we as-
sign weights to the generated noise such that its magnitude in-
creases when the sum of screen point gradients and opacity are
small, and decreases otherwise. The weights are computed as:

Werad = 1/(1 +exp(a(||g|| 721gmd)))7 )

wop = 1/(1+exp(alo—1op))), 3)

where o, g, and a represent the Gaussians’ opacity, positional gra-
dient, and slope parameters of the sigmoid function, respectively.
Note that Tgrag and Top are the same as the densification and pruning
thresholds of gradient and opacity. The reason for decreasing the
influence of noise when the sum of gradients is large is that it indi-
cates well-aligned optimization directions, allowing training alone
to optimize the Gaussian’s position, making noise unnecessary in
such cases. If the sum of gradient values is sufficiently below the
densification threshold, the Gaussian is not selected for densifica-
tion, and noise is therefore not applied. Our design ensures that
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Figure 3: Qualitative comparison on Block_All (1st row) and Building (2nd row) datasets.

unnecessary noise is not introduced to well-optimized Gaussians.
Following that, the weighted noise vector ¢’ is then calculated as:

e = Werad * Wop * Mnoise * Nu -d, S

where Npoise, Ny, and d represent the learning rate for noise, the
learning rate for position and the randomly sampled direction, re-
spectively. After that, the noise is transformed by the covariance
matrix to reflect the shape of the current Gaussian:

e=%-¢€, 5)
where X is the covariance matrix.
2.2. /p-Penalization for scale

Building on the insights from Trim-GS [FYL*24], which empha-
sized the benefits of small Gaussians, and MCMC-GS [KRS*24],
which applied /1 -regularization to the covariance matrix, we extend
these ideas by introducing a ¢p-penalization for Gaussians’ scales.
During the densification process, we keep the p value close to 1,
leveraging ¢|-regularization to promote sparsity in 3D Gaussians
and eliminate unnecessary values. As fine-tuning progresses, the p
value is gradually increased to 2, enhancing the regularization ef-
fect and guiding the learning process toward minimizing all scales.
Our ¢p-penalization is incorporated into the standard L1 and SSIM
loss [KKLD23] functions, denoted by £ and Lp_gsyas, as follows:

1 N
L =Ap.ssivm - Lo—ssiv + (1= Ap.ssiv) L1+ s Y Isil?, (©
i=1
where Ap_ssim, As, N, and s; are the weight of D-SSIM loss, the
weight of scale regularization, the total number of Gaussians, and
the scale value of the i/ Gaussian, respectively.

2.3. Implementation details

We conducted our primary experiments on large-scale scenes
to explore the effectiveness of random noises for optimiza-
tion in complex environments. We utilize the MatrixCity’s
Block_All [LJX*23] and Milll9’s Building [TRS22] scene
datasets. The Block_All scene consists of 5,620/741 train/test im-
ages, covering an area of 2.7 km?, while the Building scene con-
tains 1,920/20 train/test images, covering an area of 0.125 km?. We
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Scenes Block_All Building

PSNRT SSIM{ LPIPS| training PSNR{ SSIMt LPIPS| training
3DGS [KKLD23] 25.95 0.798 0.378 1h 39m 20.98 0.718 0.375 33m
AbsGS [YLL"24] 27.10 0.844 0.233 1h 56m 21.27 0.760 0.263 1h 6m
CityGS [LLF*25] 27.40 0.864 0.205 %h 37m 22.13 0.783 0.241 6h 34m

Grendel-GS' [ZWL*24]  27.59 0.861 0.266 2h48m 2220 0.770 0.314 57m

Ours 27.73 0.867 0.251 2h53m 2276 0.788 0.287 1h Im

Table 1: Benchmarking on Block_All and Building scenes, with
a comparison of Ist, 2nd , and 3rd best performances. 1 indi-
cates our modified version.

follow MegaNeRF [TRS22] to evaluate the rendering performance
using PSNR, SSIM, and LPIPS as metrics.

Our baseline follows the Grendel-GS [ZWL*24] approach,
which redistributes Gaussians across multiple GPUs for multi-GPU
training. In our modified version, we evenly divide the entire scene,
set the batch size to 1, do not perform pixel-wise splitting, and ac-
celerate training using fused SSIM [MGK™24]. During fine-tuning,
it incorporates pruning as in LightGaussian [FWW*23]. The po-
sitional learning rate 1) is configured to 1.6 x 1073, as suggested
for large-scale scenes [KKLD23]. Regarding our hyperparameters,
Mhoise 1S setto 5 x 10, and As was set t0 0.01. For training, eight and
four RTX A6000 GPUs are utilized for the MatrixCity and Mill19
datasets, respectively. Considering GPU capacity, the densification
interval is set to 200 for single-GPU and 100 for multi-GPU meth-
ods, with densification stopping in single-GPU settings near the
out-of-memory limit. Training spans 30K iterations, split into 15K
for densification and 15K for fine-tuning. All other hyperparame-
ters follow those of 3DGS [KKLD23].

2.4. Performance Analysis

Table 1 presents the benchmarking results for large-scale 3D
reconstruction. Compared to the baseline, modified Grendel-
GS [ZWL*24], our method achieves overall performance improve-
ments. Notably, even with only 30K training iterations, our method
outperforms CityGS [LLF*25] in PSNR and SSIM. While our
method shows slightly worse LPIPS scores compared to CityGS,
CityGS requires significantly increased training time to improve the
perceptual quality through fine-grained block-wise tuning. In con-
trast, while our method can be integrated with CityGS, we adopt a
multi-GPU scene-level optimization framework in this work for a
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Figure 4: Performance trends illustrating improvements with + po-
sitional noise and + (p-penalization, compared to the baseline.

more practical balance between efficiency and reconstruction qual-
ity. Compared to AbsGS [YLL*24], our method shows slightly
lower performance in LPIPS but achieves better results in PSNR
and SSIM. This indicates that adding noises to the Gaussians’ cen-
ter positions can be more effective than using absolute gradients. As
shown in Fig. 3, our method demonstrates superior rendering qual-
ity compared to previous state-of-the-art approaches, particularly
in regions with complex textures. This suggests that the incorpora-
tion of noise and scale constraints holds promise for large-scale 3D
reconstruction.

2.5. Ablation studies

Figure 4 illustrates the performance improvement trends observed
at intermediate stages of training. Compared to the baseline, sig-
nificant enhancements can be seen when the proposed method
is applied. Figure 5 shows the rendering results of the ablation
study. When the proposed method is applied, progressive improve-
ments can be observed in fine-grained details. For further results on
smaller scenes, please refer to the additional material.

Baseline +{,-penalization

=

Figure 5: Ablation study on the Building scene.

3. Conclusion

We propose NoiseGS, a noise injection algorithm that enhances 3D
rendering performance by adding randomized positional noise to
3D Gaussians and dynamically adjusting their positions based on
screen space gradients and opacity. Additionally, we incorporate ¢,
penalization on Gaussian’s scale, where the sparsity level and regu-
larization strength are adaptively modulated throughout the densifi-
cation and fine-tuning stages to tackle the optimization challenges
of large-scale Gaussians. Experiment results on large-scale scene
reconstruction show that our method achieves competitive perfor-
mance compared to previous approaches. This highlights its poten-
tial to effectively optimize the positions of suboptimal and over-

sized Gaussians in complex scenes through randomized noise in-
jection and scale regularization.
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