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Multi-View Control for Robust 3D Gaussian Splatting

YuNong Mao, ZhiBin Zhang*, YuFu Shi

Abstract—3D Gaussian Splatting (3DGS) has recently
demonstrated impressive capabilities in real-time novel view
synthesis. However, the performance of 3DGS tends to degrade
significantly when the quality of the initial point cloud is
poor. Specifically, the lack of an effective pruning strategy to
thoroughly eliminate suboptimal points (defined as erroneous
points in this paper). The excessive accumulation of these erro-
neous points leads to overfitting in specific viewpoints, thereby
affecting the visual appearance and geometric accuracy in novel
view synthesis. To address these challenges, we propose a novel
3DGS optimization method named MVC-GS, which introduces
two key innovative contributions. First, based on multi-view
geometric constraints, we use image rendering errors as a
guiding criterion for optimization. By performing point cali-
bration in the target region, we effectively mitigate the impact
of erroneous Gaussian points. Subsequently, we introduce a
multi-view Gaussian attribute optimization method that further
enhances the precision of 3D Gaussian attributes representation,
while avoiding overfitting to the training views. We conducted
comprehensive visualization analysis across multiple scenes in
various datasets. Extensive experiments on public datasets show
that the proposed method achieves state-of-the-art performance
across diverse scenes.

I. INTRODUCTION

New View Synthesis plays a critical role in applications
such as visualization, simulation, automation, and VR/AR.
The advent of Neural Radiation Fields (NeRF)[11] has
significantly improved the quality of view synthesis by
bypassing the need for explicit reconstruction of geometry,
textures, materials, and lighting, which are often challenging
and uncertain inverse problems. In recent years, 3D Gaussian
Splatting (3DGS)[1] has garnered substantial attention due
to its exceptionally fast rendering speed and compositing
quality that rivals, or even surpasses, NeRF. The fundamental
premise of 3DGS is the utilization of a set of Gaussian
ellipsoids to simulate a given scene. The efficiency of the
rendering process is achieved through the rasterisation of the
aforementioned Gaussian ellipsoids into a visual representa-
tion. This representation allows for efficient blending and
interpolation, resulting in high-quality visuals.

The performance of 3DGS for scene reconstruction heav-
ily depends on the quality of the initial point cloud. When
starting training with a randomly initialized point cloud,
the performance of 3DGS drops significantly, resulting in
blurred generated maps. Similar performance degradation
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may also occur in real-world scenarios, especially in sce-
narios where Structure-of-Motion (SfM)[2] techniques are
difficult to converge. Jung et al. [5] proposed a method based
on the sparse initialization of the SfM point cloud with a
Gaussian distribution assigned a large variance. By gradually
applying low-pass filtering, they prevented the generation of
2D Gaussian projections smaller than the pixel size. They
successfully demonstrated that even with a random point
cloud initialization, 3DGS could still converge effectively.
However, this convergence does not always imply high-
precision reconstruction results.

Specifically, the presence of erroneous Gaussian points
has a detrimental impact on the outcomes. These erroneous
points typically arise from inaccuracies during the model
training process, and due to the lack of an effective pruning
strategy, they accumulate in subsequent steps, preventing
precise localization of the Gaussian distribution points. As
the accumulation of erroneous points increases, certain views
may become distorted, thus affecting the quality of new
view generation. As shown in Fig 1, the region outlined
by the rectangular box in part (a) exhibits significant image
distortion when compared to the corresponding region in
part (b), where our method is applied. The results indicate
that, although previous methods have shown improvements
in certain scenarios, they still fail to completely eliminate
these erroneous Gaussian points. Therefore, removing these
erroneous points and ensuring the precise localization of the
Gaussian distribution points is a critical issue for improving
the performance of 3DGS.

To overcome the limitations mentioned earlier, in this
paper, we propose two innovations. First, we introduce a
novel dual-view point correction method aimed at identifying
the 3D Gaussian points responsible for rendering errors.
Starting with an image rendering error map of a specific
view, we leverage feature mapping in conjunction with multi-
view geometric constraints to utilize region correspondences
between different views. For each pair of corresponding
regions, we cast rays through their respective camera views
and identify error source region. Simultaneously, we reset
points positioned in front of these regions that exhibit high
opacity, as they may substantially impact the rendering.
To minimize model expansion, we prune points based on
opacity while considering density. The second innovation
lies in altering the traditional training paradigm, which
typically uses single-view supervision per iteration. Based
on this, we propose a multi-view constraint method, where
multiple views are introduced per iteration during training.
This method forces the 3D Gaussian points to jointly learn
the structure and appearance of multiple views, effectively
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(a) RAIN-GS (Random)

Fig. 1.
initialized point cloud.

avoiding overfitting to a specific view. This optimization
ensures that the 3DGS kernels are constrained to meet the
rendering requirements for multiple views, rather than over-
relying on any single view. Comprehensive visual analysis
on public datasets demonstrates that our proposed method
achieves state-of-the-art performance across diverse tasks
and scenarios. The main contributions of this work can be
summarized as follows:

o We propose a Dual-view Point Correction (DPC) mech-
anism that uses multi-view geometry to refine the dis-
tribution of Gaussian points, thereby enhancing spatial
accuracy and minimizing noise.

e We propose Multi-View Constraints (MVC) for cap-
turing high-frequency details, efficiently combining in-
formation from multiple viewpoints to enhance the
reconstruction of sharp edges and fine details.

o Comprehensive evaluations on several public datasets
reveal that our model achieves state-of-the-art perfor-
mance, affirming the efficacy of the proposed approach,
while also show-casing its robust versatility across a
wide range of scenarios.

II. RELATED WORK
A. Novel view synthesis(NVS)

NVS involves generating new images from viewpoints
that are distinct from the original captures. Recently,
NeRF[11]has garnered significant attention due to its impres-
sive performance in NVS. Further research has broadened
the usefulness of NeRF to various applications, including
mesh reconstruction[18]-[20], inverse rendering[26]-[29], au-
tonomous driving[21], [22], [36] and video generation[23]-
[25]. Unlike NeRF-style scene representation, 3DGS[1] mod-
els a scene as a set of anisotropic Gaussian primitives in
3D space, typically initialized using Structure-from-Motion

(b) Ours (Random)

Visual comparison between RAIN-GS and our proposed method. The figure show the results of RAIN-GS and our trained with randomly

(SfM). This method distributes Gaussians across the scene
to approximate geometry and radiance, allowing for faster
training and rendering, particularly in large-scale or complex
environments. The efficiency and scalability of 3DGS have
led to its rapid adoption in diverse research areas[4],[30]-
[33]. Beyond static scenes, it has been successfully adapted
to dynamic scene reconstruction[16], [17], [34] and explored
as a fast alternative for text-driven 3D content generation[14],
[15], [35] By transitioning from NeRF’s dense neural net-
work representation to the more explicit and sparse Gaussian
primitive representation of 3DGS, the latter achieves a bal-
ance between quality and efficiency, making it a promising
direction for future novel view synthesis applications.

B. Structure-from-Motion (SfM)

SfM[2] techniques have become one of the most widely
used algorithms for 3D scene reconstruction. Given a set
of input images, SfM typically estimates the corresponding
camera poses and reconstructs a sparse set of 3D points
with approximate geometric locations and color attributes.
Relatively speaking, 3DGS relies on an accurate initial
point cloud to initialize the position and color of the 3D
Gaussians. However, performance significantly deteriorates
when the initial point cloud becomes noisy. To address
the initialization sensitivity issue in 3DGS, RAIN-GS[5]
proposes a strategy that initializes sparse Gaussians with
large variance from SfM point clouds and progressively
applies low-pass filtering to avoid 2D Gaussian projections
error that is smaller than a pixel. 3DGS-MCMC]3] samples
a fixed number of Gaussians from the learned probability
distribution, aiming to eliminate initialization dependency.
However, these methods cannot further enhance scene recon-
struction quality beyond addressing the sensitivity of 3DGS
initialization. The proposed method fundamentally solves
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Fig. 2. The overall pipeline of the proposed MVC-GS: Building upon the original 3DGS framework,we propose a dual-view point correction method
to identify and correct erroneous Gaussian points. Additionally, multi-view constraints are applied, incorporating two key steps: multi-view joint training

and adaptive densification.

this issue, as shown in Tab. I. Even with randomly initialized
point clouds, our method still outperforms the 3DGS method,
which relies on precise initialization of point clouds.

III. METHOD
A. Preliminaries: 3D Gaussian Splatting

Given the camera extrinsics £ and intrinsics K, the view-
dependent radiance C(-) of each pixel p is computed by
blending a set of 3D Gaussians along the ray r(p, E, K).
3DGS[1] achieves precise blending by rasterizing with N
parameterized kernels G(r) = {g;|i = 1,..., N} along the
ray r(p, E, K). Assuming that the color ¢; € R3, the opacity
0; € R, the covariance ¥; € R3*3 represents the attribute
of the i-th Gaussian g;, the rendered pixel radiance C(r) is
then expressed as:

N i—1
C(r):C({gi\i:1,...,N}):ZciaiH(1_aj)

(D
where the color ¢; is weighted by the transmittance o; =
ojexp(—21(z;)TS; ! (z;). Here z; denotes the distance be-
tween the position of Gaussian kernel and the query pixel p.
N represents the number of 3D Gaussians.

B. Dual-view Point Correction

Our method introduces multi-view geometric constraints
to accurately identify erroneous 3D points that contribute to
rendered inaccuracies. As show in Fig. 2(b), the initial step
is to generate the image rendering error map for the current
view. For each pair of matched regions, the rays are cast
from their respective camera views, and the intersection of

these rays is identified as a potential area of error, where
corrections are subsequently implemented.

1) Error Region Localization.: To implement the 3D error
localization, we render the current view image through the
steps of the original 3DGS. The error function[12] is then
used to generate an error map of the current view against
another view. After generating the error map, it needs to be
mapped back into 3D space. It corresponds to the region
mapping step in Fig. 2(b). We follow the procedure of
LightGlue[13], predicting the partial matching relationships
between the two sets of local features extracted from the
two view images, A and B, because LightGlue has already
demonstrated its efficiency and accuracy in feature matching.

Each local feature consists of 2D point locations p nor-
malised by the image size. Images A and B have M
and N local features, indexed by A = {1,...,M} and
B = {1, ...,N}, respectively. LightGlue output a set of
correspondence M = {(i,j)} € A x B . In the event
of occlusion or an inability to match specific points, the
region of the 2D rendering error in the current view may
not necessarily correspond to the reference image. Therefore,
the paired region (P, P’) should be selected by matching the
points. Furthermore, this pairing region is adaptively adjusted
throughout the training process, particularly during Gaussian
densification.

After determining the paired regions of rendering error,
the 2D error regions are projected into 3D space using multi-
view geometric constraints. Specifically, we project a cone
of rays, denoted as x, from the camera’s center of projection
o along a direction L that aligns with the center of the pixel
in the corresponding region P. The radius of this cone lies in
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the image plane and the vertex is located in the center of the
camera o. We set the radius to the smallest circumferential
radius of the corresponding error region P in the 2D image
to more accurately locate the Gaussian points that cause the
2D error region. Concurrently, the same operation is executed
in the P’ region to generate another cone. To achieve 3D
error region recognition, we directly use the smallest sphere
containing these error points as error 3D regions P,.opr.

2) Point Correction.: In 3DGS, gaussian points only relies
on the view-averaged gradient magnitude to determine point
densification globally. In addition to this, we further perform
localized points addition and geometry calibration within
the identified error source 3D zone P,;,.-. For the point
addition, we consider two common situations: (1) when
points are already present, we apply a lower threshold to
identify regions that need further densification, enhancing
fine geometric details. This is similar to the original 3DGS
approach but prioritizes specific 3D regions that require more
detail. For smaller Gaussians in areas of low variance, we
replicate them while maintaining their size and move them
along the position gradient to capture emerging geometric
structures. In regions with high variance, the larger Gaussians
are subdivided into smaller ones to more accurately capture
the geometry information. (2) in cases of point sparsity, we
add new Gaussian points at the center of the 3D zone.

In the context of a-blending in 3DGS, points located at the
forefront of the identified 3D region with higher opacity may
occlude valid points, leading to image distortion, as shown in
Fig. 1. The impact of erroneous points is more pronounced
when using random initialization, as the color and position of
the points are randomly distributed, increasing the likelihood
of occlusion. To address this issue, we treat such points
as potentially erroneous and reset (i.e., prune) them. To
minimize model complexity, we adaptively prune points
based on their opacity values, from low to high opacity. The
number of points to be pruned is determined by the point
density within the region.

C. Multi-Views Constraints

1) Multi-Views Joint Training.: The training strategy for
3DGS[1] follows NeRF[11] and optimizes the model pa-
rameters through single view supervision at each iteration.
3DGS is typically optimized under single-view supervision.
The loss function can accordingly be expressed as:

L=(1-NLi(I,C(r))+ A1 - Lpssmu(I,C(r))) ()

where £, and Lp.ssiv denote the mean absolute error and
D-SSIM loss, respectively. The C(r) same as Eq. 1.

Under single-view supervision, the loss function L is
predominantly influenced by the gradients computed from
a single view. This results in optimization biased towards
the geometry and appearance visible from that view, while
regions poorly represented in this perspective are often
neglected. The reliance on single-view gradients creates
an imbalance, where high-gradient regions dominate the
training, ignoring areas with low gradients, such as occluded
or under-represented details. This leads to suboptimal 3D

reconstructions. In particular, the effect of randomly ini-
tialized Gaussian points can amplify this error, as their
random positioning and appearance further exacerbate the
imbalance in gradient distribution. To address these issues,
our multi-view joint training method balances the gradient
contributions from different views by combining gradients
from various perspectives. This approach can be expressed
as follows:

oL ot oLy, 0L, .

0G 0G,  0G, 0G,
Here, G = {G1,Ga,...,G,} signifies that during multi-
view training, a subset of 3D Gaussians G is influenced by
significant gradients from each view. £, represents the loss
for the n-th view. By incorporating multi-view information,
the optimization process for each Gaussian kernel g; (see
the form Eq. 1) is refined, effectively mitigating the impact
of large gradients and alleviating potential overfitting issues
that may arise in one or more specific views of them.

2) Adaptive Densification: Due to the nature of volume
rendering and the explicit representation of 3DGS, 3D
Gaussians in some regions have a significant impact on
distinct views when rendering. For example, the central 3D
Gaussian is crucial when rendering scenes with cameras
being positioned around them in various poses. However,
identifying these regions is challenging, especially in 3D
space. As shown in Fig. 2(c), we propose a cross-ray
densification strategy that begins in 2D space and adapts to
a 3D search. Initially, the average loss for each window (i,j)
is computed, where a window represents a region within the
view. Subsequently, a sliding window of dimensions (A, w)
is employed to identify the region exhibiting the highest
average loss value.

The rays are then projected from the vertices of these
regions, using four rays per window per viewpoint. The
intersection points of these rays from different perspectives
delineate cuboidal regions where significant 3D Gaussians
are concentrated, which is essential for accurate rendering
across multiple views. Guided by a loss metric that prioritizes
regions requiring improvement for each view, these areas are
accurately localized through light projection techniques. The
3D regions containing key Gaussians play a crucial role in
the joint optimization of rendering across multiple views.
Consequently, we increased the density of 3D Gaussians in
the overlapping regions to enhance the effectiveness of multi-
view training.

IV. EXPERIMENTS

A. Experimental Setup

Datasets. Experiments are performed on three widely used
datasets: Mip-NeRF 360[8], Tanks&Temples[10], and Deep
Blending[9]. For evaluation, PSNR, LPIPS, and SSIM are
computed using the split protocol of 3DGS, where 1 image
in every group of 8 is reserved for testing and the other seven
images are used for training. We keep the image resolution
identical to that in 3DGS throughout all experiments.
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(a) 3DGS (b) RAIN-GS

(¢) 3DGS-MCMC

(d) Ours " (e)GT

Fig. 3. Qualitative results on Mip-NeRF360, Tanks& Temples. Our method generalizes well across different scenes. The results highlight and adaptability
of our method, achieving consistent improvements in rendering quality compared to baseline, even in varied environments.

Implementation Details. All experiments were conducted
using an A100 GPU. In addition to the original Gaussian
densification strategies used in 3DGS, we also performed
dual-views point correction, including additions, resets, and
pruning. We maintained the same thresholds for splitting and
cloning points as in the original 3DGS[1]. Furthermore, the
model is trained with 30,000 iterations across all scenes,
following the identical training schedule and hyperparam-
eters as those employed by 3DGS. We compare our model
with Plenoxels[6], InstantNGP-Base[7], InstantNGP-Big[7],
3DGS-MCMC]J3], RAIN-GS|[5] and 3DGS[1]. Two different
types of point clouds were used to train 3DGS and our
method: noise-free precisely initialized SfM point clouds and
randomly initialized point clouds. 3DGS-MCMC and RAIN-
GS were trained using randomly initialised point clouds.

B. Experimental results

Quantitative Comparison. The quantitative evaluation re-
sults are presented in Tab. I, our method consistently out-
performs existing approaches across multiple datasets, fully
validating the effectiveness and superiority of the proposed
modules. Through comparative experiments, it is evident that
our method demonstrates significant advantages in perfor-
mance across different types of datasets, proving its broad
applicability and robust capability in diverse scenarios. No-
tably, in all dataset tests, our random point cloud initialization
strategy consistently outperforms the traditional SfM-based
point cloud trained 3DGS method, highlighting the effective-
ness of our initialization strategy. It is worth noting that, by
comparing the results of training with SfM initialization and
random initialization, we find that the final reconstruction
results show negligible differences. This indicates that our

3DGS  3DGS-MCMC RAIN-GS Ours

Fig. 4. Visual Comparison of Scene Textures.

S

References RAIN-GS 3DGS-MCMC

Fig. 5. Visual Comparison of Scene Depth.

model does not rely on high-quality initial point clouds,
effectively avoiding the dependency on initialization quality
seen in traditional methods, and completely eliminating the
limitations imposed by initialization.

Qualitative Comparison. In this section, we present a
qualitative comparison of the proposed method with 3DGS
(a), RAIN-GS (b), and 3DGS-MCMC (c) on new test views,
as shown in Fig. 3. All of these methods use randomly
initialized point clouds. By comparing (b), (c), and (d),
we successfully validate the effectiveness of the proposed
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TABLE I
EVALUATION OF NOVEL VIEW SYNTHESIS ON MIP-NERF360, TANKS& TEMPLES AND DEEP BLENDING. OUR METHOD OUTPERFORMS ALL

BASELINES EVEN WHEN STARTING FROM RANDOM INITIALIZATION, WITH A LARGE GAP IN PERFORMANCE WHEN COMPARED WITH OTHER

METHODS. WE HIGHLIGHT THE BEST AND SECOND-BEST FOR EACH COLUMN.

Method Init Mip-NeRF360 Tanks&Temples Deep Blending
Points | PSNRT SSIM{ LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIMt LPIPS]
Plenoxels[6] X 23.08 0.626  0.463 21.08 0.719 0379 | 23.06 0.795 0.510
INGP-Base|[7] X 2530 0.671 0.371 21.72  0.723 0330 | 23.62 0.797 0.423
INGP-Big[7] X 25.59  0.699  0.331 2192  0.745 0.305 2496  0.817  0.390
3DGS[1] Random | 22.19 0.704  0.313 2099 0.765 0237 | 2851 0.895 0.258
RAIN-GSI5] Random | 2723 0.807 0.229 | 23.13 0.826 0.207 | 2942 0.899  0.255
3DGS-MCMC[3] | Random | 27.51 0.814 0.186 | 23.50 0.845 0.175 29.31 0905 0.252
Ours Random | 2842 0.832 0.168 | 24.07 0.863 0.147 | 30.02 0917 0.236
3DGS[1] StM 2721  0.815 0214 | 23.14 0.841 0.183 29.41 0903 0.243
Ours StM 2855 0.837 0.162 | 24.01 0.862 0.149 | 30.10 0.923 0.234
TABLE II TABLE IV

ABLATION ON CORE COMPONENTS ON THE MIP-NERF360 DATASET.
WE CONDUCTED TESTS USING BOTH RANDOMLY INITIALIZED POINT
CLOUDS AND SFM INITIALIZED POINT CLOUDS.

Mip-NeRF360

Method DPC MVC
PSNR? SSIMt LPIPS|
X X 27.23 0.807 0.229
Random v X 27.65 0.818 0.209
X v 27.83 0.815 0.197
4 v 28.41 0.832 0.168
SIM X X 27.31 0.812 0.213
v v 28.55 0.837 0.162
TABLE III

PERFORMANCE COMPARISON FOR DIFFERENT CONFIGURATIONS.
WE TESTED THE IMPACT OF ADD AND RESET POINTS ON THE RESULTS.

Train Truck
Methods
PSNRT SSIMt LPIPS| PSNR{ SSIMt LPIPS)
Full DPC 2190 0.808 0.213 2533 0.875 0.147
wo/ add 21.82 0.808 0.215 25.12 0.875 0.153
wo/ reset  21.77 0.806 0.215 2525 0.875 0.149

strategy. The red boxed areas in the figure highlight the
zoomed-in results. From the comparison, it is evident that
our method outperforms the others in terms of similarity to
the ground truth. For example, in the ’garden’ scene, other
methods exhibit noticeable distortion in the zoomed-in red-
boxed region, while our method effectively captures clearer
details, demonstrating its superiority in detail reconstruction.

To further validate the capability of our model in detail
modeling, we present additional texture visualization results.
As shown in Fig. 4, other methods fail to generate the
texture structure of the floor, and the generated table exhibits
image distortion. The results demonstrate that our method
exhibits significant advantages in texture detail representa-
tion. Additionally, Fig. 5 presents depth maps, where we

THE ABLATION STUDIES OF THE MULTI-VIEW NUMBER. WE REPORT
RESULTS ON TWO REPRESENTATIVE DATASETS.

. Mip-NeRF360 Tanks&Temples
Views
PSNRT  SSIM{ LPIPS| PSNRT SSIM{ LPIPS|
1 2723 0807 0229 2313 0826 0.207
2 2755 0810 0218 2341 0.831 0.191
4 2777 0818 0206 23.69 0835 0.178
8 27.96 0.822 0.196 23.86 0.841 0.166
12 27.78 0815 0.196 2372 0838 0.174

can clearly observe that our method achieves higher accuracy
in depth estimation. For example, in the 'room’ scene, our
method clearly captures the contours of the curtains, while
the contours in other methods are extremely faint. These
results strongly confirm the superior performance of our
model in capturing fine details.

C. Ablation Studies and Analyses

Module Gain. To better verify the effectiveness of our
components, we provide a comprehensive ablation study in
Tab. II. we validate each component of the method trained on
the Mip-NeRF360 dataset[8] using randomly initialised point
clouds and SfM initialized point clouds.. We compare the
DPC module and the MVC module to the baseline[5]. Specif-
ically, dual-view point correction precisely identifies and
corrects Gaussian points that cause rendering errors, thereby
eliminating local distortions caused by initialization errors
or sparse point clouds. Meanwhile, multi-view constraints,
by incorporating supervision from multiple views, prevent
overfitting to a single view and effectively enhance scene
texture details. The ablation results all show that significantly
better results can be achieved using our modules. We also
present an ablation study in Fig. 6, where we incrementally
integrate our proposed components onto the baseline to
demonstrate the effectiveness of our approach. The results
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Reference

Fig. 6.

Baseline +DPC

31.55/0.934

32.24/0.942

+MVC
33.01/0.958

Completed

33.51/0.964 PSNR/SSIM

Visualization comparisons of the ablation of the proposed components. We employ RAIN-GS as our baseline and improve it by gradually

integrating our proposed components into it. It can be observed that our method gradually improves the novel view synthesis performance of the one.

TABLE V

EFFECT OF DIFFERENT TRAINING VIEW RATIOS IN THE GARDEN AND BONSAI.

259% 50% 75% 100%
Scene Method
PSNRT LPIPS|, PSNRT LPIPS|, PSNRt LPIPS, PSNR{ LPIPS]
Garden RAIN-GS 2210 0208 2526 0139 2631 0124 2688  0.114
arden Ours 2265 0.199 2601 0.127 2753 0110 27.94  0.093
Bonsai RAIN-GS 2790 0251 3036 0223 3075 0222 3155 0218
onsat Ours 2079 0222 3227 0.189 3269 0186 3351  0.173

demonstrate that each of our two modules achieves good
performance individually, and their combination further en-
hances the overall performance.

Points Manipulation. To investigate the effects of point
operations in DPC, including point addition and error point
reset, we conducted experiments on the Train and Truck
scenes from the Tanks&Temples dataset. All experimental
analyses were performed under the condition of randomly
initialized point clouds. The results shown in Tab. III indicate
that: (1) each operation leads to a positive gain, demonstrat-
ing the effectiveness of DPC; (2) the point addition opera-
tion effectively fills the under-optimized areas, which may
have been overlooked in 3DGS, but further captures more
geometric details, thereby improving overall performance;
(3) resetting points in certain regions not only provides
an opportunity to correct potential erroneous points but
also creates conditions for geometric calibration, ultimately
enhancing the model’s stability and accuracy.

Multi-View Number. To validate the effectiveness of MVC,
we conducted an ablation study under the same condition of
randomly initialized point clouds, similar to DPC, show in
Tab. IV. As described in the method section, MVC consists
of two key components: Multi-Views Joint Training and
Cross-Ray Densification. We compared the baseline method
with our proposed multi-view training-enhanced approach. It
can be observed that the introduction of multi-view training
led to a substantial improvement in novel view synthesis
quality. However, as the amount of views exceeds a certain
threshold, its performance starts to degrade. This is because
an excessive number of views leads to an increase in simi-
larity between the sampled view regions, which causes 3D
Gaussians to overfit to certain areas of the scene. Therefore,

a moderate or limited amount of views are more favorable
for the optimization of 3DGS.

Sparse Training Images. We conducted further ablation
studies on the Mip-NeRF 360 dataset, focusing on indoor
(bonsai) and outdoor (garden) scenes, to evaluate the impact
of the number of training images on model performance. In
Tab. V, we present the results of training RAIN-GS and our
method using randomly selected subsets of training images,
including 25%, 50%, 75%, and 100% of the total dataset. The
experimental results show that, regardless of the number of
training images, our method consistently outperforms RAIN-
GS in terms of rendering quality, demonstrating exceptional
performance. The experimental results suggest that the pro-
posed method exhibits strong robustness to changes in the
number of training images, while preserving stable rendering
quality across different training scales.

V. CONCLUSIONS

This paper introduces MVC-GS, an innovative approach
designed to overcome the limitations of previous methods in
capturing the Gaussian point cloud distribution under random
initialization conditions, as well as the resulting view overfit-
ting issues. MVC-GS effectively addresses these challenges
by integrating dual-view point correction (DPC) and multi-
view constraints (MVC), successfully correcting errors in the
Gaussian point distribution during the optimization process
while generating finer texture details. Extensive experiments
on multiple public datasets validate the superiority of the
proposed method. In the future, our goal is to extend this
method to a broader range of applications, such as dynamic
scenes and sparse reconstructions, to achieve high-precision
reconstructions based on randomly initialized point clouds.
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