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Initialize to Generalize: A Stronger
Initialization Pipeline for Sparse-View 3DGS

Feng Zhou*, Wenkai Guo*, Pu Cao, Zhicheng Zhang†, Jianqin Yin†

Abstract—Sparse-view 3D Gaussian Splatting (3DGS) often
overfits to the training views, leading to artifacts like blurring
in novel view rendering. Prior work addresses it either by
enhancing the initialization (i.e., the point cloud from Structure-
from-Motion (SfM)) or by adding training-time constraints
(regularization) to the 3DGS optimization. Yet our controlled
ablations reveal that initialization is the decisive factor: it de-
termines the attainable performance band in sparse-view 3DGS,
while training-time constraints act as complementary refinements
whose effectiveness depends on the initial geometric prior. Given
initialization’s primacy, we focus our design there. Although
SfM performs poorly under sparse views due to its reliance
on feature matching, it still provides reliable seed points. Thus,
building on SfM, our effort aims to supplement the regions
it fails to cover as comprehensively as possible. Specifically,
we design: (i) frequency-aware SfM that improves low-texture
coverage via low-frequency view augmentation and relaxed
multi-view correspondences; (ii) 3DGS self-initialization that lifts
photometric supervision into additional points, compensating
SfM-sparse regions with learned Gaussian centers; and (iii)
point-cloud regularization that enforces multi-view consistency
and uniform spatial coverage through simple geometric/visibility
priors, yielding a clean and reliable point cloud. Our experiments
on LLFF and Mip-NeRF360 demonstrate consistent gains in
sparse-view settings, establishing our approach as a stronger
initialization strategy.

Index Terms—Novel View Synthesis, Sparse-view 3DGS, Gen-
eralization

I. INTRODUCTION

NOVEL view synthesis [1]–[4] plays a central role in
applications such as virtual and augmented reality [5],

free-viewpoint video [6], and digital content creation [7],
[8], where the goal is to generate realistic novel views from
captured imagery. To enable such capabilities, recent advances
in 3D neural scene representations [1], [9] have demonstrated
remarkable performance, with 3D Gaussian Splatting (3DGS)
[10] emerging as a highly efficient alternative to neural radi-
ance fields [1]. In practice, however, data acquisition is often
limited to a small number of viewpoints due to constraints
in hardware, cost, or capture conditions. Under such sparse-
view inputs, vanilla 3DGS is prone to severe overfitting to the
training views [11]–[13], resulting in noticeable artifacts and
persistent floaters when rendering unseen views.

To address this challenge, existing solutions broadly fall
into two categories. The first focuses on enhancing the ini-
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tial point cloud of 3DGS, which is typically obtained from
Structure-from-Motion (SfM) [14]. For instance, CoMapGS
[15] leverages a depth estimator together with a robust visual
encoder to produce a stronger initialization. The second line
of work constrains the growth or optimization of Gaussian
primitives, often by introducing regularization losses during
training. A representative example is CoR-GS [16], which
prunes outlier primitives by enforcing consistency between
two parallel Gaussian fields. While such methods have shown
effectiveness in practice, our evidence suggests that training-
time regularization mainly serves as a patch for poor initial-
ization rather than addressing the fundamental bottleneck in
sparse-view 3DGS.

We begin with ablation studies comparing the effectiveness
of two strategies for mitigating overfitting. In Section III,
we evaluate several state-of-the-art training-time constraints
across a range of initialization strengths. These initialization
strengths are explicitly controlled ideally (rather than being
determined solely by the input images). The results show
that initialization quality sets the attainable performance band,
whereas training-time constraints mainly refine the optimiza-
tion within the band induced by the initial geometry and
can further improve performance when paired with a strong
initialization. The findings indicate that initialization is the
more influential lever, which motivates focusing on developing
a stronger initialization pipeline.

We start from the vanilla SfM algorithm since it provides
reliable initial seed points, though it produces only a few
in sparse-view scenarios due to its feature-matching nature.
Our work is dedicated to accurately supplementing those un-
dercovered regions by fully exploiting the visual information
contained in the available images, step by step. First, inspired
by EAP-GS [12], we modify the standard SfM pipeline by
relaxing the minimum track matching numbers from three to
two, yielding a denser initial point set. Moreover, distinct from
prior work, we pre-mask high-frequency regions and perform
SfM on the resulting augmented, doubled image set, which
encourages a more balanced and richer point distribution. Sec-
ondly, to further enrich the point set, we propose 3DGS Self-
Initialization, which lifts per-pixel photometric constraints into
additional points by leveraging the learning signal of 3DGS.
Specifically, after training a first-pass lightweight 3DGS on
the input views and reusing all primitive centers as a point
cloud, we are able to compensate for regions with insufficient
image features. Finally, we introduce further regularization
techniques to refine the final point cloud by removing noise
and unreliable points: (1) discarding points observed from
only a single view due to depth ambiguity, (2) applying
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Fig. 1: A Stronger Initialization for Sparse-View 3DGS. Standard SfM (top row) generates a sparse point cloud (middle) under
sparse inputs, leading to artifacts and blurriness in the 3DGS rendering (right). Our proposed initialization pipeline (bottom
row) yields a significantly denser and more reliable point cloud (middle), which dramatically improves the final rendering
quality (right), especially in challenging low-texture regions, thus setting a stronger foundation for high-quality novel view
synthesis under sparse views.

clustering-based noise reduction, and (3) enforcing normal-
based consistency filtering.

To summarize, our contributions are as follows:
• Our controlled ablations with explicitly set initialization

strengths show that sparse-view performance in 3DGS
is initialization-limited, and training-time constraints pro-
vide only modest improvement.

• We design a rich and reliable three-stage initialization:
(i) a low-frequency-aware SfM variant that relaxes the
minimum track length from three to two and pre-masks
high-frequency content to improve low-texture coverage;
(ii) 3DGS Self-Initialization that trains a first-pass 3DGS
and reuses all primitive centers as the initial point cloud,
turning photometric cues into additional points; and (iii)
point-cloud regularization for removing noise or unre-
liable points, including removal of single-view points,
clustering-based denoising, and a simple geometric prior
for consistency and coverage.

• Experiments demonstrate that our proposed method
achieves state-of-the-art performance on LLFF and Mip-
NeRF360 datasets and offers a superior initialization
choice for sparse-view 3DGS.

II. RELATED WORK

A. Novel View Synthesis

Novel view synthesis (NVS) aims to generate photorealistic
images from novel viewpoints given only a finite set of
calibrated observations of a typically static scene [17], [18].
Among the different strategies, optimization-based methods

reconstruct a full 3D scene representation, from which novel
views can be rendered at arbitrary camera poses. Neural scene
representations [19] have recently emerged as the dominant
paradigm: NeRF, for example, encodes view-dependent color
and density and renders images through volumetric integration
[1]. Beyond such implicit fields, explicit formulations like 3D
Gaussian Splatting (3DGS) represent scenes as anisotropic
Gaussians and achieve real-time rendering with competitive
quality [10], [20]–[22]. The explicit and discrete nature of the
Gaussian primitives makes 3DGS highly sensitive to the initial
geometry, contrasting with the robustness of volumetric meth-
ods like NeRF. This high sensitivity makes the initialization
of the point cloud a critical determinant of final performance
in 3DGS. In parallel, generative approaches that exploit large-
scale priors have also been developed [3], [23]–[27]. These
methods provide extremely fast inference and reduced reliance
on precise camera pose annotations, but they remain limited
in maintaining multi-view consistency and geometric fidelity.

3D Reconstruction with Sparse Views. Reconstructing
3D scenes from sparse views is inherently under-constrained:
limited viewpoints lead to incomplete surface coverage, am-
biguous depth estimation, and frequent artifacts such as
floaters and texture misalignment. The standard initialization
for 3DGS relies on Structure-from-Motion (SfM) algorithms
like COLMAP, which performs poorly under sparse-view
conditions. SfM relies heavily on texture-rich areas for feature
matching, leading to sparse and incomplete initial point clouds
that often lack coverage in smooth or low-texture regions (e.g.,
walls, skies). To address these challenges, some NVS works
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Fig. 2: Ablation study on Mip-NeRF360 under the 12-view sparse-view protocol PSNR on average, comparing three optimization
constraints (DropGaussian, CoR-GS, and FSGS) against vanilla 3DGS across different initialization strengths (Init_v6,
Init_v12, Init_vall). Results show that while regularization methods modestly delay overfitting and improve performance
within each initialization band, the final reconstruction quality is primarily governed by initialization strength.

incorporate additional geometric and photometric priors, in-
troducing supervision such as depth [28], [29] to guide the
optimization process. Another line leverages controllable 2D
generative models to synthesize novel training views, effec-
tively densifying the supervision and mitigating the scarcity
of input observations [30]–[35].

B. Overfitting in Sparse-view 3DGS

Under sparse views, vanilla 3DGS optimized from photo-
metric supervision tends to overfit the limited inputs, degrad-
ing markedly on unseen view rendering. Efforts to mitigate
overfitting generally take two forms, the first being to enhance
the initialization of the 3DGS point cloud [15], [36], [37].
Intuitively, initialization provides the spatial and geometric
bias for subsequent optimization; with a better-distributed seed
point cloud, the system is guided toward plausible geometry
rather than overfitting to limited photometric cues. For in-
stance, LoopSparseGS [36] introduces a progressive Gaussian
initialization strategy that iteratively densifies the seed point
cloud using pseudo-views, significantly improving coverage
and stability under sparse inputs. EAP-GS [12] augments the
SfM point cloud by relaxing track constraints and adaptively
densifying underrepresented regions, providing a stronger ini-
tialization for few-shot 3DGS. These initialization-focused
approaches directly address the root cause of sparse-view
failure: insufficient geometric prior.

The second form constrains the optimization or growth
of Gaussian primitives, typically by introducing regulariza-
tion losses or pruning strategies to suppress overfitting arti-
facts [37]–[41]. For instance, CoR-GS [16] introduces a co-
regularization framework that enforces consistency between
two parallel Gaussian fields, effectively pruning outliers and
improving generalization under sparse views. FSGS [11] im-
poses frequency-based structural regularization, suppressing

high-frequency artifacts and stabilizing training when input
views are highly limited. DropGaussian [38] proposes a
dropout-style scheme that randomly removes Gaussians during
training, enhancing gradient flow to the remaining primitives
and mitigating overfitting without extra priors.

As visually and quantitatively illustrated in Figure 2, we ar-
gue that existing optimization constraints—such as DropGaus-
sian and CoR-GS—provide valuable incremental refinements
but ultimately operate within performance bounds dictated
by the quality of the initial point cloud. This distinction is
crucial: regularization acts as an optimization-level constraint
designed to mitigate the symptoms of overfitting (e.g., elon-
gated Gaussians), whereas robust initialization addresses the
fundamental geometric prior. Our work is motivated by the
observation that a weak, sparse initial geometry sets a critically
low performance floor that training-time fixes struggle to
overcome. By proposing an initial point cloud that is denser,
cleaner, and inherently more geometrically consistent than
standard SfM, we fundamentally elevate the performance land-
scape. This stronger geometric prior not only achieves superior
results in isolation but also provides a robust foundation that
significantly amplifies the efficacy of subsequent optimization
constraints, setting a new, higher performance level for sparse-
view 3DGS.

III. INITIALIZATION VS. REGULARIZATION: AN
EMPIRICAL STUDY

A. Preliminary and Definition

Structure-from-Motion (SfM) [14]. Given images {Ii}Ni=1

with intrinsics {Ki}, SfM estimates camera poses Pi =
(Ri, ti) and a sparse 3D point set X = {Xm ∈ R3} from
multi-view feature tracks. Tracks link projections of the same
3D point across views. In standard SfM system (i.e., COLMAP
[42]), tracks observed in at least three images are retained for
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Fig. 3: Our initialization pipeline for sparse-view 3DGS. Given sparse multi-view images with camera poses, we first mask
high-frequency regions and perform SfM to obtain a raw point cloud, which better captures smooth areas. To compensate
for regions lacking distinctive features, we train a lightweight first-pass 3DGS and incorporate its primitive centroids into
the initialization. Finally, we apply single-view filtering, clustering-based denoising, and normal-based consistency filtering to
rectify the point cloud and suppress noise.

triangulation and bundle adjustment, yielding a conservative
but reliable reconstruction. Candidate points are obtained via
two-view triangulation T :

Xm = T
(
x̃i,m, x̃j,m, Pi, Pj

)
, i ̸= j, (1)

Formally,

{P̂i}, {X̂m} = argmin
{Pi}, {Xm}∑
m: |Vm|≥3

∑
i∈Vm

ρ
(
∥π(Ki, Pi, Xm)− x̃i,m∥22

)
(2)

where Vm = { i : point m observed in image i }, x̃i,m ∈ R2

is the observed pixel, π(·) denotes the standard perspective
projection with intrinsics Ki and pose (Ri, ti), and ρ(·) is a
robust loss.

3D Gaussian Splatting (3DGS) [10]. 3DGS represents a
scene with anisotropic 3D Gaussian primitives G = {gn}Mn=1,
each gn = (µn,Σn, αn, cn) (mean, covariance, opacity, color).
In standard practice, primitives are initialized from the SfM
point cloud {Xm}, with both their positions and colors initial-
ized from the reconstructed points, and then optimized end-
to-end with fixed camera poses. During training, the primitive
set is adaptively densified by splitting or cloning Gaussians
to grow G in regions indicated by image evidence. Rendering
produces predictions Îi via differentiable alpha compositing
of depth-sorted 2D projections of the Gaussians, and the
parameters are learned via a compact photometric objective

with a structural-similarity term and regularization:

min
G

N∑
i=1

[
(1− λ)

∑
p∈Ωi

∥∥Îi(p)− Ii(p)
∥∥
1
+ λD-SSIM

(
Îi, Ii

)]
+ βRreg(G),

(3)

where Ωi is the pixel domain, λ ∈ [0, 1] balances the terms,
Ii and Îi are the i-th ground-truth and rendered images,
D-SSIM(Îi, Ii) = 1 − SSIM(Îi, Ii), and Rreg collects mild
priors on scale/opacity.

Initialization Strength. Ideally, a strong initialization should
approximate a point cloud in which the point set fully covers
all object visible surfaces. Such an ideal seed could, in
principle, be obtained by running SfM on a sufficiently large
set of views of the scene. Since unlimited viewpoints are not
available, we approximate initialization strength per scene by
varying the number of input views for SfM.

Formally, let Vall denote all available views of a scene,
and let the SfM reconstruction from Vall serve as a best-
available proxy for an ideal initialization, producing a point
cloud Xall. For a view budget n, we uniformly sample a
subset Vn ⊂ Vall with |Vn| = n in camera pose space,
run SfM on Vn, and obtain a seed point cloud Xn. Larger
n therefore corresponds to higher initialization strength in
expectation. On the Mip-NeRF360 [43] dataset, we instantiate
three levels of initialization strength: Init_v6, Init_v12,
and Init_vall, where the subscript denotes the number
of input views used by SfM (with Init_vall using all
available views).
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B. Empirical Analysis and Findings

To investigate the causes of sparse-view overfitting, we
study two common strategies: (i) improving the SfM initializa-
tion cloud and (ii) adding training-time regularization of Gaus-
sian primitives. These strategies are treated as two factors in a
controlled ablation, enabling us to isolate their individual and
combined effects. Specifically, for training-time constraints,
we adopt representative off-the-shelf methods to reflect cur-
rent practice: FSGS [11], Cor-GS [16], and DropGaussian
[38]. For initialization, rather than comparing heterogeneous
approaches, we treat our designed Initialization Strength as
a controlled variable to isolate its effect. Experiments are
conducted on the Mip-NeRF360 dataset using the standard 12-
view sparse-view setting adopted in prior sparse-view 3DGS
evaluations [11], [38]: 12 input views are uniformly selected
for training, and average PSNR is reported across all scenes.

The performance curves are shown in Figure 2. Across
all three initialization levels, different regularization methods
show some effectiveness: compared with vanilla 3DGS, they
mitigate overfitting by delaying the performance peak and
slightly improving reconstruction quality, albeit at the cost of
increased computation. Strikingly, the strength of initialization
proves decisive for the final outcome. The curves stratify
into distinct bands according to initialization level, while
regularization mainly refines the solution within, or slightly
above, the performance band induced by the initial geometry.
Thus, our analysis does not imply that regularization is unnec-
essary; rather, it shows that a stronger initialization provides
a better operating point for subsequent regularization. This
initialization-dominated phenomenon motivates us to design a
more effective initialization strategy for sparse-view 3DGS.

IV. METHOD

In this section, we aim to develop a rich and reliable ini-
tialization pipeline tailored for 3D Gaussian Splatting (3DGS)
under sparse-view settings. Building upon vanilla 3DGS, our
objective is to compensate for undercovered regions by fully
leveraging the visual information available in the input images.
The overall framework is illustrated in Figure 3. It comprises
three successive components: 1) Low-Frequency-Aware SfM
(Sec. IV-A), which augments vanilla SfM with high-frequency
masking to improve initialization in smooth regions; 2) 3DGS
Self-Initialization (Sec. IV-B), which exploits the pixel-level
photometric supervision of 3DGS to supplement points in
regions with few distinctive features; and 3) Point-Cloud
Regularization (Sec. IV-C), which applies clustering, filtering,
and geometry-inspired constraints to refine the point cloud and
suppress noise.

A. Low-Frequency-Aware Structure-from-Motion (SfM)

Under sparse-view capture, limited overlap makes tracks
with |Vm| ≥ 3 scarce in vanilla SfM, leading to under-covered
and uneven point distributions. To better exploit limited views,

EAP-GS [12] retains two-view tracks in addition to the stan-
dard three-view requirement with fixed camera poses P̂i.

{X̂ ′
m} = argmin

{X′
m}

∑
m: |Vm|≥2

∑
i∈Vm

ρ

(∥∥∥π(Ki, P̂i, X
′
m)− x̃i,m

∥∥∥2
2

)
.

(4)

where camera poses P̂i can be either provided or estimated
from SfM. Unlike EAP-GS, which identifies low-density re-
gions and performs SfM twice merely to enlarge the point set,
we adopt a more effective strategy. High-frequency regions
naturally produce more track matches in SfM due to their
richer image features, leading to an undesired concentration of
points. To mitigate this, we pre-mask these regions and feed
two image sets into SfM simultaneously, thereby generating a
more balanced point cloud.

Formally, given N scene views {Ii}Ni=1 with camera poses
{Pi}Ni=1, we derive low-frequency images {Imask} by dividing
each grayscale image into non-overlapping 32 × 32 blocks
and masking blocks above the τf = 0.90 quantile of Fourier
energy outside the centered 10× 10 region. We then build an
augmented view set Iaug = {Ii, Imask}Ni=1, extract features
on all 2N views, and obtain the initial 3D point set P0 by
running SfM once with Equation 4.

B. 3D Gaussian Splatting Self-Initialization
While SfM reconstructs 3D points by detecting and match-

ing keypoints across views, its reliance on local features causes
failures in weakly textured or repetitive regions. To overcome
this bottleneck, we introduce a novel 3DGS self-initialization
method, which elevates pixel-level photometric supervision
into 3D space and constructs complementary point clouds by
repurposing primitive centers as new points.
Light-weight 3DGS. We train a light-weight first-pass 3DGS
G(0) on low-resolution images seeded by P0, aiming to convert
dense photometric cues into additional 3D points rather than
high-fidelity rendering. Let G(0) = {(µn,Σn, αn, fn)}Mn=1

denote the Gaussian set, where µn is the center, Σn is the
anisotropic covariance parameterized by scale and rotation,
αn is opacity, and fn denotes the SH color coefficients. The
Gaussian centers and DC colors are initialized from P0. For
each sampled training view, the rendered image is supervised
by the following masked photometric objective:

Îi = R(G(0), Pi),

Lself = (1− λ)
∥∥∥Mi ⊙ Îi −Mi ⊙ I↓i

∥∥∥
1

+ λ
(
1− SSIM

(
Îi, I

↓
i

))
.

(5)

where R(·) denotes differentiable Gaussian rasterization, Mi

is the high-frequency suppression mask used in the light-
weight pass, and λ balances the photometric and structural
terms. Details of the blockwise high-frequency suppression
mask Mi are provided in the supplementary material. After
this pass, we form a colored point set by taking, for each
surviving primitive gn, the primitive center and its DC color,
i.e., P1 = {(Xn, Cn)}Mn=1 with Xn = µn and Cn =
SH2RGB(fn,0).
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Fig. 4: Qualitative comparisons on the LLFF dataset.

C. Point Cloud Regularization
Before feeding the merged points into the final 3DGS opti-

mization, we regularize the initial colored point cloud Pinit =
{(Xk, Ck)} obtained by combining SfM points and light-
weight 3DGS points, Pinit = P0∪P1, without learned weight-
ing. While this union improves coverage, it also aggregates
errors from both sources: (i) 3DGS-generated points with only
single-view supervision, which lack geometric consistency.
(ii) noisy/duplicated points introduced by 3DGS split/clone
densification; and (iii) outliers from unstable two-view tracks;
To obtain a reliable and uniformly distributed point set, we
introduce three complementary procedures: single-view point
filtering, clustering-based denoising, and normal-based con-
sistency filtering.

In all experiments, we apply the procedures in the listed
order, with each stage taking the output of the preceding stage.
We present the pseudocode in the Appendix.
Single-view Point Filtering. During 3DGS self-initialization,
points visible in only one training view suffer from inherent
depth ambiguity and are more likely to become floating points.
We therefore use a visibility-count filter that retains all multi-
view-supported points and uniformly preserves a small subset
of single-view points.

Starting from the colored point cloud Pinit = {(Xk, Ck)},
we define the visible-view set of a point as

V(X) = {i | zi(X) > τd, πi(X) ∈ Ωi}, (6)

where πi(·) projects a 3D point into view i, zi(X) is its
camera-space depth, Ωi is the image domain, and τd = 0.01
is the depth threshold. With single-view keep ratio ρ = 0.2,
the filtered cloud is

Psv = {(X,C) ∈ Pinit | |V(X)| = 1},
Pmv = {(X,C) ∈ Pinit | |V(X)| ≥ 2},
Pfilter = Pmv ∪Uniformρ(Psv).

(7)

Here Uniformρ samples max(1, ⌊ρ|Psv|⌋) points without re-
placement when Psv is non-empty, and returns an empty set
otherwise.

Clustering-Based Point-Set Denoising. To reduce the noisy
points introduced from unstable 2-view SfM tracks and dupli-
cated points from densify process in 3DGS self-initialization,
we propose a denoising technique based on the clustering
algorithm, which discards 70% of the points. To formalize:

Given the single-view filtered cloud Pfilter = {Xk, Ck},
we standardize the point coordinates and apply K-means

with Kc = min(1000, ⌊|Pfilter|/10⌋) clusters. For each cluster
c with centroid µc and size |Qc|, small clusters are fully re-
tained, while larger clusters keep a 30% subset using centroid-
biased sampling. The cluster-filtered cloud is represented by
the retained cluster subsets:

Pclu =

Kc⋃
c=1

Sc, Sc ⊆ Qc. (8)

Here Sc retains all points if |Qc| ≤ 10; otherwise, it keeps
30% of the points, with the nearest half selected by distance
to µc and the remainder sampled from the cluster.

Normal-based Consistency Filtering. Finally, we remove
geometrically inconsistent points by enforcing local normal
agreement in 3D space. Starting from the cluster-filtered cloud
Pclu = {(Xk, Ck)}, we estimate a normal nk for each point
via PCA on its 10 nearest neighbors in Euclidean space. Let
Nk denote the neighbor set and assume all normals are unit-
length. We compute the mean cosine similarity

c̄k =
1

|Nk|
∑
j∈Nk

n⊤
k nj , (9)

and retain a point if c̄k ≥ 0.2. This rejects isolated outliers
and unstable estimates whose normals disagree with the local
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Fig. 5: Qualitative comparisons on the Mip-NeRF360 dataset.

surface. The final set is

Pfinal = {(Xk, Ck) ∈ Pclu | c̄k ≥ 0.2}, (10)

which yields a clean, geometrically consistent point cloud.

V. EXPERIMENTS

A. Experimental Settings

Evaluation Datasets. We evaluate our method on two
established and representative benchmarks designed for novel
view synthesis under sparse inputs: Mip-NeRF360 [43] and
LLFF [44]. Mip-NeRF360 represents complex, unbounded
360◦ scenes with challenging background details and lighting,
serving as a test for significant geometric extrapolation. Con-
versely, LLFF provides forward-facing scenes with restricted
baseline movements, representing a scenario of extreme spar-
sity and limited angular diversity.

Following the conventional sparse-view 3DGS setup [11],
we thoroughly test our generalization ability across two dis-
tinct sparsity levels. We employ 12 uniformly distributed input
views for Mip-NeRF360 to assess reconstruction capability in
unbounded settings, and only 3 highly limited views for LLFF
to evaluate robustness in extremely constrained forward-facing
environments. Camera poses are provided by the datasets. For
consistent evaluation, every eighth image in the full sequence
is reserved as a test view. Furthermore, input images are
uniformly downsampled by a factor of 4× on both datasets.
This downsampling significantly reduces GPU memory and

training cost, which is essential for ensuring a fair and ef-
ficient comparison across various methods without critically
compromising input resolution.

Metrics. For quantitative comparison, we report three widely-
used metrics: peak signal-to-noise ratio (PSNR) for measuring
reconstruction fidelity, structural similarity index (SSIM) [45]
for perceived structural integrity, and learned perceptual image
patch similarity (LPIPS) [46] for assessing perceptual quality.

Baselines. To demonstrate the effectiveness of our initial-
ization strategy, we compare against several state-of-the-art
3DGS-based methods, including FSGS [11], CoR-GS [16],
EAP-GS [12], LoopSparseGS [36], DDGS [47], and Drop-
Gaussian [38].

Implementation Details. Following the official training set-
ups of each baseline, we train FSGS, CoR-GS, EAP-GS,
DDGS, and DropGaussian for 10k, 10k, 5k, 10k, and 10k
iterations, respectively, on the Mip-NeRF360 dataset, and for
10k, 30k, 5k, 10k, and 10k iterations on the LLFF dataset.
For vanilla 3DGS and our method, we adopt 5k iterations
on both benchmarks. COLMAP [42] is configured with the
same parameters as FSGS [11] to initialize all baselines, except
EAP-GS, which uses its official initializer, and LoopSparseGS,
which uses its official loop-based pipeline. All experiments are
conducted on the same hardware with a single NVIDIA RTX
4090 GPU. For the 3DGS self-initialization stage, the first-pass
light-weight 3DGS also uses 4× downsampled images, i.e.,
each view is loaded at resolution (Wi/4, Hi/4). We optimize
this pass for 5k iterations with λ = 0.2 in Eq. 5. The active SH
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TABLE I: Comparison on Mip-NeRF360 and LLFF datasets. Runtime is decomposed into initialization, training, and total time.
Init., Train., and Total denote initialization time, training time, and total runtime, respectively. We color each cell as best ,
second best , and third best . †: We reimplemented vanilla 3DGS with Multi-view Stereo (MVS, a native dense reconstruction

stage in COLMAP following SfM) initialization, which is used in our reproduced runs of FSGS, CoR-GS, DDGS, and DropGS.
It brings sizeable performance gains but increases the initialization cost. EAP-GS uses its official initializer. LoopSparseGS is
reproduced with its official pipeline; initialization and training times are not separable. A dash indicates that the corresponding
setting is not provided in the original paper.

Methods
Mip-NeRF360 Dataset LLFF Dataset

PSNR↑ SSIM↑ LPIPS↓ Init.↓ Train.↓ Total↓ Iter PSNR↑ SSIM↑ LPIPS↓ Init.↓ Train.↓ Total↓ Iter
3DGS† 19.24 0.5743 0.3660 5m04s 3m52s 8m56s 5k 18.95 0.6464 0.1862 1m32s 2m28s 4m00s 5k
FSGS 19.25 0.5719 0.4072 5m04s 7m38s 12m42s 10k 19.88 0.6120 0.3400 1m32s 18m03s 19m35s 10k
CoR-GS 19.52 0.5580 0.4180 5m04s 34m07s 39m11s 30k 19.45 0.6520 0.2664 1m32s 18m13s 19m45s 10k
EAP-GS 19.21 0.5721 0.3072 2m15s 4m27s 6m42s 5k 18.84 0.6358 0.1768 2m23s 3m15s 5m38s 5k
LoopSparseGS – – – – – – – 20.07 0.6606 0.3072 Not separable 29m07s –
DDGS 19.53 0.5800 0.4058 5m04s 4m27s 9m31s 10k 19.67 0.6690 0.2681 1m32s 2m49s 4m21s 10k
DropGS 19.74 0.5770 0.3640 5m04s 6m21s 11m25s 10k 19.54 0.6549 0.1856 1m32s 5m39s 7m11s 10k
Ours 19.77 0.5892 0.3374 6m06s 4m42s 10m48s 5k 19.60 0.6681 0.1852 4m16s 1m30s 5m46s 5k
+DropGS 20.07 0.5992 0.3276 6m06s 4m32s 10m38s 10k 19.91 0.6835 0.1659 4m16s 4m17s 8m33s 10k

TABLE II: Gaussian counts after initialization and training.

Methods
Mip-NeRF360 LLFF

Init.GS Final.GS Init.GS Final.GS
3DGS† 395k 419k 15k 42k
FSGS 395k 510k 15k 138k
CoR-GS 395k 523k 15k 94k
EAP-GS 21k 60k 7k 36k
DDGS 395k 509k 14k 96k
DropGS 395k 501k 15k 95k
Ours 29k 73k 12k 40k
+DropGS 29k 179k 12k 71k

degree starts from 0 and is increased every 1000 iterations up
to degree 3; standard 3DGS densification/pruning is enabled
after 500 iterations and applied every 100 iterations. The
Gaussian point cloud used in Sec. IV-B is extracted from the
saved primitives at iteration 5000. Additional implementation
details of our method are provided in the supplementary
material.

B. Performance Evaluation

Quantitative Results. Table I reports the sparse-view re-
sults. On the highly challenging Mip-NeRF360 (12 views)
dataset, our proposed initialization pipeline surpasses all ex-
isting regularization-centric baselines, including DropGS and
FSGS. Our 5k-iteration model achieves the second-best PSNR
(19.77), outperforming the baseline 3DGS† by a significant
margin (0.53 dB). Combined with DropGS, our initializa-
tion achieves the best PSNR and SSIM with competitive
LPIPS on Mip-NeRF360, and leads most metrics on LLFF.
LoopSparseGS, which also improves Gaussian initialization,
achieves a higher LLFF PSNR but requires a substantially
longer total runtime (29m07s). The DDGS entries in Table I
are our reproduced results.

18.90

19.77 19.59

19.26
19.44

19.16

Fig. 6: Performance curves between ours and baselines on the
Mip-NeRF360 dataset.

Table II reports the Gaussian counts after initialization and
training. Ours uses substantially fewer Gaussians than MVS-
initialized baselines while achieving better quality, indicating
that the improvement comes from initialization quality rather
than simply increasing primitive count.

Efficiency. We analyze the performance curves on the Mip-
NeRF360 dataset in Figure 6. While competing approaches
typically require 10k iterations or more, our approach reaches
its final result at 5k iterations. This accelerated convergence
provides evidence that our three-stage pipeline furnishes the
3DGS optimizer with a better initial state. Specifically, the
geometric prior reduces the severity of the initial densification
and pruning cycles in 3DGS optimization.

Rendering Results. Figures 4 and 5 separately compare the
methods on LLFF and Mip-NeRF360. On LLFF, Ours pre-
serves sharper foliage, railing, and furniture boundaries than
the baselines, including LoopSparseGS; on Mip-NeRF360, it



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 9

TABLE III: Ablation study on the Mip-NeRF360 dataset. Each module is incrementally added to vanilla 3DGS.

Configuration PSNR↑ SSIM↑ LPIPS↓

vanilla 3DGS 18.52 0.5230 0.4150
+ Low-Frequency-Aware SfM (Sec. IV-A) 19.25↑0.73 0.5758↑0.053 0.3575↓0.0575

+ 3DGS Self-Initialization (Sec. IV-B) 19.42↑0.17 0.5924↑0.017 0.3246↓0.0329

+ Single-View Point Filtering (Sec. IV-C) 19.49↑0.07 0.5872↓0.005 0.3363↑0.011

+ Clustering-Based Denoising (Sec. IV-C) 19.61↑0.12 0.5910↓0.004 0.3356↓0.001

+ Normal-Based Consistency Filtering (Sec. IV-C) 19.77↑0.16 0.5892↓0.002 0.3374↑0.002

Fig. 7: Qualitative visualization of our Point Cloud Regular-
ization pipeline. The initial point cloud (Left) derived from
the merged SfM and Self-Initialization points is often noisy
(highlighted in red boxes). Our regularization steps—including
single-view visibility filtering, cluster-based denoising, and
normal consistency checks—result in a significantly denser
and cleaner point cloud (Right), providing a robust geometric
prior for subsequent 3DGS optimization.

reduces blur and floating artifacts in the highlighted regions.
LoopSparseGS is shown only on LLFF because no matching
12-view Mip-NeRF360 setting is available. Baselines relying
heavily on regularization often suffer from two primary types
of artifacts in novel views: floating artifacts, typically ob-
served in empty spaces or near depth discontinuities, resulting
from unstable high-density Gaussian generation; and visible
blurring or smearing on complex textures and object edges,
indicating that Gaussians have become overly stretched and
elongated during optimization to cover geometric uncertainty
inherited from a sparse initial state. Our multi-stage initializa-
tion lifts photometric information into additional seed points,
including in low-texture areas. Consequently, our method
accurately reconstructs more balanced and correct textures in
challenging low-frequency regions (e.g., the large sky areas),
achieves robust recovery in less-featured areas (e.g., smooth
walls), and produces noticeably sharper object boundaries.
More detailed visualization can be found in the Appendix.

Initialization and Optimization. Figure 8 illustrates how
initialization quality affects the subsequent 3DGS optimiza-

tion. Vanilla SfM produces sparse and fragmented points,
especially near scene boundaries and low-texture regions. With
few reliable spatial anchors, early densification tends to follow
view-specific photometric residuals and may create elongated
or weakly supported Gaussians. Our low-frequency-aware SfM
and self-initialization provide denser and more consistent seed
points, so the optimizer starts from a more plausible geometric
support. The comparison between Ours and +DropGS in
Table I further indicates that training-time regularization is
complementary: it can refine a strong initialization, but has
limited ability to recover missing scene support from a weak
one.

Time Cost Breakdown. Table I reports runtime as initializa-
tion time, training time, and total time. Our full initialization
pipeline, encompassing Low-Frequency-Aware SfM, 3DGS
Self-Initialization, and Point Cloud Regularization, incurs a
modest, one-time setup overhead (e.g., approximately 1m02s
more than 3DGS† on the Mip-NeRF360 dataset) compared to
relying solely on simple SfM+MVS. Given the halved training
iterations required to achieve state-of-the-art performance (5k
iterations vs. 10k or more for DropGS/FSGS), the amortized
total runtime is comparable to, or often faster than, most
competing regularization methods.

View-Count Robustness. Table IV reports a controlled Mip-
NeRF360 view-count analysis from 3 to 12 input views, where
our initialization improves vanilla 3DGS across all sparsity
levels. In the 3- and 6-view settings, vanilla 3DGS is valid on
only 4/7 and 5/7 scenes because insufficient matches prevent
COLMAP/SfM from triangulating a usable seed cloud; our
pipeline augments the same SfM seeds with low-frequency-
aware reconstruction and self-initialized points, yielding 7/7
complete reconstructions at each view count.

Object-Centric Reconstruction. Beyond scene-level re-
construction, Table V evaluates object-centric reconstruction
on DTU against representative DTU sparse-view NVS base-
lines [10], [16], [48], [49]. The results show strong object-
centric reconstruction quality: our method remains competitive
at 3 views and achieves the best PSNR in the 6/9-view settings,
while keeping SSIM and LPIPS competitive.

C. Ablation Study

We evaluate the contribution of each pipeline component,
sensitivity to key hyperparameters, and the effect of point-
cloud regularization. Results are reported in Tables III and VII,
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Fig. 8: Comparison of initialization quality and its impact on reconstruction performance. Our method provides more accurate
initialization points, especially around scene edges, leading to improved final renderings.

TABLE IV: Mip-NeRF360 view-count analysis. We compare
vanilla 3DGS and our initialization under 3/6/9/12 input views.

Views Method PSNR↑ SSIM↑ LPIPS↓

3 3DGS 12.77 0.3193 0.7241
Ours 14.23 0.3685 0.5579

6 3DGS 14.78 0.4169 0.5969
Ours 16.55 0.4770 0.4328

9 3DGS 17.10 0.4559 0.5513
Ours 18.25 0.5546 0.3546

12 3DGS 19.38 0.5751 0.3894
Ours 19.76 0.5891 0.3373

with clustering and alternative-prior ablations in Tables VIII
and IX and qualitative results in Figure 7.

Component Analysis. Specifically, the proposed Low-
Frequency-Aware SfM (Sec. IV-A) yields the single largest and
most fundamental improvement, demonstrating a substantial
0.73 dB increase in PSNR over the baseline. Following this,
the 3DGS Self-Initialization (Sec. IV-B) provides the next
significant performance boost (0.17 dB). Furthermore, our final
Point Cloud Regularization techniques (Sec. IV-C) provide
an incremental but essential final refinement. By suppressing
noise, filtering outliers, and removing geometric redundancy,
these steps produce the final initialization used for 3DGS
optimization.

Effect of Training Budget. Table VI compares longer vanilla
3DGS training with our self-initialization under comparable
iteration budgets. Increasing vanilla 3DGS from 5k to 15k
iterations changes PSNR only marginally (19.38 to 19.34–
19.40), whereas the 5k+5k self-initialization setting reaches
19.77 PSNR with substantially better LPIPS. This ablation
indicates that the gain comes mainly from the improved
geometric starting point rather than simply increasing the
optimization length.

Hyperparameter. Table VII evaluates the frequency-mask
threshold and cluster-retention ratio. The best tested setting
uses τf = 0.90 and retains 30% of each large cluster.
Retaining 20% removes more noise but can discard useful
surface support, whereas 40% preserves more geometry but
leaves more duplicated or floating points. These thresholds
remain empirical rather than theoretically optimal; density-
adaptive filtering is left for future work.

Clustering Alternatives. We also compare the default K-
means clustering with density-based alternatives to assess the
effect of the clustering choice. Table VIII shows that K-means
gives the best PSNR, SSIM, and LPIPS under the same down-
stream pipeline. DBSCAN and HDBSCAN produce fewer
retained points, but their density assumptions are less stable
for sparse-view point clouds whose sampling density varies
strongly across scene depth and texture. This supports our use
of K-means as a simple and stable default, while still leaving
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TABLE V: DTU object-centric benchmark. We compare with representative DTU sparse-view NVS baselines under 3/6/9
views and report PSNR/SSIM/LPIPS.

Method
3 views 6 views 9 views

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

RegNeRF [48] 18.89 0.75 0.19 22.20 0.84 0.12 24.93 0.88 0.09
FreeNeRF [49] 19.92 0.79 0.18 23.25 0.84 0.14 25.38 0.89 0.10

3DGS [10] 17.65 0.82 0.15 24.00 0.91 0.08 26.85 0.94 0.05
CoR-GS [16] 19.21 0.85 0.12 24.51 0.92 0.07 27.18 0.95 0.05

Ours 19.58 0.80 0.18 27.54 0.91 0.10 30.03 0.95 0.06

TABLE VI: Self-initialization versus longer vanilla training
on Mip-NeRF360. T1 and T2 denote the first-pass self-
initialization and final 3DGS training iterations, respectively.

Variant Iterations PSNR↑ SSIM↑ LPIPS↓ Time(s)↓

Vanilla 3DGS 5k 19.38 0.5751 0.3894 159
Vanilla 3DGS 10k 19.40 0.5752 0.3891 286
Vanilla 3DGS 15k 19.34 0.5737 0.3882 405
Self-init 3k+5k 19.31 0.5779 0.3836 300
Self-init 5k+5k 19.77 0.5892 0.3374 282
Self-init 7k+5k 19.70 0.5869 0.3716 515

TABLE VII: Ablation Study of Initialization Parameters on
Mip-NeRF360 (PSNR↑, SSIM↑, LPIPS↓). Results for the
Low-Frequency-Aware SfM Threshold and the Point-Cloud
Regularization Ratio are presented.

Freq. Threshold Cluster Ratio

Thr. PSNR SSIM LPIPS Ratio PSNR SSIM LPIPS

0.85 19.46 0.5782 0.3547 0.2 19.51 0.5825 0.3514
0.90 19.77 0.5892 0.3374 0.3 19.77 0.5892 0.3374
0.95 19.61 0.5837 0.3460 0.4 19.36 0.5808 0.3497

adaptive density-aware clustering as future work.

Alternative Priors. Table IX examines two alternative priors
for the initialization stage.
Monocular Depth Prior. Adding monocular relative-depth
supervision from Depth Anything V2 decreases performance
in our sparse unbounded setting, likely because affine-invariant
monocular depth is unreliable in distant background and
sky regions and its gradients disturb photometric geometry
recovery. This result does not imply that depth priors are
generally ineffective; it only shows that direct relative-depth
regularization is not a robust substitute for our generate-then-
filter strategy here.
Learning-Based Initialization Prior. We evaluate three learning-
prior settings in Table IX: VGGT-only initializes 3DGS with
VGGT points and trains the final 3DGS model; VGGT+self-
init uses VGGT points as the seed for our lightweight
self-initialization before final 3DGS training; Ours uses our
low-frequency-aware SfM seed followed by the same self-
initialization and final training. Although VGGT can pro-
vide coarse geometry without classical feature matching, its
predictions may not generalize uniformly to the sparse-view,

TABLE VIII: Clustering alternatives for point-cloud denoising
on Mip-NeRF360.

Method PSNR↑ SSIM↑ LPIPS↓ Init.GS Final.GS

K-means 19.76 0.5891 0.3373 33k 77k
DBSCAN 19.46 0.5784 0.3849 25k 66k
HDBSCAN 19.49 0.5775 0.3857 24k 65k

TABLE IX: Ablations for monocular depth regularization and
learning-based initialization on Mip-NeRF360.

Setting Variant PSNR↑ SSIM↑ LPIPS↓

Depth prior Ours 19.76 0.5891 0.3373
Depth prior +Depth Anything V2 19.14 0.5803 0.3768

Learned init. VGGT 5k 18.47 0.5040 0.4855
Learned init. VGGT 10k 18.46 0.5032 0.4872
Learned init. VGGT+self-init 18.86 0.5275 0.4431
Learned init. Ours 19.76 0.5891 0.3373

GT Ours 3DGS

…

6 views
…

3 views

…
12 views

Training views

Fig. 9: Qualitative comparison on three self-captured real-
world scenes. The models use 12, 3, and 6 training views,
respectively, and GT denotes a held-out test view.

unbounded real scenes considered here, and small geomet-
ric inaccuracies can be amplified during subsequent 3DGS
optimization. VGGT+self-init improves over VGGT-only, but
remains below Ours.
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TABLE X: Resolution sensitivity on Mip-NeRF360 and LLFF.
r is the image downsampling factor; r = 1 denotes original
resolution.

Dataset r
PSNR↑ SSIM↑ LPIPS↓

3DGS† Ours 3DGS† Ours 3DGS† Ours

Mip-NeRF360
4 19.240 19.770 0.5743 0.5892 0.3660 0.3374
2 19.024 19.329 0.6105 0.6216 0.4301 0.4548
1 19.110 19.140 0.6795 0.6844 0.4768 0.4348

LLFF
4 18.950 19.600 0.6464 0.6681 0.1862 0.1852
2 19.007 19.114 0.6632 0.6657 0.3019 0.2836
1 18.845 19.031 0.6664 0.6669 0.4121 0.4064

GT

Ours

3DGS

R=4 R=2 R=1 R=4 R=2 R=1

Bonsai Trex

Fig. 10: Qualitative comparisons at different image resolutions
on the Bonsai (Mip-NeRF360) and Trex (LLFF) scenes.

Effect of Point Cloud Regularization. Figure 7 compares
the merged point cloud before and after regularization. The
unregularized cloud contains noisy outliers and spurious ge-
ometry in sparse-feature regions (left). Single-view filtering,
cluster-based denoising, and normal-consistency filtering re-
move these artifacts and produce a cleaner final cloud (right)
for subsequent 3DGS optimization.
High-Resolution Results. Additionally, we conduct higher-
resolution experiments against 3DGS†. Table X shows that
Ours improves PSNR/SSIM in all six settings and LPIPS in
five of six. While the default 4× setting follows common
practice, it may underrepresent fine-scale artifacts; Table X
shows that our gains persist at 2× and original resolution,
although broader high-resolution evaluation remains future
work. Figure 10 provides the corresponding visual compar-
ison: across all three resolutions, Ours better preserves the
highlighted floor textures and railing boundaries than 3DGS†.
Real-World Results. Figure 9 shows that Ours better pre-
serves foliage, background structure, and road texture, with
less blur and distortion than 3DGS.

VI. CONCLUSION

We have presented an analysis demonstrating that the crit-
ical bottleneck in sparse-view 3D Gaussian Splatting (3DGS)
lies in the initial geometric prior: the quality, density, and
geometric consistency of the seed point cloud largely dictate
the final reconstruction fidelity. This initialization-dominated
observation motivates our three-stage geometric initialization
pipeline, which combines Low-Frequency-Aware SfM, 3DGS
Self-Initialization, and Point-Cloud Regularization to obtain
a cleaner and denser starting representation. Quantitative and
qualitative experiments on Mip-NeRF360 and LLFF, together
with ablations and generalization studies, confirm that stronger
initialization provides a better foundation for high-quality

novel view synthesis and remains complementary to training-
time regularization.

Limitations and Future Work. Our method focuses on
constructing a stronger geometric prior before 3DGS optimiza-
tion, and it still assumes reasonably accurate camera poses and
a usable sparse SfM seed. Extremely textureless, reflective,
dynamic, or poorly calibrated captures may require stronger
pose estimation or additional scene-level priors beyond the
current pipeline. A promising direction is to exploit priors from
large-scale pretrained vision and geometry models to infer
more complete and uncertainty-aware initialization points,
especially in regions where sparse-view SfM provides little
support. Future work will study how to integrate such learned
priors with multi-view consistency and density-aware filtering,
so that the initialized point cloud becomes more adaptive while
remaining geometrically reliable.
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