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Figure 1: Visualization of STO-GS. Given sparse modal views (left), we generate layered amodal views (middle) to reveal occluded
content and guide opacity-aware training for reconstructing hidden regions. As shown in the rendered comparisons (right),
STO-GS outperforms prior methods (FSGS [43], CoR-GS [41]) in both geometric and visual consistency, especially for occluded,
non-central areas.

Abstract
High-quality three-dimensional (3D) reconstruction from sparse
views is critical for applications such as virtual and augmented
reality, robotics, and digital content creation. While methods like
Neural Radiance Fields (NeRF) and 3D Gaussian Splatting (3DGS)
have shown strong performance in novel view synthesis, they strug-
gle in few-shot settings, especially when scenes contain large oc-
cluded or unseen regions. The lack of explicit supervision for hidden
content limits reconstruction completeness and realism. We pro-
pose See-Through-the-Occlusion Gaussian Splatting (STO-GS), a
novel framework that rethinks occlusion modeling in static scenes.
Drawing inspiration from four-dimensional Gaussian Splatting
(4DGS), we reinterpret time as a proxy for occlusion depth and apply
deformation-based opacity modulation to recover hidden layers. To
provide supervision, we generate amodal views via diffusion-based
inpainting, exposing occluded structures for training. A two-stage
layered training pipeline further refines the reconstruction, with
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a multi-layer perceptron (MLP) adjusting Gaussian opacity across
occlusion layers. STO-GS improves occlusion-aware reconstruction
and achieves superior performance over existing few-shot 3DGS
baselines, including a 0.51 dB gain on challenging datasets.
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1 Introduction
With the rapid advancement of virtual reality (VR), augmented re-
ality (AR), and the metaverse, the importance of three-dimensional
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(3D) scene reconstruction has grown significantly. These applica-
tions require real-time generation and interactive manipulation of
high-quality 3D content, supported by accurate spatial understand-
ing and efficient rendering. Beyond VR/AR, 3D reconstruction is
essential in domains such as autonomous driving, robotics, digital
twins, and medical imaging, where precision and efficiency are crit-
ical. Traditional methods often rely on expensive sensors or dense
image collections, limiting their scalability. Therefore, developing
techniques that can produce high-fidelity 3D scenes from minimal
input remains a core research challenge.

3D reconstruction approaches can be broadly classified into
image-based, sensor-based, graphics-based, and deep learning-based
methods. Image-based techniques like structure-from-motion (SfM) [26]
and multi-view stereo (MVS) [28] use standard RGB cameras but
are sensitive to occlusions and viewpoint changes. Sensor-based
methods, using light detection and ranging (LiDAR), RGB-depth
(RGB-D) cameras, or time-of-flight (ToF) sensors, offer higher ac-
curacy but suffer from noise, cost, and scalability issues [25, 35].
Graphics-based approaches model geometry using meshes, voxels,
or splines, but often involve heavy computation [6, 12, 27]. More
recently, deep learning-based methods such as Neural Radiance
Fields (NeRF) [2, 5, 7, 9, 22–24, 34, 37] and 3D Gaussian Splatting
(3DGS) [10, 14, 20, 29, 40, 41, 43] have enabled high-quality 3D
reconstruction by implicitly modeling scenes as continuous func-
tions. In particular, 3DGS represents scenes using multiple Gauss-
ian primitives—parameterized by position, size, orientation, and
color—offering efficient training and fast rendering suitable for
real-time applications. However, in few-shot settings with limited
training images, 3DGS struggles to capture the full scene struc-
ture—particularly in occluded regions and under large viewpoint
variations where background areas often remain unobserved.

To tackle the limitations of few-shot 3DGS under severe occlu-
sion, we propose See-Through-the-Occlusion Gaussian Splatting
(STO-GS)—a novel framework that brings temporal modeling tech-
niques from 4D Gaussian Splatting (4DGS) [8, 16, 18, 33, 36, 38] into
the spatial domain. Unlike previous approaches, STO-GS leverages
amodal views with multiple occlusion layers, enabling the model
to reason about hidden structures and improve occlusion-aware
reconstruction. As illustrated in Fig.1, our method generates lay-
ered amodal views via image inpainting and uses them to guide
opacity-aware learning across occlusion depths. This allows the
model to effectively utilize contextual cues beyond visible regions
and progressively learn layered scene representations from sparse
inputs. Our major contributions are:

• 4DGS-inspired occlusion modeling in static scenes. For
the first time, we transfer temporal modeling techniques from 4DGS
to the spatial domain, enabling occlusion layers to be treated analo-
gously to time, which improves reconstruction of hidden structures
from sparse views. This forms the basis of our See-Through-the-
Occlusion (STO) strategy, which models occlusion as a learnable
spatial dimension.

• Amodal image integration for explicit supervision. We
generate amodal views via deep image inpainting to expose oc-
cluded regions in given sparse input images, providing direct su-
pervision that outperforms conventional augmentation strategies
in few-shot 3DGS.

• Layered opacity-aware training scheme. We introduce a
two-stage pipeline that first learns from sparse input images, then
refines using randomly sampled amodal views. A dedicated multi-
layer perceptron (MLP), referred to as STO-MLP, modulates Gauss-
ian opacity per occlusion layer, enabling the model to reveal hidden
structures and improve overall scene completeness.

2 Related Work
2.1 Few-Shot Gaussian Splatting
3DGS [14, 20, 29, 40] represents 3D scenes usingGaussian primitives
derived from training images, enabling efficient and high-quality
rendering from novel viewpoints. However, its performance drops
significantly in few-shot settings, where reconstructing unobserved
or occluded regions becomes difficult. This limitation has led to
growing interest in adapting 3DGS to sparse-view scenarios. An
early approach is DNGaussian [17], which reduces dependence on
SfM by initializing with randomly placed Gaussians. It introduces
hard and soft depth regularization—selectively freezing or adjust-
ing opacity based on depth—and global-local depth normalization
to align depth distributions across views, improving stability and
accuracy with limited data. Building on synthetic augmentation,
FSGS [43] generates pseudo views—intermediate viewpoints syn-
thesized between inputs. Although these views lack ground truth,
FSGS enforces depth consistency between predicted and rendered
depths. It also uses mesh subdivision and CUDA-based rasterization
to place Gaussians in geometrically meaningful regions, improv-
ing coverage and visual quality. This method performs well across
various few-shot benchmarks. Maintaining color consistency re-
mains challenging in sparse settings. CoR-GS [41] tackles this with
color co-regularization between pseudo view pairs rendered from
separate Gaussian sets. It also introduces co-pruning to remove
redundant or inconsistent Gaussians, improving both efficiency
and fidelity. These strategies yield stable reconstructions even in se-
verely under-constrained conditions. More recently, CoMapGS [10]
enhances few-shot performance through covisibility map-based
adaptive supervision, balancing learning across well- and under-
observed regions. It further improves initialization using scaling-
aware depth alignment based on monocular depth prediction and
triangulation, enabling denser Gaussian distributions in occluded
areas while maintaining stability with visibility-guided supervision.

In summary, enhancing initialization, enforcing geometric and
photometric consistency, and pruning uninformative elements have
proven effective for few-shot Gaussian splatting. However, prior
methods primarily focus on visible regions, with limited attention
to fully occluded content—an area we aim to address in this work.

2.2 4D Gaussian Splatting
4DGS [8, 16, 18, 33, 36, 38] extends the 3DGS framework by intro-
ducing a temporal dimension, enabling dynamic scene reconstruc-
tion through time-aware modeling of Gaussian attributes. Unlike
earlier NeRF-based methods that regress color and density from spa-
tiotemporal coordinates, 4DGS uses an explicit representation for
faster and more efficient rendering, making it suitable for real-time
applications. Most 4DGS approaches start with a static Gaussian
field and apply temporal deformations to model motion. For exam-
ple, 4DGS [33] employs voxel-plane-based feature encoding and a
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lightweight MLP to predict changes in position, rotation, and scale,
allowing a single set of Gaussians to represent multiple frames. SC-
GS [8]further reduces complexity by modeling motion via sparse
control points, separating appearance from dynamics to improve
efficiency and stability. Spacetime-GS [18] takes a fully explicit ap-
proach, using parametric functions such as polynomials to describe
Gaussian trajectories and opacity over time, reducing parameters
while retaining fine control. Ex4DGS [16]combines static-dynamic
decomposition with keyframe interpolation to lower memory and
computation while preserving quality.

While prior 4DGS works focus on temporal deformation, our
key insight is to draw a parallel between time in 4DGS and occlu-
sion depth in 3DGS. Both deal with information invisible from the
current view—due to either motion or occlusion. In this work, we
reinterpret the 4DGS deformation mechanism to operate across
occlusion layers instead of time, enabling few-shot novel view
synthesis that reconstructs hidden structures behind foreground
objects.

2.3 Amodal Completion
Amodal completion focuses on recovering scene elements that are
not directly visible, offering a key advantage in understanding oc-
cluded structures for 3D reconstruction. Early work began with
amodal segmentation, which extends traditional segmentation by
inferring the full extent of partially visible objects. For example, BC-
Net [13] combines graph-based reasoning with instance-level seg-
mentation to handle both occluders and occludees, improving object
boundary inference under occlusion. While segmentation provides
semantic cues, geometric understanding requires deeper reason-
ing—leading to amodal depth estimation, which predicts occluded
depth from monocular images. Methods like ADE [11, 19] use oc-
clusion masks and dedicated depth networks to reconstruct hidden
geometry, producing denser 3D point clouds from limited views.
More recent approaches explore image inpainting as a practical
form of amodal completion. Diffusion-based pipelines like Inpaint
Anything [39], which integrate segmentation (e.g., SAM [15]) and
generative models (e.g., LAMA [30]), remove foreground occluders
and synthesize plausible background content. However, single-view
methods often suffer from multi-view inconsistency, limiting their
use in 3D reconstruction. To address this, multi-view inpainting
methods such as MVInpainter [4] refine occluded regions across
views while preserving geometric coherence. Yet, these still strug-
gle when reference images lack sufficient background—especially
in few-shot scenarios.

In our work, we adopt an inpainting-based amodal view gener-
ation strategy to provide explicit supervision for occluded areas.
This enables more robust learning of hidden structures from sparse
inputs and significantly enhances the quality of occlusion-aware
3D reconstruction.

3 Amodal Layer Learning for Few-Shot 3D
Gaussian Splatting

3.1 Amodal Layering
Removing a specific object from an image and restoring the back-
ground is a challenging task. Traditional non-learning-based image

inpainting methods rely on surrounding pixel colors and textures
to fill missing regions, but they often fail to preserve global scene
structure. To address this, we generate segmentation-based masks
using SAM [15] to identify occluded regions and apply a diffusion-
based inpainting model, such as Adobe Firefly [1], guided by text
prompts. As illustrated in Fig. 2a, the diffusion model removes
the pixels within the masked regions and synthesizes plausible
background content based on surrounding context. By iteratively
applying this process with segmentation masks targeting different
occlusion depths, we generate a sequence of amodal views, each
corresponding to a different occlusion layer. For example, the orig-
inal input image serves as the modal view, containing all visible
foreground objects. The first amodal layer removes the nearest
occluders to reveal the immediately hidden background, and sub-
sequent layers progressively eliminate deeper occluding objects,
uncovering farther parts of the scene in order of occlusion depth.
This layered decomposition of the scene via amodal completion
enables us to build structured supervision across occlusion depths.
The resulting amodal views are not required as direct inputs, but
instead serve as data augmentation to complement the original
modal views during training. By exposing occluded regions, they
enhance occlusion-aware learning and contribute to more complete
3D scene reconstruction from sparse inputs.

3.2 Learning to See Through with Opacity
Modulation

We reinterpret the deformation network structure of 4DGS—originally
designed to handle temporal changes in dynamic scenes—as a mech-
anism for modeling variations in occlusion depth. While 4DGS dy-
namically updates Gaussian attributes such as position, orientation,
scale, and color over time, our method operates in a static 3DGS
setting and modulates only the opacity 𝛼 of each Gaussian. Specifi-
cally, occluded Gaussians behind foreground objects can be directly
supervised through amodal views by progressively decreasing the
opacity of the foreground Gaussians, allowing the model to access
and learn from hidden structures. This effectively transforms tem-
poral deformation into occlusion-aware spatial reasoning, leading
to more complete scene understanding.

Fig. 2b illustrates the layered structure of Gaussians used to rep-
resent a 3D scene. The camera observes along the 𝑥𝑦 plane, and
the scene is divided into three occlusion layers (𝑙 = 0, 𝑙 = 1, and
𝑙 = 2) based on depth. The blue Gaussians in the front layer (𝑙 = 0)
are fully visible and thus easier to supervise, whereas the orange
(𝑙 = 1) and green (𝑙 = 2) Gaussians are often occluded by foreground
objects and may be only partially observed or completely invisible
from certain viewpoints. As a result, these Gaussians receive lim-
ited supervision and are more difficult to learn. While this example
is shown from a single view direction, in practice, occlusion rela-
tionships vary with the viewing angle, and multi-layer occlusion
structures must be learned across different viewpoints.

Our proposed STO-GS adopts a two-stage training strategy con-
sisting of a coarse stage and a fine stage. The coarse stage uses
only modal input images to train the initial Gaussian attributes,
focusing on unoccluded regions to establish the basic 3D structure.
The fine stage refines the Gaussians learned during the coarse stage
using both the original modal images (𝐼0) and a set of amodal views
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Figure 2: Overview of the proposed STO-GS framework. (a) We generate amodal views by applying segmentation-based masks
and diffusion-based inpainting to the modal input image. (b) The scene is decomposed into occlusion layers (𝑙 = 0, 1, 2), with
blue, orange, and green Gaussians representing different depth layers. (c) An STO-MLP modulates the opacity of each Gaussian
based on its position 𝑃 , viewing direction 𝑑 , and occlusion layer index 𝑙 , enabling the model to progressively reveal hidden
content. Layer-specific rendered images are supervised using the corresponding amodal views, allowing the model to learn
occlusion-aware scene structures across depth.

(𝐼1, 𝐼2, . . .) generated via amodal completion. Fig. 2c illustrates this
process, where the opacity 𝛼 of each Gaussian is modulated de-
pending on its assigned occlusion layer 𝑙 . A lightweight network,
STO-MLP, takes as input the Gaussian’s position 𝑃 , layer index 𝑙 ,
and viewing direction 𝑑 , and predicts an opacity adjustment fac-
tor Δ𝛼 , which is multiplied with the original opacity to yield the
modulated value 𝛼 ′

𝑙
:
𝛼 ′
𝑙
= STO-MLP(𝑃, 𝑙, 𝑑) · 𝛼 (1)

This layer-specific opacity modulation allows the model to reveal
occluded regions by progressively reducing the opacity of fore-
ground Gaussians. Using the modulated opacities, rasterization is
performed to render amodal views corresponding to each occlusion
layer. The final pixel color in each rendered image is computed as:

𝐶𝑙 =

𝑛∑︁
𝑖=1

𝑐𝑖 𝛼
′
𝑖,𝑙

𝑖−1∏
𝑗=1

(
1 − 𝛼 ′

𝑗,𝑙

)
(2)

Here, 𝑛 denotes the number of Gaussians contributing to the pixel,
𝑐𝑖 is the color computed using the Spherical Harmonics (SH) coef-
ficients of the 𝑖-th Gaussian, and 𝛼 ′

𝑖,𝑙
is the modulated opacity for

layer 𝑙 . The rendered image for each occlusion layer is supervised
by its corresponding amodal image through photometric loss.

During training, both modal and amodal views are randomly
sampled from a unified image pool. For modal images (𝑙 = 0), opac-
ity modulation is skipped, and the Gaussian attributes are updated
using the original opacities. In contrast, for amodal views (𝑙 > 0),
STO-MLP is used to modulate opacities per layer, allowing direct
supervision of Gaussians that are occluded in the original inputs.
During inference, opacity modulation is not applied, as occluded
Gaussians have already been sufficiently optimized during training.
All Gaussians are rendered as if they belong to layer 𝑙 = 0, with-
out invoking STO-MLP, enabling fast rendering while maintaining
high-quality occlusion-aware scene reconstruction.

3.3 Occlusion-Layer Guided Extension of
Training Pipelines

To support the STO learning framework described in Section 3.2,
we adopt a two-stage training pipeline that consists of a coarse
initialization stage using only modal images and a fine refinement
stage incorporating amodal views. Building upon this structure,
we further extend the training process through an occlusion-layer
guided strategy, which introduces co-regularization between dual
Gaussian sets and a layer-aware extension of pseudo view sampling.

Inspired by CoR-GS [41], we construct two independent Gauss-
ian primitive sets, 𝜃1 and 𝜃2, both initialized from the same input
images. Each set is trained independently, and for each occlusion
layer 𝑙 , we render the corresponding images 𝐼 ′1

𝑙
and 𝐼 ′2

𝑙
from the

two sets. We then compute a photometric loss between these paired
images to enforce consistency in color and structure across sets.
This dual-set training approach mitigates ambiguity and local min-
ima that may arise when training a single set and, when combined
with the STO learning strategy, significantly improves the stability
and accuracy of occlusion prediction. In this way, the two Gauss-
ian sets serve as regularizers for each other within the multi-layer
supervision framework, leading to more expressive and generaliz-
able scene representations. In addition, we extend the pseudo view
sampling strategy introduced in prior works [41, 43] to operate at
the occlusion-layer level. As defined in (3), camera parameters for
a pseudo view are sampled as:

P′
𝑙
=
(
𝑡 + 𝜖, ;𝑞, ; 𝑙

)
, 𝑙 ∼ U(0, 1, . . . , 𝐿) (3)

where 𝑡 is the camera position of a training image, 𝜖 is random noise
sampled from a normal distribution, and 𝑞 denotes the average rota-
tion between two cameras in quaternion form. By introducing the
occlusion layer index 𝑙 into the sampling process, each pseudo view
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is associated with a specific occlusion layer, allowing the genera-
tion of corresponding amodal views. This formulation extends the
multi-scene learning strategy of CoR-GS [41] into a layer-aware oc-
clusion modeling pipeline, enabling STO-GS to supervise occluded
content more explicitly and effectively.

3.4 Loss Function
Adaptive Amodal Loss Weight. To reflect the different impor-
tance of modal and amodal views during training, we apply a layer-
specific weight 𝜆𝑙 to each rendered view. For the original modal
image (𝐼0), the weight is fixed to 𝜆𝑙 = 1. In contrast, amodal views
(𝐼𝑙 , 𝑙 > 0) start with an initial weight of 0.5, which gradually de-
creases as training progresses. The rate of this decay is controlled
by a hyperparameter 𝑑 , which is set to 3 in our implementation. Let
𝑡𝑜𝑡𝑎𝑙_𝑖𝑡𝑒𝑟𝑠 denote the total number of training iterations, and 𝑖𝑡𝑒𝑟
the current iteration. The value of 𝜆𝑙 is defined as follows:

𝜆𝑙 =


1, if 𝑙 = 0,

max
(
0.01, 0.5 ·

(
1 − iter

total_iters

)𝑑 )
. if 𝑙 > 0.

(4)

Here, 𝜆𝑙 is lower-bounded by 0.01 to prevent vanishing contribu-
tions from amodal views during late training.
Photometric loss.To compute the difference between the rendered
image 𝐼 ′

𝑙
and the GT image 𝐼𝑙 , we employ a photometric loss that

combines L1 loss L1 and structural similarity index (SSIM)-based
loss L𝐷−𝑆𝑆𝐼𝑀 . A weighting factor 𝜆𝑙𝑝 = 0.2 is used to balance the
two terms. The overall photometric loss is defined as (5).

𝐿𝑙
𝑝ℎ𝑜𝑡𝑜

= (1 − 𝜆𝑙𝑝 )L1 (𝐼 ′𝑙 , 𝐼𝑙 ) + 𝜆𝑙𝑝L𝐷−𝑆𝑆𝐼𝑀 (𝐼 ′
𝑙
, 𝐼𝑙 ) (5)

Color Co-Regularization. Using layered sampling pseudo views,
we construct two Gaussian primitive sets, 𝜃1 and 𝜃2, and train
the model to maintain color consistency between the rendered
images 𝐼 ′1

𝑙
and 𝐼 ′2

𝑙
at the same occlusion layer 𝑙 . The corresponding

photometric consistency loss is defined as in (6). Here, 𝐼 ′1
𝑙

and 𝐼 ′2
𝑙

are the images rendered from 𝜃1 and 𝜃2, respectively, at layer 𝑙 . A
weighting factor 𝜆𝑟𝑝 = 0.2 is used to balance the two terms.

R𝑙
𝑝ℎ𝑜𝑡𝑜

= (1 − 𝜆𝑟𝑝 )L1 (𝐼 ′1𝑙 , 𝐼 ′2
𝑙
) + 𝜆𝑟𝑝L𝐷−𝑆𝑆𝐼𝑀 (𝐼 ′1

𝑙
, 𝐼 ′2
𝑙
) (6)

Total Loss. The Total loss function is defined as the sum of the two
loss terms described above, weighted by the adaptive factor 𝜆𝑙 for
each layer 𝑙 .

L𝑡𝑜𝑡𝑎𝑙 = 𝜆𝑙

(
L𝑙
𝑝ℎ𝑜𝑡𝑜

+ R𝑙
𝑝ℎ𝑜𝑡𝑜

)
(7)

4 Experiments
4.1 Experimental Settings
We compare our STO-GS with prior few-shot Gaussian Splatting
methods—FSGS [43], CoR-GS [41], and CoMapGS [10]—under the
same experimental settings as reported in their original publica-
tions. The performance is evaluated both quantitatively, using peak
signal-to-noise ratio (PSNR), SSIM [31], and learned perceptual im-
age patch similarity (LPIPS) [42], and qualitatively through visual
comparison. We conduct experiments on three publicly available
datasets: LLFF [21], Shiny [32], and Mip-NeRF360 [3], each with dis-
tinct viewpoint configurations and occlusion characteristics. Mip-
NeRF360 is a 360-degree panoramic dataset that allows scenes to

be observed from all directions. However, when the number of
training views is limited, structures or regions outside the visible
range remain unobserved due to occlusion, making reconstruction
particularly difficult in sparse-view settings. To evaluate this, we
conducted experiments using 12 and 24 training views at both 1/4
and 1/8 resolution levels. In contrast, LLFF and Shiny follow a
forward-facing configuration, where the field of view is restricted
and observations are centered around the main object. This setup
results in less overlap between views and presents challenges in
reconstructing background regions occluded by foreground objects.
For both datasets, we use only 3 sparse training views and con-
duct experiments at 1/4 and 1/8 resolutions, consistent with the
Mip-NeRF360 setting.

STO-GS is implemented using the PyTorch framework and trained
and evaluated on an NVIDIA RTX A6000 GPU. We use the same
initial point cloud as in previous works, and the training process
is divided into two stages: coarse and fine. The coarse stage is
conducted for 3,000 iterations equally across all datasets. The fine
stage uses different numbers of iterations depending on the dataset:
10,000 iterations for LLFF and Shiny, and 30,000 iterations for Mip-
NeRF360.

4.2 Quantitative Results
Mip-NeRF360. Table 1 presents the quantitative results on the Mip-
NeRF360 dataset. Compared to CoR-GS [41], the proposed STO-GS
achieves improvements of approximately 0.48 dB and 0.51 dB in
PSNR for the 12-view setting at 1/4 and 1/8 resolutions, respectively.
For the 24-view setting, STO-GS yields gains of 0.21 dB and 0.31 dB
at the corresponding resolutions. In comparison to CoMapGS [10]
under the 12-view, 1/4 resolution setting, STO-GS shows an im-
provement of approximately 0.03 dB in PSNR and 0.02 in SSIM.
Across all experimental settings, STO-GS consistently achieves the
best performance in both PSNR and SSIM. Also, STO-GS achieves
the lowest LPIPS scores across all settings, with the exception of
the 12-view, 1/4 resolution case, where CoMapGS [10] performs
slightly better. Mip-NeRF360, being a 360-degree panoramic dataset,
is particularly susceptible to occlusion-induced information loss
in sparse-view settings, which significantly affects reconstruction
quality. STO-GS addresses this challenge by generating amodal
views and applying opacity modulation, allowing the model to
infer and learn from occluded scene content. As a result, it substan-
tially enhances the reconstruction quality, especially for occluded
or non-central regions.
LLFF. Table 2 presents the evaluation on the LLFF dataset. Although
LLFF consists of forward-facing scenes that are relatively less af-
fected by occlusion, its sparse view configuration frequently causes
unobserved regions—particularly behind foreground objects—due
to limited camera coverage. In these scenarios, STO-GS improves
reconstruction by generating amodal views to reveal occluded struc-
tures and applying opacity modulation for layered learning. While
CoMapGS [10] achieves higher accuracy under certain LLFF set-
tings through covisibility map-based adaptive supervision and point
cloud initialization, it requires complex preprocessing and supervi-
sion. In contrast, STO-GS attains competitive performance using a
simpler and more intuitive strategy based on amodal layering and
opacity modulation.
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Table 1: Quantitative results on the Mip-NeRF360 dataset under 12 and 24 training views at 1/4 and 1/8 resolutions. STO-GS
achieves the best performance across most metrics, outperforming previous methods in both PSNR and SSIM. LPIPS scores also
demonstrate improved perceptual quality, particularly in sparse-view settings. The best results are highlighted in bold, and
second-best results are underlined.

Methods
1/4 Resolution 1/8 Resolution

12 views 24 views 12 views 24 views

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

3DGS[14] 18.52 0.523 0.415 22.80 0.708 0.276 18.77 0.531 0.408 19.93 0.588 0.401
FSGS[43] 18.83 0.559 0.418 23.37 0.734 0.266 19.03 0.554 0.372 23.85 0.762 0.216
CoR-GS[41] 19.23 0.577 0.414 23.29 0.731 0.263 19.28 0.571 0.382 23.77 0.756 0.215
CoMapGS[10] 19.68 0.591 0.394 23.46 0.734 0.264 - - - - - -
Ours 19.71 0.593 0.411 23.50 0.766 0.262 19.79 0.581 0.371 24.08 0.763 0.213

Table 2: Quantitative results on the LLFF dataset with 3 train-
ing views at 1/4 and 1/8 resolutions. STO-GS shows strong
overall performance across all metrics, while CoMapGS
slightly outperforms in some 1/8 cases.

Methods 1/4 Resolution 1/8 Resolution

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

3DGS[14] 16.94 0.488 0.402 19.22 0.649 0.229
FSGS[43] 19.88 0.612 0.340 20.43 0.682 0.248
CoR-GS[41] 19.74 0.676 0.268 20.45 0.712 0.196
CoMapGS[10] - - - 21.10 0.747 0.182
Ours 20.02 0.680 0.264 20.78 0.741 0.190

Table 3: Quantitative results on the Shiny dataset with 3 train-
ing views at 1/4 and 1/8 resolutions. STO-GS achieves the best
performance across all metrics, showing robust reconstruc-
tion even in scenes with reflective surfaces.

Methods 1/4 Resolution 1/8 Resolution

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

3DGS[14] 15.73 0.497 0.328 17.83 0.547 0.385
FSGS[43] 18.40 0.551 0.317 19.85 0.653 0.217
CoR-GS[41] 18.80 0.569 0.311 20.20 0.662 0.223
Ours 19.23 0.576 0.309 20.51 0.683 0.210

Shiny. Table 3 reports results on the Shiny dataset, which, like
LLFF, follows a forward-facing configuration and contains relatively
fewer occlusions across the entire scene. However, in sparse-view
settings, parts of the scene remain outside the field of view, which
still negatively impacts reconstruction performance. The proposed
STO-GS achieves the best performance across all metrics—PSNR,
SSIM, and LPIPS—surpassing existing methods. In particular, at
1/4 resolution, STO-GS achieves 19.23 dB in PSNR, 0.576 in SSIM,
and 0.311 in LPIPS, demonstrating stable and consistent reconstruc-
tion even in low-occlusion scenarios. At 1/8 resolution, STO-GS
achieves 20.51 dB in PSNR, 0.683 in SSIM, and 0.210 in LPIPS, in-
dicating not only accurate structural recovery but also superior
perceptual quality. These results quantitatively demonstrate that
STO-GS is not limited to occlusion-centric improvements, but also
delivers consistent performance across various view configurations
and resolutions, showing strong generalization in forward-facing
sparse-view environments.

4.3 Qualitative Results
Mip-NeRF360. Fig. 3 presents qualitative comparisons of differ-
ent methods on the Mip-NeRF360 dataset. As shown in the first
row, FSGS and CoR-GS produce stable reconstructions in central
regions that are well-covered by training views. However, due to
the 360-degree panoramic nature of the dataset and the sparse-
view setting, many peripheral regions remain unobserved and are
poorly reconstructed, especially under occlusion. In contrast, the
proposed STO-GS demonstrates better detail and consistency in
peripheral areas that are often missed by previous methods. In the
third row (kitchen scene), FSGS [43] reconstructs the central re-
gion reasonably well but fails to capture the texture and structure
of background elements. CoR-GS [41] improves color consistency
through pseudo view-based co-regularization but still suffers from
distortion and incomplete geometry. Our STO-GS, by leveraging
amodal view augmentation to supervise occluded regions, success-
fully recovers structural information behind foreground objects. As
a result, details such as wall textures and object boundaries in the
background are more accurately and consistently reconstructed.
These results visually demonstrate that STO-GS not only improves
consistency but also enables the model to infer and recover struc-
tures in occluded regions more effectively than prior approaches.
LLFF. The LLFF dataset, composed of forward-facing scenes, con-
tains relatively fewer occluded regions compared to Mip-NeRF360.
However, in sparse-view settings with limited camera viewpoints,
unobserved areas frequently occur, making occlusion recovery still
a challenging problem. As shown in Fig. 4, the proposed STO-GS
achieves higher structural accuracy and visual consistency even in
regions that previous methods failed to reconstruct.
Shiny. The Shiny dataset, like LLFF, consists of forward-facing
scenes but presents additional challenges due to the presence of
reflective materials such as glass and metal. In particular, the Sea-
soning scene in Fig. 5 contains a combination of specular surfaces
and transparent glass structures, making it prone to distortion not
only in occluded regions but also in surrounding details. STO-GS
addresses these challenges by using amodal views and opacity mod-
ulation to recover hidden structures. As a result, STO-GS improves
fine-grained reconstruction around objects and enhances the re-
covery of background details behind transparent surfaces, leading
to a noticeable improvement in overall visual quality compared to
previous methods.
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Ground Truth FSGS CoR-GS Ours

Figure 3: Qualitative results on the Mip-NeRF360 Bonsai and Kitchen scenes with 24 training views and a downscale factor of 4.
STO-GS shows more accurate reconstruction, especially in occluded non-central regions, with improved color, texture, and
structural consistency.

Ground Truth FSGS CoR-GS Ours

Figure 4: Qualitative results on the Trex and Flower scenes from the LLFF dataset with 3 training views at 1/4 resolution. STO-GS
shows improved color restoration, structural consistency, and detail around occluded regions compared to prior methods.

Layer-Wise Effect of Opacity Modulation. To analyze the effect
of our proposed method, which modulates Gaussian opacity across
occlusion layers, we visualize inference results on the Crest scene
from the Shiny dataset (Fig. 6). Each row corresponds to a different
amodal layer (𝑙 = 0, 1, 2). Fig. 6 shows the inpainted amodal views,

while Fig. 6 presents the inference results using opacity modula-
tion to control occlusion-causing Gaussians in each layer. As the
layer index increases, the opacity of the corresponding Gaussians
decreases, revealing previously hidden structures and background
regions. This demonstrates that our opacity modulation strategy
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Ground Truth FSGS CoR-GS Ours

Figure 5: Qualitative results on the Seasoning scene from the Shiny dataset with 3 training views at 1/4 resolution. STO-GS
outperforms prior methods in color restoration, structural consistency, and detail around occluded regions.

Figure 6: Layer-wise results on the Crest scene from the Shiny
dataset. Each column shows an amodal layer; the first row
displays generated amodal views, and the second shows in-
ference results on a validation view.

effectively disentangles occluded Gaussians and enables learning of
the hidden space. The differences across layers are also reflected in
the validation view, indicating successful generalization of amodal
space across varying occlusion levels. Overall, this experiment con-
firms that STO-GS can effectively recover occluded regions through
layer-aware structural learning.

4.4 Ablation Study
To evaluate the effectiveness of the core components in the pro-
posed STO-GS framework, we conduct an ablation study using the
Mip-NeRF360 dataset at 1/8 resolution. The opacity modulation
introduced in Section 3.2 is used as a default component across
all experiments. Table 4 compares the impact of two-stage train-
ing and layer-aware sampling. The baseline model, which removes
both components, shows the lowest performance across all met-
rics. Incorporating two-stage training improves convergence and
performance by enabling more stable initialization of Gaussians.
Similarly, applying layer-aware sampling alone facilitates occlusion-
aware learning and yields performance gains. The best results are
achieved when both components are combined, demonstrating
their complementary effects. Table 5 presents the results of varying
the weighting strategy 𝜆𝑙 used for amodal loss. When using fixed

Two-stage
Training

Layer-aware
Sampling PSNR ↑ SSIM ↑ LPIPS ↓

– – 19.61 0.569 0.376
✓ – 19.71 0.578 0.373
– ✓ 19.62 0.569 0.374
✓ ✓ 19.75 0.579 0.372

Table 4: The effect of two-stage training and layer-aware
pseudo view sampling.

Amodal Loss Weight 𝜆𝑙 PSNR ↑ SSIM ↑ LPIPS ↓

0.01 19.75 0.578 0.372
0.50 19.77 0.579 0.373

adaptive 19.79 0.581 0.371

Table 5: The effect of adaptive amodal loss weight 𝜆𝑙 .

weights, the supervision on occluded regions can become either
too weak or too strong, leading to unstable training. In contrast, the
adaptive weighting strategy gradually reduces the contribution of
higher-layer losses as training progresses, which improves general-
ization to occluded areas. As a result, the adaptive setting achieves
the most balanced performance across all metrics.

5 Conclusion
We introduced STO-GS, a novel framework for few-shot 3D Gauss-
ian Splatting that enables occlusion-aware reconstruction through
layered amodal supervision. By leveraging amodal view generation
and opacity modulation across occlusion layers, our method effec-
tively learns hidden structures behind foreground objects. Extensive
experiments demonstrate that STO-GS consistently outperforms ex-
isting methods in both visual quality and structural completeness,
especially under sparse-view and occluded scenarios. However,
STO-GS relies on segmentation-based diffusion inpainting to gen-
erate amodal views, which can struggle when foreground objects
are extremely large. In such cases, background regions may not be
plausibly completed, limiting the effectiveness of occlusion recov-
ery. Future work may explore correction mechanisms or alternative
inpainting strategies that are more robust to object size and scene
complexity.
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