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Figure 1. Visual comparisons of open-world free-view synthesis from sparse inputs (12 training views). The previous 3DGS-based
method, Gau-Grouping [50], utilizes sparse SfM points for Gaussian initialization and limited training views for supervision, leading to
inferior rendering results. In contrast, our approach leverages scene-layout-based points for instructive initialization, and cooperates with
semantic-prompt consistency constraints (detailed in Sec. 3.3), yielding superior reconstruction and segmentation results.

Abstract

3D Gaussian Splatting-based indoor open-world free-
view synthesis approaches have shown significant perfor-
mance with dense input images. However, they exhibit poor
performance when confronted with sparse inputs, primar-
ily due to the sparse distribution of Gaussian points and
insufficient view supervision. To relieve these challenges,
we propose SPC-GS, leveraging Scene-layout-based Gaus-
sian Initialization (SGI) and Semantic-Prompt Consistency
(SPC) Regularization for open-world free view synthesis
with sparse inputs. Specifically, SGI provides a dense,
scene-layout-based Gaussian distribution by utilizing view-
changed images generated from the video generation model
and view-constraint Gaussian points densification. Addi-
tionally, SPC mitigates limited view supervision by employ-
ing semantic-prompt-based consistency constraints devel-
oped by SAM2. This approach leverages available seman-
tics from training views, serving as instructive prompts, to
optimize visually overlapping regions in novel views with
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2D and 3D consistency constraints. Extensive experiments
demonstrate the superior performance of SPC-GS across
Replica and ScanNet benchmarks. Notably, our SPC-GS
achieves a 3.06 dB gain in PSNR for reconstruction quality
and a 7.3% improvement in mIoU for open-world semantic
segmentation. Project website at: https://gbliao.
github.io/SPC-GS.github.io.

1. Introduction
3D Gaussian Splatting-based open-world free-view synthe-
sis seeks to construct semantic Gaussian radiance fields us-
ing a set of 3D Gaussian primitives enriched with color
and semantic attributes. This task enables the free novel
view synthesis of both realistic appearances and open-
vocabulary semantic understanding (also referred to as
3D open-vocabulary semantic segmentation) of the scenes,
with significant implications for augmented/virtual reality,
robot navigation, and manipulation [16, 18, 26, 28, 30, 58].
Existing methods [35, 50, 59] generally require dense, large
sets of input views to train the semantic Gaussian radiance
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field for comprehensive scene coverage. However, when
only sparse views are available, these approaches exhibit
substantial declines in reconstruction and segmentation ac-
curacy. This is mainly attributed to two key limitations.

1) Sparsely Distributed Gaussian Points: With sparse
input views, the initialized Gaussian points via Structure-
from-Motion (SfM) in 3DGS [19] are inherently few and
sparsely distributed (Fig. 1 (a1)). Such sparse point distri-
bution imposes challenges in optimizing 3D Gaussians to
depict complex indoor environments, leading to suboptimal
reconstruction quality and, consequently, impaired segmen-
tation accuracy (Fig. 1 (a2)). 2) Insufficient View Con-
straints: Optimizing 3D Gaussian parameters with inad-
equate view supervision often converges to local minima
that overfit training views [25, 60]. This results in semantic
ambiguity and poor performance in under-observed regions
when rendering from novel viewpoints, due to limited reli-
able semantic integration across different views.

To address the above challenges, we propose SPC-GS,
a novel framework that incorporates Scene-layout-based
Gaussian Initialization (SGI) and Semantic-Prompt
Consistency (SPC) regularization.

To seek denser points for improved Gaussian initializa-
tion, SGI produces a structured scene-layout Gaussian dis-
tribution in two steps. First, SGI employs a video gen-
eration model to create view-changed images proximal to
training images. These generated images, combined with
training views, enrich feature matching in SfM, yielding
denser SfM points that promote scene-layout Gaussian gen-
eration. Second, these denser SfM points undergo view-
constraint Gaussian densification and outlier removal to
generate structured scene-layout points. These points pro-
vide an instructive initialization that faithfully captures in-
door scene geometry (e.g. furniture, walls, ceilings), en-
hancing 3DGS training and scene representation, thereby
improving segmentation accuracy (Fig. 1 (b1) and (b2)).

Building on dense scene-layout Gaussian initialization,
SPC enhances supervision through view-to-view seman-
tic consistency constraints. The core of SPC lies in uti-
lizing informative semantics signals from known training
views, serving as semantic prompts, to optimize online-
rendered novel (pseudo) views, establishing pseudo-multi-
view constraints through training-to-pseudo semantic con-
sistency. To achieve it, we utilize the powerful Segment
Anything Model 2 (SAM2) [38] to build region mask corre-
spondences across training and pseudo views. Using these
correspondences, we leverage the semantics prompts pro-
vided by training views to enforce semantic consistency
constraints on the corresponding regions of pseudo views
at 2D and 3D spaces. This approach substantially augments
supervision signals, leading to more coherent segmentation
on novel views under sparse input conditions.

Prior works on 3D open-vocabulary segmentation or

sparse-input free-view synthesis mainly focus on object-
centric or face-forward scenarios, such as LERF [20], and
3DOVS [31], where objects are centrally positioned, and
views are sampled in an “outside-in” manner, resulting in
significant view overlap. In contrast, this study focuses
on sparse-input open-world free-view synthesis within in-
door scenes, particularly relevant for robotics and aug-
mented/virtual reality applications. To this end, we uti-
lize the widely recognized Replica [42] and ScanNet [8]
datasets, which feature representative indoor scenes char-
acterized by an “inside-out” viewing configuration. This
setup leads to less overlap between certain views, posing a
substantial challenge for sparse-input open-world free-view
synthesis. The contributions of this work are as follows:
• We propose SPC-GS, an early and novel attempt at

jointly reconstructing and understanding open-world in-
door scenes from sparse-input images.

• We introduce Scene-layout-based Gaussian Initialization
(SGI) to tackle the challenge of sparsely distributed Gaus-
sians, offering a dense and instructive scene-layout point
initialization that promotes semantic Gaussian learning.

• We present Semantic-Prompt Consistency (SPC) regu-
larization to alleviate inadequate view supervision by
enforcing semantic consistency constraints on unseen
pseudo views through prompts derived from training
views, enhancing coherent segmentation.

• Extensive experiments on sparse-input scenes show the
superiority of our approach in free-view synthesis of re-
alistic appearances and open-vocabulary segmentation.

2. Related Work
Free-view Synthesis via Radiance Fields. In recent years,
radiance field-based free-view synthesis has made remark-
able advancements. A Notable example is the Neural Radi-
ance Field (NeRF) [13, 32], which leverages a coordinate-
based multi-layer perceptron (MLP) to implicitly model 3D
scenes, enabling novel view synthesis via volume rendering
[10]. Another innovative approach is 3D Gaussian Splat-
ting (3DGS) [19, 48], which utilizes a collection of 3D
Gaussians to represent the scene and incorporates a fast tile-
based rasterizer technique, allowing real-time rendering.

Although current methods achieve impressive results in
dense-view scenarios [4, 12, 15, 27, 29, 33, 54], their per-
formance degrades significantly with sparse inputs [17, 60].
Sparse-input Free-view Synthesis. Recent efforts have
tried to address the sparse-input view synthesis and they can
broadly categorized into cross-scene pre-training methods
and per-scene optimization methods.

Pre-training methods learn scene priors by pre-training
on large-scale datasets spanning multiple scenes. For in-
stance, pixelNeRF [52] conditions a NeRF on CNN features
from input images during volume rendering. Similarly, sev-
eral approaches [3, 45] utilize different NeRF conditions
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to facilitate cross-scene pre-training. Inspired by the suc-
cess of 3DGS, recent methods such as pixelSplat [2] and
MVSplat [6] integrate efficient CUDA-based rasterization
with 3D Gaussian representations for pre-training. How-
ever, these works demand substantial training resources and
large-scale datasets.

Per-scene optimization methods aim to rapidly recon-
struct a 3D scene by introducing effective regularizations.
Early NeRF-based methods enhance sparse-input view syn-
thesis through depth-based [34, 44] and frequency range
regularization [49]. Recent 3DGS-based works focus on
improving rendering efficiency. [7] designs depth regu-
larization loss using monocular depth. DNGaussian [25]
and FSGS [60] enhance sparse Gaussian representations
through global-local depth normalization and correlation
depth distribution losses. CoR-GS [56] adopts color co-
regularization loss using rendered pseudo views.

Instead, we focus on enhancing view synthesis and open-
world 3D indoor semantic understanding from sparse inputs
following the per-scene optimization route.
3D Open-world Understanding via Radiance Fields. Re-
cent studies have explored integrating 2D visual founda-
tion models (e.g. DINO [1] and CLIP [24, 37]) with radi-
ance fields to facilitate 3D open-world scene understanding.
These approaches can be broadly divided into NeRF-based
and 3DGS-based methods.

NeRF-based. Early methods [11, 43] distill visual fea-
tures from DINO into semantic radiance fields. More re-
cent language-embedded neural field methods [20, 22] in-
tegrate CLIP’s visual features into semantic fields, enabling
language-driven 3D semantic understanding. Additionally,
3DOVS [31] further improves semantic accuracy through
the proposed Relevancy-Distribution Alignment loss.

3DGS-based. Alternative to NeRFs, recent works ex-
plore embedding CLIP features into 3D Gaussians for more
efficient semantic rendering. Feature 3DGS [59] directly
attaches CLIP embeddings to 3D Gaussians, while FMGS
[61] combines Gaussians with multi-resolution hash encod-
ings to form the semantic Gaussian field. [41] embeds quan-
tized CLIP features into Gaussians to reduce storage de-
mand. Furthermore, LangSplat [35] learns low-dimensional
semantic Gaussian embeddings and uses a deep neural
network for post-process upsampling to obtain semantic
representation. Gau-Grouping [50] introduces a 2D ob-
ject identity loss within training views to optimize Gaus-
sians, while this method requires dense view supervision.
Note that the 3D interactive segmentation methods, such as
[14, 21, 39, 51], lie outside the scope of language-driven
open-world segmentation, as they rely on 2D point prompts
to generate object masks but lack semantic meaning.

While previous approaches rely on dense input images,
our work focuses on GS-based 3D open-world scene under-
standing in sparse-input indoor scenarios.

3. Methodology
Fig. 2 illustrates our framework, which consists of two
primary components. First, Scene-layout-based Gaussian
Initialization (SGI) (Section 3.2) constructs a dense, in-
structive scene-layout Gaussian initialization that improves
Gaussian representation, thus supporting enhanced seman-
tic learning. Then, using the initialized scene-layout Gaus-
sians, Semantic-Prompt Consistency (SPC) Regularization
(Section 3.3) introduces 2D and 3D semantic consistency
constraints, creating effective pseudo-multi-view optimiza-
tion for semantic learning under sparse-input conditions.

3.1. Preliminary
Problem Definition. Our approach aims to leverage sparse
input images to reconstruct 3D indoor scenes and enable
language-driven semantic perception. Concretely, given L
posed sparse input images I = {Ii}Li=1 ∈ RL×H×W×3

and language descriptions, our goal is to generate both re-
alistic appearance and open-world semantic understanding
results for specified novel viewpoints. To achieve this, we
exploit 3D Gaussians [19] for scene representation, and uti-
lize CLIP models [24, 37] to provide semantic supervision.
Preliminary. 3D Gaussian Splatting (3DGS) [19] repre-
sents a 3D scene using a collection of explicit 3D Gaussian
primitives {gi = (pi, ci, oi, si,qi)}NK

i=1, where each primi-
tive comprises a 3D position p ∈ R3, color c ∈ R3, opac-
ity o ∈ R, scaling factor s ∈ R3, and rotation quaternion
q ∈ R4. For pixel color Î(xp) rendering, 3DGS employs
α-blending point-based rendering [23], formulated as:

Î(xp) =
∑
i∈N

Tiαici, (1)

where N represents Gaussian points overlapping pixel xp,
αi = oiG

proj
i with Gproj

i as the i-th Gaussian’s 2D projec-
tion, and transmittance Ti =

∏i−1
j=1(1− αj).

For pixel semantic feature F̂(xp) rendering, following
[35, 59], we attach a learnable semantic parameter fi ∈ RD
to each Gaussian and use the above α-blending:

F̂(xp) =
∑
i∈N

Tiαifi. (2)

Following [31], we use a CLIP text encoder to generate tex-
tual feature T ∈ RM×512 for M classes and obtain rendered
segmentation logits Ŝ as follows: Ŝ = cos⟨ωf (F̂),T⟩,
where cos denotes cosine similarity and ωf is a 1 × 1 con-
volution layer for feature dimension alignment.

We incorporate reconstruction and semantic losses to
train the 3D Gaussians. The color reconstruction loss, de-
noted as LC , follows the formulation in 3DGS [19], and the
semantic loss, LS , is defined as:

LS = Lcos(ωf (F̂),F) + Lce(ωs(Ŝ),S), (3)
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Figure 2. Framework of SPC-GS. (a) We first generate adjacent images of each training image using the video generation model [47].
These generated images, combined with the original training images, produce denser initialized SfM points. These points are then op-
timized to create a scene-layout Gaussian distribution via Gaussian densification and outlier removal. (b) Building on the scene-layout
Gaussian initialization, SPC leverages semantic information from training views as instructive semantic prompts to optimize adjacent ren-
dered pseudo views, establishing semantic consistency constraints that enhance overall sparse-input semantic understanding of 3D scenes.

where F and S are CLIP-derived semantic features and rel-
evancy maps, respectively. ωs is a 1 × 1 convolution layer,
and Lcos and Lce denote cosine and cross-entropy losses.

3.2. Scene-layout-based Gaussian Initialization
We propose Scene-layout-based Gaussian Initialization
(SGI) to produce a dense and conducive point distribution
for initialization with the following insights and designs.
VGM-based Point Creation. In static indoor scenes, view-
point variations correspond to camera movements. Moti-
vated by this, we employ a video generation model (VGM)
to create additional views beyond the sparse training set
through image-to-video generation. These generated views
augment the available scene information and, when com-
bined with the original training views, enrich feature match-
ing during SfM, yielding denser SfM points for generating
scene-layout Gaussians.

Specifically, for each training image Ii, we generate
eight adjacent views {Ĩji }8j=1 using the image-to-video gen-
eration mode of the powerful video generation model Mo-
tionCtrl [47]. This is accomplished by inputting the training
images along with eight standard camera motion trajecto-

ries [47] into MotionCtrl. These trajectories include pan up,
pan down, pan left, pan right, zoom in, zoom out, clockwise
rotation, and anticlockwise rotation. Each trajectory gen-
erates a sequence of consecutive video frames. From each
sequence, we select a single frame temporally adjacent to
the input training image as the valid generated image since
it exhibits superior visual quality. These generated images
are then combined with the original training images for SfM
processing, yielding denser SfM points for Gaussian initial-
ization (see supplementary file). Despite being denser than
SfM points derived from sparse-input training images, these
points remain limited in capturing the geometric layout and
details of indoor scenes.
Scene-layout Point Generation. We further generate
scene-layout point distributions to enhance 3DGS training
and scene representation through the following steps.

i) View-constraints 3D Gaussian Densification. Using
the denser SfM point initialization, we follow Gaussian den-
sification [19] and using our view constraints from Eq. (9)
to generate a more densely distributed, instructive scene-
layout Gaussian point set {gi = (pi, ci, fi, oi, si,qi)}NK′

i=1 ,
as shown in Fig. 2. These denser NK′ points provide an
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improved spatial layout of indoor scenes, and enhanced at-
tribute representations (e.g. ci, fi), making them effective
priors for Gaussian initialization.

ii) Outlier Gaussian Primitive Removal (OGR). During
Gaussian densification, new Gaussian primitives are sam-
pled based on a 3D Gaussian probability distribution, which
may generate outlier primitives positioned far from the ac-
tual scene layout. These outliers, when used in subsequent
initialization, complicate the optimization process. To mit-
igate this, we present a density-based removal strategy to
remove those sparse outlier points. Specifically, Gaussian
primitives with fewer than P neighboring points within a
spherical radius r are periodically eliminated during train-
ing. Empirical experiments show that setting P to 5 and r
to 1 strikes a balance between effective outlier removal and
the preservation of essential scene elements.

By using instructive scene-layout-based points for ini-
tialization, the 3DGS training and scene representation can
be enhanced, consequently improving segmentation perfor-
mance under the sparse-input condition.

3.3. Semantic-Prompt Consistency Regularization
We introduce Semantic-Prompt Consistency (SPC) regular-
ization to exploit additional supervision signals. The key
idea of SPC is to leverage semantics from training views
as prompts, to impose effective semantic consistency con-
straints on corresponding regions of pseudo views.
Region Correspondence Establishment. To establish cor-
respondences between training and pseudo views, we draw
inspiration from the powerful zero-shot temporal region
proposal extraction capability of Segment Anything Model
2 (SAM2) [38] and leverage it to achieve this.

Specifically, we introduce Iterative Stochastic Prompting
(ISP) to efficiently build correspondence. During training,
ISP renders pseudo (unobserved) views using the online
training SPC-GS. The view locations are sampled from the
two nearest known training views by adding random noise
following [60]. Then, ISP treats the current training im-
age and its associated pseudo-views as a viewpoint-changed
video sequence, and selects a stochastic point coordinate in
the training image, as the 2D point prompt for SAM2, gen-
erating corresponding region masks across both the training
and pseudo views, which can be formulated as:

Mi, {M∗
i }Pp=1 = ISP(Ii, {I∗i }Pp=1), (4)

where I∗i is the rendered pseudo image and M∗
i is the cor-

responding region mask within I∗i . P is set to 2 for com-
putational efficiency. As training progress proceeds, the
stochastic sampling mechanism encourages a uniform dis-
tribution of points across the entire image space, facilitating
the efficient region mask correspondence construction for
diverse regions of the whole image, as shown in Fig. 3.

Iteration i Iteration j
Figure 3. Illustration of Iterative Stochastic Prompting (ISP). Dur-
ing training, ISP randomly samples point coordinates (⋆) from the
training view, serving as the point prompt for SAM2 to produce re-
gion masks (highlighted in blue) across training and pseudo views.

Semantic-Prompt for 2D Constrains. Building on the
established region mask correspondences, we enforce effec-
tive constraints within 2D views to enhance Gaussian learn-
ing with sparse inputs.

i) View-to-View Regularization. Leveraging the seman-
tics from training views as prompts, we enforce training-
to-pseudo semantic consistency constraints in feature and
relevancy map aspects, which is formulated as:

Linter =
P∑
p=1

||
F̂∗
p ⊙M∗

p∑
M∗

p

− F̂⊙M∑
M

||2

−
P∑
p=1

R[Φ(Ŝ⊙M)]log(Ŝ∗
p ⊙M∗

p), (5)

where F̂∗ and Ŝ∗ represent the semantic feature and the
relevancy map derived from pseudo views. The function
Φ is the semantic uniformity operation: Φ(Ŝ ⊙ M) =

argmaxc
∑
i∈M 1{argmax(ωs(Ŝi)) = c}, which inte-

grates SAM2’s masks with a maximum voting mechanism
to select the dominant class c within the region mask M,
unifying the region’s semantics and enforcing consistent
region-wise semantic supervision. R[·] denotes the dimen-
sional reshaping operation to align the dimension shape of
the region mask M∗ from the pseudo view. In Linter, we
utilize self-rendered semantic (F̂, Ŝ) from training views,
generated by the trained SPC-GS, rather than 2D CLIP se-
mantics. This is motivated by the superior coherence and
reliability of 3D representations over their 2D counterparts
[55] (see supplementary file for experimental validation).

ii) Contrastive Regularization. Beyond inter-view, we
introduce semantic-guided contrastive learning regulariza-
tion within intra-training-views to further enhance supervi-
sion. This is based on the principle that features of seman-
tically consistent objects should be similar.

Given N feature samples, each sample z is derived from
z = Wψ(F̂), where Wψ is a 1 × 1 convolution transfor-
mation layer. Let i ∈ Uz ≡ {1...N} be the index of a
sample, and Tz(i) ≡ Uz\{i} represents the index set ex-
cluding index i. We designate features with the same ren-
dered semantic label q̃ as positive samples, where q̃ =
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Φ(Ŝ⊙{Mk}ηk=1). Here, the {Mk}ηk=1 denote η masks gen-
erated by SAM2’s automatic mask generator in the entire
image, and Φ is the function that unifies semantics within
each mask. Accordingly, for the i-th sample, positive sam-
ple indexes are defined as: Pz(i) ≡ {p ∈ Tz(i) : q̃p = q̃i},
and negative sample indexes: Tz(i)\Pz(i). Similar to Sim-
CLR [5], we employ contrastive learning loss to maximize
agreement between positive samples. This method brings
Pz-indexed positive samples closer in feature space, impos-
ing effective contrastive constraints on sparse-view Gaus-
sian learning, which can be formulated as:

Lintra = −
∑
i∈Uz

1

Mz(i)

∑
p∈Pz(i)

log

[
e((zi·zp)/τ)∑

j∈Tz(i)
e((zi·zj)/τ)

]
,

(6)
where Mz(i) denotes the number of elements in Pz(i). The
symbol · refers to the inner product operation. τ is the tem-
perature parameter, set to 0.2 in the experiment.

To obtain N samples, we employ a patch-wise sampling
strategy by randomly extracting a patch of size h × w in
each training iteration, where N = h × w. Empirically, h
and w are both set to 128. In summary, the semantic prompt
for 2D constraints can be formulated as:

L2d
SPC = Linter + Lintra. (7)

Semantic-Prompt for 3D Constrains. In addition to 2D
constraints, we extend semantic-prompt to impose effective
3D constraints on 3D Gaussian primitives. Considering that
Gaussian primitives with maximum weight dominate the
rendering results (Eq. (2)), we encourage semantic feature
similarity between the maximally-weighted 3D Gaussians
from two corresponding regions. Specifically, for each pixel
within the region mask, we identify the Gaussian primitive
with maximum weight along the ray cast into 3D space.
Then, the semantic features of these maximally-weighted
Gaussians from training views are used to constrain their
counterparts in pseudo views.

However, since Gaussians related to region boundaries
often span objects with differing semantics, directly ap-
plying the above constraints may complicate optimization.
To mitigate this, we introduce a Region Boundary Ero-
sion technique, which removes ambiguous primitives cor-
responding to region boundaries, which is defined as:

L3d
SPC = Lkl(F||F∗) =

n′∑
j=1

f̄ log(
f̄

f∗j
), (8)

where F denotes the mean feature representation of 3D
Gaussian primitives derived from mask M′ in the training
view, defined as f̄ = (f ⊙ M′)/

∑
M′. Here, M′ refers

to the eroded mask after region boundary erosion, which
is achieved through morphological erosion. Specifically, a

pixel M′(x, y) is retained as “True” only if all pixels within
its 5 × 5 neighborhood in the input original mask M are
“True”; otherwise, it is set to “False”. This operation ef-
fectively shrinks the boundaries of the region, causing them
to contract inward. The set F∗ = {f∗1 , f∗2 , ..., f∗n′} com-
prises n′ Gaussian primitives obtained from eroded masks
{M∗′}Pp=1 in pseudo views.

To summarize, the overall loss is given by:

L = LC + LS + LGS + L3d
S + λ(L2d

SPC + L3d
SPC), (9)

where LGS is the semantic loss for generated images from
video generation model: LGS = Lcos(ωf (F̂g),Fg) +

Lce(ωs(Ŝg),Sg). These generated RGB images are not
used for color constraints due to their error-prone color pix-
els that degrade overall results (see supplementary file). L3d

S

is the 3D local adaptive regularization, which promotes se-
mantic similarity among neighboring Gaussians: L3d

S =
1
θk

∑θ
i=1

∑k
j=1 ωij(||fi−fj ||2), where θ = 800 denotes the

number of Gaussian randomly sampled per iteration, and
k = 5 specifies the number of nearest neighbors for each
sampled Gaussian in 3D space. ωij = exp(−||µi−µj ||2) is
the distance-based weighting coefficient. To prevent early-
stage suboptimal convergence, λ is initialized at 0 and then
increased to 1 after 4k iterations during training.

4. Experiments

4.1. Experimental Setup
Datasets. We conduct experiments on two widely-used
indoor scene datasets in terms of novel view synthesis:
Replica [42] and ScanNet [8], using a sparse-input setting
with only 12 input images for training. Following the stan-
dard sparse-input protocol [25, 60], every 10-th frame from
each sequence is selected for testing, while 12 evenly sam-
pled sparse views from the remaining images are used for
training. These 12 views collectively encompass the en-
tire scene. Notably, the “inside-out” viewing direction and
limited overlap among views in sparse-input indoor scenes
pose significant challenges for free-view synthesis.
Evaluation Metrics. We employ PSNR, SSIM [46], and
LPIPS [57] for evaluating image quality. We report segmen-
tation performance using the mean Intersection-over-Union
(mIoU) and mean pixel accuracy (mAcc).
Implementation Details. We implement our approach us-
ing the official PyTorch 3D Gaussian Splatting [19] on an
NVIDIA A100 GPU. The dimension of the learnable se-
mantic parameter attached to 3D Gaussians is set to 32. We
modify the CUDA kernel to enable parallel differentiable
rasterization of both color and semantic attributes. We em-
ploy CLIP ViT-B/16 [37] for feature extraction and SAM2
Hiera-L [38] for region mask generation. More details are
provided in the supplementary file.
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Figure 4. Visual reconstruction results on novel views. Our approach achieves superior global structure and photo-realistic details.

Method
Replica [42] ScanNet [8]

PSNR ↑ SSIM ↑ LPIPS ↓ mIoU ↑ mAcc ↑ PSNR ↑ SSIM ↑ LPIPS ↓ mIoU ↑ mAcc ↑
3DOVS [31] 13.200 0.515 0.663 3.913 21.439 18.721 0.643 0.544 7.751 36.356

Feature 3DGS [59] 17.059 0.700 0.359 7.407 30.209 18.088 0.656 0.424 7.347 38.002
LangSplat [35] 17.715 0.701 0.420 3.292 18.621 18.780 0.663 0.476 3.339 24.491

Gau-Grouping [50] 17.297 0.691 0.376 15.028 50.422 19.006 0.675 0.421 15.172 57.355
DNGaussian [25] 18.513 0.712 0.402 16.657 54.400 18.392 0.691 0.484 13.912 54.814

FSGS [60] 18.694 0.725 0.328 16.101 53.474 20.574 0.696 0.406 14.031 56.850
CoR-GS [56] 18.955 0.758 0.312 15.933 52.476 20.815 0.721 0.393 14.462 55.812

Ours 22.011 0.792 0.254 23.960 63.262 22.401 0.741 0.368 28.944 68.823
Table 1. Quantitative results of reconstruction and segmentation on novel views on the Replica and ScanNet datasets, using the CLIP [37]
for optimization with 12 training views. Our approach achieves superior performances across all metrics on various datasets.

4.2. Comparison with State-of-the-art Methods
We conduct novel view synthesis comparisons using sparse
input data in indoor scenes, including two types of meth-
ods. i) 3D open-vocabulary segmentation methods, includ-
ing 3DOVS [31], Feature 3DGS [59], LangSplat [35], and
Gau-Grouping [50], are designed for 3D open world seman-
tic understanding. ii) Sparse-input free-view synthesis meth-
ods contain DNGaussian [25], FSGS [60], and CoR-GS
[56], which are designed to learn Gaussian radiance fields
from sparse inputs, focusing primarily on appearance mod-
eling. For concurrent 3D open-world segmentation, we ex-
tend these methods by adding semantic properties to Gaus-
sian and incorporating CLIP-based semantic supervision,
aligning with the semantic settings of our approach. We
adopt consistent evaluations across all methods by employ-
ing the same sparse-input training protocol and test views.
Qualitative Results. i) Reconstruction. As shown in Fig.
4, the results from existing 3D open-vocabulary segmenta-
tion methods exhibit significant artifacts, since these meth-
ods lack sufficient view constraints. Although sparse-view
reconstruction methods introduce geometric constraints for
regularization, they struggle to recover photo-realistic de-
tails. In comparison, our approach incorporates scene-
layout points prior and semantic consistency constraints,
leading to a more detailed appearance.

ii) Open-world Segmentation. In Fig. 5, current methods
struggle to obtain precise and complete results, since they
easily encounter ambiguity arising from insufficient seman-

tic view supervision. In contrast, our method delivers ac-
curate results, benefiting from the SPC regularization that
provides effective consistency constraints.
Quantitative Results. Table 1 shows that, when optimized
using the CLIP model [37], our approach significantly out-
performs existing methods across all metrics on both syn-
thetic and real datasets. Competing methods struggle un-
der sparse input conditions, due to either limited Gaussian
representations or insufficient semantic consistency con-
straints. Notably, LangSplat faces considerable challenges,
as it freezes Gaussian coordinates, scale, and rotation during
semantic parameter optimization, which severely impedes
semantic learning under sparse inputs. Besides, our method
maintains superior results when optimized with CLIP-LSeg
[24] (see supplementary file), validating its generalizability.

4.3. Ablation Studies

Key Components. In Table 2, applying the VGM-based
Point Creation (PC, #1) and Scene-layout Point Generation
(SPG, #2) notably improves reconstruction quality over set-
ting #0, and consequently boosts segmentation results, vali-
dating SGI’s effectiveness in enhancing Gaussian represen-
tation. Adding the full Semantic-Prompt Consistency regu-
larization (SPC, #4) further yields significant segmentation
gains, showing SPC’s capability to address insufficient view
constraints and enhance 3D scene understanding. Fig. 6
also shows that adding SGI can reduce artifacts, and apply-
ing SPC further enhances segmentation results.
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Figure 5. Visual open-world segmentation results on novel views. Our approach yields more accurate and complete results.

Case
SGI SPC Replica [42]

PC SPG 2D 3D PSNR SSIM LPIPS mIoU mAcc

#0 17.134 0.678 0.369 14.899 51.255
#1 ✓ 18.924 0.724 0.334 16.279 52.212
#2 ✓ ✓ 21.176 0.783 0.260 19.401 58.281
#3 ✓ ✓ ✓ 21.814 0.791 0.257 22.849 61.362
#4 ✓ ✓ ✓ ✓ 22.011 0.792 0.254 23.960 63.262

Table 2. Ablation study on key components.

Case Configuration PSNR SSIM LPIPS mIoU mAcc

#a Ours (Full setting) 22.011 0.792 0.254 23.960 63.262
#b w/o View-to-View Regular. 21.683 0.789 0.257 21.244 60.914
#c w/o Contrastive Regular. 21.879 0.792 0.256 22.322 60.086
#d w/o Boundary Erosion 21.950 0.792 0.254 22.964 61.706

Table 3. Ablation results of our SPC with different settings.

Full Settingw/o SPCw/o SGI & w/o SPCGround Truth
Figure 6. Visual ablation comparison of key components.

Components in SPC. In Table 3, removing either the 2D
view-to-view or contrastive regularization (#b, #c), or omit-
ting the region boundary erosion operation in the 3D con-
straint (#d), degrades performance. This validates their
roles in mitigating insufficient supervision and filtering am-
biguous Gaussian primitives spanning different objects.
Robustness. In Table 4, our strategies also achieve signifi-
cant gains even with sparse SfM initialization from limited
training images, validating their robustness.
Initialization. From top to bottom in Fig. 7, we can see that
leveraging denser and more effective points for Gaussian
initialization promotes 3DGS training that enhances scene
representation, leading to improved rendered results.

Case Configuration PSNR SSIM LPIPS mIoU mAcc

#a SfM Points Initialization 17.134 0.678 0.369 14.899 51.255
#b #a + SGI 20.680 0.774 0.270 18.169 56.928
#c #b + SPC 21.589 0.786 0.260 20.766 61.000

Table 4. Results of our strategies using SfM point initialization.
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Figure 7. Visual comparison of different initializations and their
rendering results after optimization with these initializations.

5. Conclusion
This paper presents SPC-GS, a novel approach to ad-
dress the challenges of GS-based indoor open-world free-
view synthesis with sparse views. In SPC-GS, the pro-
posed Scene-layout-based Gaussian Initialization (SGI) ef-
fectively enhances Gaussian representation by providing
an instructive point initialization, consequently promot-
ing semantic learning. Additionally, the Semantic-Prompt
Consistency (SPC) regularization mitigates limited super-
vision by introducing additional view-consistent semantic
constraints, improving coherent segmentation performance.
Experimental results show that our approach significantly
outperforms SOTA methods in reconstruction and 3D open-
world segmentation tasks across synthetic and real-world
datasets with various CLIP models.
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