Point2GS: Generalized Plug-and-Play 3D Gaussian Splatting
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Figure 1. Point2GS is a generalized plug-and-play feed-forward 3D Gaussian splatting model. It uses point clouds as an intermediate
representation to build the mapping between 3D points and Gaussian primitives. The model can be seamlessly applied after any point
prediction model or scanned point cloud, eliminating the need for joint training. With training on only two datasets, our method achieves
good performance on both object and scene reconstruction and shows strong generalization on out-of-domain data.

Abstract

Reconstructing 3D scenes has long been a challenging
task and has witnessed great improvements recently, espe-
cially in an uncalibrated pose-free setting. Most existing
models rely on one additional Gaussian prediction head,
Jjointly trained with the large pointmap prediction network,
leading to point overlap and limited flexibility. In this pa-
per, we introduce Point2GS, an innovative approach for 3D
Gaussian reconstruction that can be flexibly used with vari-
ous point inputs, whether from uncalibrated RGB images or
scanned points. By integrating both rich RGB appearance
features from multi-view images and geometry informa-
tion from point clouds, Point2GS efficiently predicts the 3D
Gaussian parameters for reconstruction. Trained on only
two public datasets CO3Dv2 and ScanNet++, Point2GS ex-
hibits strong generalization capabilities across both object-
centric and scene-level reconstruction, enabling zero-shot
inference on new datasets and user-provided sequential im-
ages. The model demonstrates robust, flexible and versatile
reconstruction performance across diverse scenarios.

1. Introduction

With the advent of 3D Gaussian Splatting (3DGS), 3D re-
construction has been revolutionized by efficient, fast learn-
ing and differentiable rasterization. This approach elimi-
nates the expensive volumetric sampling required by previ-
ous methods like NeRF [21, 26, 61], yet still achieves high-
quality reconstruction and synthesis results. However, the
conventional 3DGS framework [12, 17, 57] remains lim-
ited by its reliance on per-scene optimization, which hinders
its applicability in real-time and casual settings. Addition-
ally, it requires supervision from hundreds of input views
along with precise annotations, such as camera poses and
intrinsic matrices for rendering, which are usually obtained
from undifferentiable Structure-from-Motion (SfM) solvers
[15, 33, 39], significantly increasing data collection over-
head.

These limitations have driven recent advancements in
generalized Gaussian Splatting models for sparse-view re-
construction [2, 5, 7, 16, 36, 64] and differentiable geom-
etry prediction networks using uncalibrated data [20, 24,
45, 48, 53, 54, 58]. Some generalizable 3D reconstruc-
tion approaches[2, 7] leverage feed-forward networks with



inter-view interaction modules such as full cross-attention
or epipolar attention, to achieve photorealistic results with-
out per-scene optimization. However, these methods still
require accurate camera poses and fixed length of input
views, limiting their usage in real-world scenarios. To ad-
dress this problem, more recent approaches [5, 16, 36, 64]
have emerged to integrate pose estimation, depth estima-
tion, and 3D reconstruction into a unified framework, rep-
resenting a significant step forward. However, they often
suffer from fixed input length constraints and generally re-
quire joint training of introduced Gaussian head layers and
pointmap prediction backbone, leading to pixel redundancy
in overlapping areas among images and reduced flexibility
in Gaussian parameter prediction.

To address these challenges, we introduce Point2GS, a
generalizable, plug-and-play 3D reconstruction model that
predicts 3D Gaussian parameters using point cloud as an
intermediate input representation. Unlike prior approaches
that rely on joint optimization with depth or pose estima-
tion on pixel space (each pixel is regressed to one Gaussian
primitive), Point2GS establishes a robust mapping from
point cloud to Gaussian primitives. We propose two novel
modules:

* Hybrid geometric-appearance feature. Point2GS rep-
resents each 3D point by leveraging global geometry fea-
tures extracted from a module akin to Point-BERT [62],
along with rich RGB appearance features from DI-
NOv2 [29]

* Point densification strategy. To address potential spar-
sity problem during inference, we sample new points
within the voxelized space of input point cloud with an
adaptive feature sampling method to efficiently extract
features for new points without introducing much com-
putation overhead.

With these indispensable modules, Point2GS is flexible
to handle various point cloud sources and image length,
ranging from learning-based sparse-view SfM [52] to di-
verse pixel-wise geometry prediction methods [20, 53, 54]
without requiring additional training. Since the model is
not specifically designed like previous methods, it can be
seamlessly plugged-and-played. We trained the model on
only two public datasets [3 1, 60] for both object-centric and
scene-scale reconstruction. Point2GS demonstrates strong
generalization abilities. Notably, it can reconstruct 3D
scenes in a zero-shot manner for unseen and in-the-wild
scenarios, including phone-captured and web-downloaded
image sequences.

We comprehensively evaluate Point2GS across multiple
key aspects. Our contributions are as follows:

* We propose Point2GS, a novel method for 3D recon-
struction which decouples Gaussian reconstruction from
point cloud generation. By using point clouds as an inter-

mediate representation, Point2GS supports flexible frame
length and various input point types

* We demonstrate superior results in both object-centric
and scene-level reconstruction with training on only two
datasets, which is data-efficient.

* We show that Point2GS generalized effectively across
domains, achieving zero-shot performance on real-world
datasets.

2. Related Works

Multi-View stereo. Traditional multi-view stereo recon-
struction follows a four-step pipeline: keypoint detection
and trajectory prediction [1, 10, 25, 33]; camera parameter
estimation [46, 47, 49], point triangulation [15], and bundle
adjustment refinement [44, 55]. With the emergence of deep
learning, recent approaches [13, 51, 59] integrate depth pre-
diction and camera pose estimation into neural networks.
While some methods [46, 50, 55] maintain the traditional
four steps, recent innovations [20, 24, 45, 48, 53, 54, 58] di-
rectly predict point maps from uncalibrated stereo images.
For instance, DUSt3R [54] leverages large-scale datasets
and a Transformer-based network to infer 3D point posi-
tions from RGB image pairs. Its successor, MASt3R [20],
enhances DUSt3R with a dense local feature head and an
additional matching loss for improved point accuracy.

3D Reconstruction and Novel View Synthesis. Various
scene representations [3, 11, 34, 40] enable 3D reconstruc-
tion and photorealistic novel view synthesis from multi-
view RGB images. Early neural fields [27, 34] encoded
3D scenes in latent codes, restricting reconstruction to sin-
gle objects. Subsequent works [14, 22] mapped pixel space
to radiance fields, extending to unbounded scenes. Alter-
native light field representations [9, 35, 41], improved ren-
dering speed at the cost of flexibility. Recently, 3D Gaus-
sian Splatting [17] introduced explicit 3D Gaussian primi-
tives with differentiable rasterization, significantly enhanc-
ing both training and rendering efficiency.

Generalized Gaussian Splatting. While 3DGS offers ad-
vantages over NeRF-based methods, it still requires per-
scene optimization with hundreds of views and precom-
puted camera poses. Additionally, 3DGS depends on a
coarse point cloud for Gaussian initialization, making it less
suitable for in-the-wild scenarios with sparse views and un-
known camera poses [3, 28]. These limitations have driven
research into generalized Gaussian Splatting [2, 4, 6, 7, 63].

Splatter Image [43] predicts Gaussian parameters from
a single image using a U-Net but is limited to object recon-
struction. While subsequent works [42] attempt to general-
ize to scene-level tasks, they remain constrained by sparse
single-image inputs. More recent methods like pixelSplat
[2] and MVSplat [7] improve on this by regressing Gaus-
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sian parameters from dual-view inputs, extendable to mul-
tiple views. These models rely on cross-attention or cost-
volume techniques to predict depth maps, which are then
unprojected to determine Gaussian positions. However,
their computational cost and reliance on camera poses for
depth estimation limit their scalability and applicability in
unconstrained environments.

Most closely aligned with our setting is Splatt3r [36],
which operates solely on uncalibrated RGB images during
inference. Built upon a pointmap prediction network [20],
Splatt3r incorporates an additional head for Gaussian pa-
rameter prediction, enabling seamless application in uncon-
strained environments. However, its architecture is specif-
ically designed for dual-view inputs, making its extension
to multiple views non-trivial. In contrast, our proposed
Point2GS accommodates arbitrary numbers of input views
and sequence lengths while maintaining the advantage of
requiring only uncalibrated RGB images during inference.

3. Method

Given a raw RGB image sequence, our goal is to recon-
struct the scene and synthesize novel views using 3D Gaus-
sian parameters as the underlying representation. Unlike
previous methods that directly create a 1-1 mapping be-
tween 2D pixel space to Gaussian primitives, often re-
sulting in redundant and overlapping points in 3D space,
Point2GS introduces a novel structured, feed-forward ap-
proach that operates directly in the 3D point domain. To

Figure 2. Model architecture of Point2GS. Point2GS learns the mapping between the point cloud and Gaussian parameters. It leverages
geometric features extracted from the point cloud using a Point-BERT akin module and rich multi-view RGB features from pretrained

DINOV2. To deal with the sparsity problem, we propose a point densification strategy with adaptive feature sampling in voxelized point
space. The new sampled features are then used to predict the Gaussian parameters

achieve this, Point2GS extracts structural features from
input point clouds using a geometry-aware encoder akin
to Point-BERT [62]. Simultaneously, a pretrained DI-
NOv2 [29] backbone provides localized rich RGB features
from multi-view images, which are then averaged and lifted
up to 3D points. A point densification strategy together with
feature sampling is leveraged to mitigate the sparsity prob-
lem. Then the sampled features are then fused through a
MLP head, which predicts the Gaussian attributes for each
3D point. This design allows for flexible 3D reconstruction
without per-scene optimization or reliance on input point
network.

We first provide a brief overview of 3D Gaussian Splat-
ting in Section 3.1, followed by a detailed explanation of
the Point2GS framework in Section 3.2. Finally, we de-
scribe how point clouds can be obtained using uncalibrated
RGB images in Section 3.3.

3.1. Preliminary

3D Gaussian Splatting (3DGS) [17] represents a scene us-
ing a set of 3D Gaussian primitives, each parameterized by
spatial and appearance attributes. Each Gaussian can be in-
terpreted as an elliptical region centered at a point, emit-
ting radiance across its area. The representation consists
of the following parameters: mean yu € R3, covariance
¥ € R3*3, opacity a € R, rotation quaternion ¢ € R%,
scale s € R? and color S € R3*?, where d is the spherical
harmonics degree. The differentiable rasterization module
enables backpropagation of gradients to these parameters,



making the representation learnable. Conventional 3DGS
relies on per-scene optimization. However, this approach is
prone to local minima, sensitive to point cloud initialization,
and difficult to generalize across diverse scenes. Recent
works [2, 4, 6, 7, 63] introduce feed-forward approaches
that predict Gaussian parameters from sparse input views
using neural networks, which can be formulated as:

(Ma27a>QaSaS):f9(IaA)7 (1)

where [ are input 2D images, and A represent correspond-
ing annotations, such as ground-truth camera poses. While
these feed-forward approaches improve generalization, they
often require a fixed number of input frames or joint tuning
with point or depth prediction network.

In contrast, our method is independent of the input
frames or points by reconstructing the Gaussian from vox-
elized 3D point cloud space, making it a more flexible and
scalable pipeline.

3.2. Point2GS Model

Point2GS predicts 3D Gaussian parameters directly from
point cloud representation, integrating both geometric and
visual cues:

(M7E,Oé,q78,s>:f9(P,I), (2)

where P € RN*3 represents the input point cloud and
I € RV3XHXW denotes the set of multi-view context im-
ages providing additional visual information. The model
architecture illustrated in Figure 2 consists of several key
components: geometry feature extraction, RGB visual fea-
ture extraction, point densification and feature sampling,
and Gaussian parameter prediction, which we detail below.
Geometry feature extraction Unlike previous approaches
that rely solely on RGB features to predict Gaussian pa-
rameters, Point2GS incorporates explicit geometric infor-
mation. Given an input point cloud, we extract struc-
tural features using a Geometry Encoder inspired by Point-
BERT [62]. The encoder processes the point cloud hi-
erarchically. First, farthest point sampling (FPS) selects
a subset of key points p; C P, = 1...m to ensure
uniform coverage. For each key point p;, we gather its
k-nearest neighbors (kNN) to form a local group G; =
{pi, pi1, Pi2, - - -, Pir.}. Each local group is then processed
using a module similar to PointNet++ [30]:

FG<pl) = ge(Gl) = max (he(plj)) y Pi; € Gi7 3

where hy is a nonlinear function, and max-pooling aggre-
gates them into geometry feature F;. Finally, the structural
features of the entire point cloud are obtained by concate-
nating all processed group 3D features.

RGB visual feature extraction Apart from the geometry
features, we extract rich visual features from multi-view
context images using a pretrained DINOv2 model [29].

During training, ground-truth or predicted camera poses are
used to project each key point p; onto the multi-view im-
ages. The projected pixels are used to guide feature extrac-
tion:

1 v
Fy(pi) = > DI, m(pi), 4)
j=1

where D(I;,m;(p;)) extracts the DINOv2 feature of point
p; from image I;. The features are averaged across all
context views. The final per-point feature is represented
by concatenating geometry and visual features F'(p;) =
[Fa(pi), Fv(pi)]

Point densification and feature sampling A potential
challenge introduced by point-based Gaussian prediction
is handling sparsity, especially at inference. Sparse points
make it difficult to reconstruct continuous surfaces, result-
ing in holes in the rendered scene. Additionally, opera-
tions such as FPS, kNN, and projection become inefficient
if directly sampling new points. To mitigate these issues,
we introduce a voxel-based densification strategy. We first
partition the 3D space into voxel grids and sample addi-
tional points within each occupied voxel. Once additional
points are introduced, we propagate features from the origi-
nal point cloud F'(p;) using an attention-based interpolation
mechanism.

Fp') = sz‘F(pi%

w = Attention(Q(F, ),K (F(p), V(F(p)),

®)

where F), is learnable preset features for new point query
and F(p’) is the aggregated feature . In real implementa-
tion, pairwise Euclidean distance is also modulated into the
attention condition.

Gaussian parameter prediction With the aggregated fea-
tures, the final step is to predict the 3D Gaussian parame-
ters. A series of MLP layers map each point feature to its
corresponding Gaussian attributes:

(Op, %, 04,5, 8) = fo(P, 1) = for (F('),  (6)

Instead of directly predicting the Gaussian centers, we
model them as offsets from the input point positions. The
predicted Gaussians are then used for rendering novel
views, with supervision from the ground-truth images.

3.3. Point Cloud from Uncalibrated RGB Images

During training, we leverage scans provided in the dataset
or lifted points from ground-truth depth maps to obtain
high-quality point clouds. However, at inference, such data
is generally unavailable. To address this, we leverage pre-
trained geometry prediction models such as VGGSIM [52]
or DUSt3R and succeeding works [20, 54] to provide in-
puts. Since these models are learning-based and annotation-
free, they can be seamlessly used into our model. Although
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Figure 3. Overview of the pipeline using uncalibrated RGB
images. During inference, the point cloud can be obtained from
the learning-based structure-from-motion model [52] or point map
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used as inputs to Point2GS for reconstruction. Benefit from the
decoupling of Gaussian prediction from points, the model can be
seamlessly integrated with any succeeding point prediction maps
without joint training.
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our model is trained using scanned or depth-lifted points, it
effectively transfers to the reconstructed point clouds dur-
ing inference, allowing for flexible integration and scalable
generalization to out-of-domain data thanks to the decou-
pling of point and Gaussian prediction in Point2GS. More
visual results are shown in Figure 5.

4. Experiment

In this section, we provide details on our implementation for
both training and inference. We evaluate our model through
qualitative and quantitative comparisons against baseline
methods, and further demonstrate its zero-shot generaliza-
tion on unseen datasets and user-provided images.

4.1. Implementation Details

Training details The training process for Point2GS is di-
vided into two phases. In phase 1, we pretrain the model on
CO3D-v2 [31], an object dataset that provides point clouds
derived from traditional structure-from-motion methods.
This phase helps the model develop a strong initialization
for scene reconstruction. Notably, even after training solely
on objects, Point2GS already demonstrates reasonable zero-
shot generalization to scene-level reconstruction. In phase
2, the model is further trained on ScanNet++ [60], a large-
scale indoor scene dataset with ground-truth depth maps
and laser-scanned point clouds. Directly using the entire
scene point cloud, however, is impractical due to its large
scale. To address this, we randomly sample RGB frames
from the original sequence and lift corresponding pixels
into 3D space using ground-truth depth information.

A key point is the scale discrepancy between training and
inference conditions, as scene point clouds from ground-
truth scans or depth-based lifting may vary significantly. To

bridge this gap, we normalize the scale during training, en-
suring robustness across different input sources.

For CO3D-v2, we train on 512 x 512 images with a learn-
ing rate of 3.0 x 10~—%. For ScanNet++, images are resized
to 480 x 640, and the learning rate is adjusted to 1.0 x 1074,
We use the Adam optimizer [18] with 1cycle learning rate
policy [38] to anneal the learning rate. The training is su-
pervised with a combination of MSE and LPIPS losses. The
model is trained on 8 A100 GPUs, running for approxi-
mately 100 epochs on CO3D-v2 and 20 epochs on Scan-
Net++.

Inference details During inference, we use DUSt3R [54]
for two-view inputs, VGGSfM [52] and Spann3R [48]
across multiple views to provide point cloud and camera
poses. However, the predicted point cloud often contains
outliers and redundancies, which degrade reconstruction
quality. Outliers disrupt the feature sample process (Eq. 5)
for newly sampled points, leading to abnormal opacity and
scale predictions. Meanwhile, redundant points reduce the
efficiency of input point cloud sampling by FPS, increasing
under-reconstructed regions. To mitigate these issues, we
apply voxel downsampling and statistical outlier removal,
ensuring more stable and accurate reconstructions.
Evaluation metrics We evaluate the reconstruction qual-
ity by using three widely used metrics: PSNR, LPIPS,
and SSIM between ground-truth images and rendered novel
views. PSNR measures pixel-wise differences, quantifying
the overall image fidelity; LPIPS is a deep-learning-based
perceptual similarity metric that computes the perceptual
distance between two images; SSIM evaluates similarity
based on contrast and structure information. These met-
rics are used to compare Point2GS against existing baseline
models.

Baselines We evaluate Point2GS against models that re-
quire no ground-truth annotations during inference. The
most comparable method for scene reconstruction is
Splatt3R [36], which extends MASt3rR [20] with an addi-
tional Gaussian parameter prediction head. We also include
direct point cloud rendering from MASt3rR for comparison
in quantitative evaluation. Both models have been trained
on ScanNet++. For object reconstruction, Point2GS focuses
primarily on the object regions, ignoring background infor-
mation. Since no existing generalized feed-forward Gaus-
sian Splatting models operate without camera poses on ob-
jects, we compare against three prior works based on differ-
ent reconstruction techniques Vid-AE [19], RUST [32], and
FlowCam [37]. These comparisons highlight Point2GS’s
ability to reconstruct scenes directly from 3D point clouds.

4.2. Object Reconstruction

In this section, we present mainly quantitative comparisons
for object reconstruction. We evaluate our model’s perfor-
mance on CO3D-v2 [31] with baseline models, showcas-



CO3D-v2 Hydrant CO3D-10
Method PSNR? SSIMt LPIPS] PSNRt SSIM? LPIPS|
Vid-AE [19] 15.47 - 0.5113 17.78 - 0.5376
RUST [32] 18.81 - 0.6071 19.45 - 0.6046
FlowCam [37] 19.37 - 0.4143 21.14 - 0.3703
Ours 22.29(16.42)  0.88  0.1107(0.1546) 26.93(17.05)  0.93  0.0697(0.1294)

Table 1. Quantitative comparison with previous baseline methods on CO3D-v2. The results are tested on the specific “hydrant”
category and ten other categories from CO3D-v2 testset. Values in the bracelet are average over the mask, values outside are average over

the whole image.

ing its ability to generalize across object instances and cat-
egories.

Quantitative Comparison We compare Point2GS against
existing generalizable object reconstruction methods on
CO3D-v2. To the best of our knowledge, no prior gener-
alized 3D Gaussian Splatting model has been trained for
object reconstruction. Therefore, we benchmark against
three alternative approaches: (1) FlowCam [37], a gener-
alizable neural field network that reconstructs objects with-
out camera poses using pixel-aligned scene flow; (2) Vid-
AE [19], a model that learns 3D representations from cam-
era motion and video observations; and (3) RUST [32], a
method that learns neural scene representations from novel
views without requiring camera poses. We evaluate all
models on the specific “hydrant” category and ten other
categories from the test subset. As previous baselines do
not report SSIM scores, we omit them from our compar-
ison. Since Point2GS primarily reconstructs the object-
centric regions, we apply object masks when computing
evaluation metrics, which will be further explained in Sec-
tion 4.3. To ensure a comprehensive evaluation, we report
both the overall image evaluation score(numbers outside
parentheses) and object-region evaluation score(numbers
inside parentheses). Given that CO3D-v2 images contain
relatively small object-covered area, LPIPS values appear
lower than usual. Our model achieves superior PSNR and
LPIPS scores on full-image evaluations, demonstrating its
effectiveness in reconstructing high-fidelity, object-centric
scenes.

4.3. Scene Reconstruction

Another key application of our method is scene recon-
struction. While achieving high-quality results on in-
distribution data is important, strong generalization to out-
of-distribution (OOD) scenes is crucial for evaluating ro-
bustness. In this section, we evaluate our model’s perfor-
mance on both the training dataset and OOD data, using
two different types of input points for visualization.

ScanNet++ Reconstruction Comparison Table 2 presents
our quantitative results on ScanNet++ dataset. We compare
Point2GS with Splatt3R, which also reconstructs scenes
from uncalibrated RGB images, along with two adapted set-
tings: MASt3R point cloud direct rendering and pixelSplat

(tested with either MASt3R-reconstructed or ground-truth
cameras). Results of these two adapted models were re-
ported in Splatt3R. Following prior evaluations, we use two
input views for fair comparison. To ensure consistency, we
generate a point cloud using Dust3R from two context views
without any joint training and render a novel view in the first
frame’s coordinate system. Sparse-view inputs can lead to
missing novel-view regions, resulting in black areas in re-
constructions. To account for this during fair evaluation, we
apply the loss mask strategy from Splatt3R, where a mask is
computed via frustum culling using ground-truth pose and
depth maps. The PSNR and LPIPS values in brackets rep-
resent scores computed within the masked regions, while
those outside brackets reflect full-image averages.

Overall, Point2GS surpasses other baselines in PSNR
and SSIM, although its LPIPS score is slightly higher, likely
due to blurriness in 3D space. Despite this, our model’s ar-
chitecture enables efficient training and seamless usage with
different point inputs.

Figure 4 provides a visual comparison against baseline
methods. Since a pixelSplat checkpoint trained on Scan-
Net++ is not released, and MASt3R only produces point
maps rather than direct reconstructions, we mainly com-
pare against Splatt3R for visual results. Notably, since our
point cloud initialization relies on Dust3R rather than the
point network weights used in Splatt3R, differences in mask
areas can lead to inconsistencies such as invalid regions
and holes in novel views. From the results, we could see
that our model demonstrates superior handling of invalid
borders, whereas Splatt3R exhibits distortions along the
boundaries between valid Gaussian primitives and empty
regions. Additionally, its pixel-based nature introduces out-
liers, whereas Point2GS produces fewer artifacts, resulting
in more stable reconstructions.

Zero-shot Cross-dataset Reconstruction Since Point2GS
learns a direct mapping from pixels to 3D Gaussian param-
eters, it naturally generalizes to diverse and unseen datasets.
Instead of relying on a fixed global scene distribution, the
model emphasizes local geometric structures, making it
more adaptable to out-of-distribution inputs. To illustrate
this, Figure 5 showcases zero-shot reconstruction results
on three previously unseen datasets. RealEstatelOK [65]
and ScanNet [8] primarily feature indoor scenes, similar
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Figure 4. Novel view synthesis comparison on ScanNet++. We evaluate our model on the ScanNet++ test set and compare the visual
results with Splatt3R. The first row shows input context views, while the subsequent rows present novel view renderings. The last row

displays the ground-truth results

to ScanNet++. ACID consisting of mainly outdoor envi-
ronments, introducing greater distribution shift challenges
due to infinite-depth sky regions (see the last row of Fig-
ure 5). We evaluate novel view synthesis using two types
of point cloud inputs: SfM points and DUSt3R point maps.
Our model seamlessly adapts across datasets, demonstrat-
ing strong generalization ability across domains. More re-
sults are provided in the Supplementary.

To quantitatively evaluate our approach on zero-shot
tasks, we randomly sampled 50 subsequences from the
zero-shot ScanNet dataset, and sample according to the
evaluation file in RealEstate10K for scene reconstruction.
Our results show that Point2GS achieves performance com-
parable to Splatt3R on ScanNet, but generally better perfor-
mance on RealEstate10K. These results confirm that even
without additional training, Point2GS achieves good perfor-
mance, demonstrating strong adaptability across both lim-
ited and in-the-wild datasets.

5. Ablation Study

In this section, we conduct ablation experiments to evalu-
ate different components of our method. Specifically, we
analyze the impact of the point densification, the sample
strategy, and parameter choices.

There are two approaches for densification: one involves
directly sampling points from the provided point clouds,
and the other is our densification module in Point2GS.
We compare the results to highlight the importance of our

ScanNet++
Method PSNR?T SSIM?T LPIPS|
MASIt3R [20] 18.51(12.96)  0.718  0.259 (0.280)
pixelSplat (MASt3R cams) [2] 1596 (10.64)  0.648  0.379 (0.405)
pixelSplat (GT cams) [2] 1592 (10.61)  0.643  0.381 (0.407)
Splatt3R [36] 19.66 (14.38)  0.770  0.229 (0.243)
Ours 21.54 (15.99) 0.818  0.264(0.294)
ScanNet
Method PSNR? SSIM?T LPIPS|
Splatt3R [36] 19.66 (14.49)  0.729  0.217 (0.228)
Ours 19.55(15.99) 0.732  0.410(0.409)

RealEstate10k (small)

Method PSNR1 SSIM 1 LPIPS|
DUSE3R [54] 14.101 0.432 0.468
MAS3R [20] 13.534 0.407 0.494
Splatt3R [36] 14.352 0.475 0.472
Ours 15.112 0.562 0.517

Table 2. Quantitative Comparison with baseline models on
scene reconstruction. Point2GS is tested on ScanNet++ which
has been seen during training, and two zero-shot datasets, Scan-
Net and RealEstate10k to evaluate the fidelity and generalization
ability of our method.

proposed method. In direct sampling, our model con-
verges too slowly, exhibits higher loss, and produces signif-
icantly blurred reconstructions. To further refine our model,
we conduct experiments to determine optimal parameter
choices. For efficient evaluation, we train different model
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Figure 5. Cross-domain novel view synthesis on ScanNet, RealEstate10K and ACID. The model is trained on CO3D-v2 and ScanNet++,
and directly tested on these three datasets in a zero-shot manner without any training. Structure-from-Motion points are sparse while point

maps are relatively dense

PSNR?T SSIM?T LPIPS|
- Point densification 13.33 (7.77) 0.739  0.411 (0.450)
- XYZ offset 21.21 (15.65) 0.811  0.268 (0.298)
+ Spherical Harmonics 19.22 (13.66)  0.787 0.311 (0.35)
- Voxel Resolution (test-time)  20.62 (14.76)  0.807  0.286 (0.333)
- Group number (test-time) 20.31 (14.75)  0.814  0.287 (0.322)
Ours 21.31(15.74) 0.813 0.265(0.295)

Table 3. Ablation Study. The importance of point densification
module and other parameters is investigated to demonstrate the
model design.

variants on a subset of the datasets and test them on 500
ScanNet++ samples. As shown in Table 3, higher voxel
resolution during test-time sampling improves reconstruc-
tion quality, while increasing the number of reference points
enhances the model’s ability to capture fine-grained scene
geometry.

Another key design choice in our model is the sampling
strategy, which includes voxel sampling, adjacent sam-
pling, and uniform sampling. Adjacent sampling prioritizes
nearby voxels to maintain local consistency, while uniform
sampling distributes points across the entire scene, a strat-
egy commonly used in prior methods [23, 56]. However,
as shown in Figure 6, these two approaches lead to blurrier
results. In contrast, voxel sampling preserves finer scene de-
tails and performs better in reconstructions and novel view
synthesis.

Adjacent Voxel

Ground Truth

Uniform

Figure 6. Visual results of different query point sampling methods:
uniform space sampling, adjacent space sampling and our adopted
voxel space sampling.

6. Conclusion

In this paper, we present Point2GS, a generalized plug-
and-play 3D Gaussian Splatting model using point cloud
as intermediate representation, to achieve object and
scene reconstruction. By building the mapping be-
tween 3D point clouds and Gaussian parameters, our
model can be seamlessly generalized to diverse scenarios
and input sources. We show the results on three test
datasets using zero-shot way, which also demonstrates
the potential of Point2GS to in-the-wild applications.
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