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Figure 1. Overview of IntstantSplat++. Starting from an unposed image sequence (left), we employ InstantSplat++ to reconstruct the
scene via Gaussian splats (center). A subsequent rasterization process then generates novel view synthesis (NVS), depth maps, and surface

normals (right).

Abstract

Novel View Synthesis (NVS) from sparse inputs often re-
lies on Structure-from-Motion (SfM) to estimate camera pa-
rameters; however, SfM is computationally expensive and
can be unreliable with limited views. While InstantSplat
improves efficiency using point-based representations com-
bined with Multi-View Stereo (MVS), it still depends on
pairwise frame predictions, global alignment, and grid-
based sampling, leading to overparameterization.

We introduce InstantSplat++, a faster and more robust
approach that eliminates pairwise alignment by leveraging
Spann3r to directly predict a point cloud in the first frame’s
coordinate space, accommodating arbitrary input frame
counts. InstantSplat++ replaces grid-based sampling with
a more efficient cumulative masking technique and sup-
ports 2D Gaussian splatting. Consequently, InstantSplat++
achieves significantly accelerated training while maintain-
ing high-quality NVS performance across diverse datasets.

1. Introduction

3D reconstruction from sparse image sets is a fundamen-
tal challenge in computer vision. Traditional methods often

rely on modular pipelines, including Structure-from-Motion
(SfM) for camera pose estimation [13]. However, SfM is
computationally demanding and prone to errors with lim-
ited views, creating significant bottlenecks. Recent methods
such as InstantSplat [3] improve efficiency through Multi-
View Stereo (MVS) and point-based representations, yet
they still require pairwise frame alignment and grid-based
sampling, leading to overparameterization and lengthy op-
timization.

We introduce InstantSplat++, a faster and more scal-
able approach that eliminates pairwise frame predictions
and global alignment. Our method leverages Spann3r [14]
to directly predict a point cloud in the coordinate space of
the first frame, enabling seamless handling of arbitrary in-
put frame counts. Instead of grid-based sampling, we pro-
pose cumulative masking, a novel technique utilizing frus-
tum overlap and depth consistency to efficiently filter re-
dundant points while preserving structural details. Further-
more, our framework supports both 3D Gaussian Splatting
(3D-GS) [8] and 2D Gaussian Splatting (2D-GS) [7], en-
hancing adaptability across neural rendering techniques.

We validate InstantSplat++ through comprehensive
evaluation on the ScanNet++ dataset [17], demonstrating
state-of-the-art efficiency and reconstruction quality.

Our main contributions are:
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Figure 2. Pipeline Overview. Given a sparse set of input images, Spann3r predicts a globally aligned point cloud in a single step,
along with camera intrinsics and poses. Cumulative masking eliminates redundant points based on frustum overlap and depth consistency.
The processed point cloud and camera parameters are then fed into the Gaussian Splatting optimization, producing a high-fidelity 3D

reconstruction.

* Direct point cloud prediction using Spann3r, eliminating
pairwise registration and global alignment.

¢ A novel cumulative masking technique based on frustum
overlap and depth consistency, improving efficiency and
representation quality.

* A unified framework supporting both 2D-GS and 3D-
GS, enhancing adaptability across neural rendering tech-
niques.

» Extensive evaluation on ScanNet++, demonstrating supe-
rior performance in speed and reconstruction accuracy.

2. Related Work

3D Representations and Gaussian Splatting Novel
View Synthesis (NVS) aims to generate unseen views from
sparse images. While NeRF [10] pioneered MLP-based 3D
representations, its training is slow. More efficient point-
based methods, such as 3D Gaussian Splatting (3D-GS),
use differentiable splatting but typically rely on Structure-
from-Motion (SfM) for camera parameters and initial sparse
point clouds. However, SfM is computationally expensive,
error-prone, and struggles in sparse-view scenarios, leading
to degraded reconstruction quality.

InstantSplat improves efficiency by leveraging Multi-
View Stereo (MVS) to generate dense surface points and
jointly optimize scene parameters. However, it still de-
pends on pairwise frame predictions, global alignment, and
grid-based sampling, resulting in redundant Gaussians and
slower optimization.

Sparse-View and Pose-Free NVS NeRF and 3D-GS of-
ten require dense multi-view images and SfM preprocess-
ing, which is computationally expensive and unreliable with
sparse inputs. Some methods, including NeRFmm [16] and
BAREF [9], jointly optimize camera poses, while others (e.g.,
Depth-NeRF [2] and RegNeRF [11]) use depth priors to
regularize geometry. More recent approaches, such as CF-
3DGS [5] and Nope-NeRF [1], attempt pose-free optimiza-
tion but remain slow, often requiring hours per scene.
InstantSplat++ builds upon InstantSplat but eliminates

pairwise frame alignment and global registration. It lever-
ages Spann3r for single-step, structured point cloud predic-
tion in the first frame’s coordinate system. Additionally,
we introduce cumulative masking, which refines scene
representations using frustum overlap and depth consis-
tency, eliminating the need for grid-based heuristics. Un-
like InstantSplat, InstantSplat++ supports both 3D-GS and
2D Gaussian Splatting (2D-GS), enhancing adaptability.
These contributions result in a faster, more scalable, and
more robust approach, significantly reducing training time
while maintaining high-quality reconstructions.

3. Method

Overview InstantSplat++ accelerates point-based scene
representation initialization (both 3D and 2D Gaussians) for
Novel View Synthesis (NVS) from sparse views. We by-
pass the limitations of Structure-from-Motion (SfM) and
InstantSplat’s pairwise processing by leveraging Spann3r
for direct, multi-view point cloud prediction. This is fol-
lowed by a novel cumulative masking technique for effi-
cient point selection and a joint optimization phase.
As shown in Figure 2, our pipeline consists of three key
stages:
1. Direct multi-view initialization: Spann3r-based point
cloud and initial camera parameter estimation (§3.1).
2. Cumulative masking: Point cloud refinement using
frustum overlap and depth consistency (§3.2).
3. Joint optimization: Final optimization of Gaussian and
camera parameters (§3.3).

3.1. Direct Multi-View Initialization

Instead of relying on pairwise stereo matching and global
alignment, we use Spann3r, a multi-view consistent geom-
etry estimation network. As illustrated in Figure 3, while
DUS13R requires local reconstructions followed by global
alignment, Spann3r directly predicts a globally consistent
point cloud P; € R¥*Wx3 in the coordinate frame of the
first input view (/7). This eliminates the scale-ambiguous
pairwise processing and global alignment required by pre-
vious methods.
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Figure 3. Point cloud initialization DUSt3R (left) generates point clouds for each image pair, necessitating a computationally expensive
global alignment step. InstantSplat++ (right) uses Spann3r for direct multi-view point cloud prediction utilizing an internal memory

module.

Figure 4. Cumulative masking. Top: Input images. Bottom:
Corresponding cumulative masks generated by our method. Black
pixels indicate masked regions (points not selected).

Intrinsic Parameter Estimation Given the Spann3r-
predicted point cloud P, where the z-coordinate repre-
sents depth relative to the first camera, we estimate the ini-
tial intrinsic camera parameters. Assuming a shared fo-
cal length f across all views (similar to COLMAP’s [12]
single-camera assumption), we use the Weiszfeld algorithm

W H il ind2y |2
(I) 5Js ,I) 5Js )
= argmin ZZ B A= O
i=1 j=1 1 2
where i’ = i — % and j/ = j — ﬂ are centered pixel

indices.

Initial Pose Estimation For each additional view I,, (n =
2,...,N), we estimate its initial pose T,, = [R,,|t,] rela-
tive to the first view. We use the PnP algorithm [6] within a
RANSAC framework [4]. 2D-3D correspondences are es-
tablished between 2D pixel locations (i, ) in I,, and the
corresponding 3D points in P;.

3.2. Cumulative Masking for Point Cloud Refine-
ment

To address redundancy in dense point clouds, we introduce
cumulative masking, which efficiently selects a represen-
tative subset of points while ensuring coverage across all

views. Unlike grid-based sampling, cumulative masking
considers visibility and depth consistency, reducing redun-
dant points while preserving geometric structure.

Let M,, € {0,1}7*W be a binary mask for view I,
where 1 indicates a selected point and O a discarded point.
1. Initialization: For the first view (n = 1), all points are

initially selected:

MY =1, Vi, j. )

2. Cumulative Masking (for n > 1): For each subsequent
view I,,:
* Projected Points: Project P into the image plane of
I, using T, and f*:

piJ = project(Py7; T, f*), )

where pi/ = (u,v,d) are the projected pixel coordi-
nates and depth.

¢ Frustum Overlap and Depth Check: Each point
(4,7) in I, is selected if its projected coordinates (u, v)
are within bounds and its depth d is within a threshold
74 of the depth predicted by Spann3r.

e Cumulative Mask Update:

1, if (u,v) is within bounds and
1 (LA N 4)
Ik <n: MM =0,

0, otherwise.

3. Final Point Cloud: The refined point cloud Piefineq con-
sists of points in Py for which In : M%7 = 1.

3.3. Joint Optimization

After initialization and refinement, we jointly optimize the
Gaussian parameters (position x, SH coefficients c, opacity
«, rotation g, and scaling s for 3D Gaussians, or position,
color, and opacity for 2D Gaussians) and camera poses T,,.
The optimization minimizes the photometric loss:

G* T*—argmanZHC (G, T) - Cl , (5

vEN i=1
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Figure 5. Visual Comparisons between InstantSplat and InstantSplat++ under 9-view setting. We present the rendering results of
RGB images, depth maps, and normal maps from the Scannet++ dataset.

where G represents the Gaussians (2D or 3D) and T the
camera poses.

4. Evaluation

We evaluate InstantSplat++ on the ScanNet++ dataset [17],
demonstrating its speed and rendering quality compared to
InstantSplat [3]. We also analyze the impact of our cumu-
lative masking technique. Experiments are conducted with
both 2D and 3D Gaussian representations.

4.1. Experimental Setup

Dataset We use five scenes from ScanNet++, each with
two randomly selected sequences. For each sequence, train-
ing sets are sampled with 3, 6, 9, 12, and 15 views. Test
views are sampled at an interval of 3, ensuring approxi-
mately two test views between each pair of training views.
This setup allows us to evaluate performance across varying
levels of sparsity.

Implementation Details For both InstantSplat++ and In-
stantSplat, we initialize the Gaussian parameters (2D or 3D)
as described in their respective methods. All Gaussian op-
timization runs are performed for a fixed 1000 iterations,
using identical hyperparameters and training schedules for
both methods and both Gaussian representations. This en-
sures a fair comparison focused on the impact of initializa-
tion and masking strategies. The Spann3r model used is the
pretrained version provided by the authors.

Metrics We evaluate rendering quality using standard
metrics:
¢ Mean Squared Error (MSE)

* Learned Perceptual
(LPIPS) [18]

¢ Structural Similarity Index Measure (SSIM) [15]

For 2D Gaussian experiments, we additionally report depth

error metrics:

¢ 7 (Threshold Accuracy)

¢ Relative Error (REL ERR)

These depth metrics provide insights into the geometric ac-

curacy of the 2D representations.

Image Patch Similarity

4.2. Quantitative Results

Comparison with InstantSplat Tables | and 2 present
quantitative results for 2D and 3D Gaussian splatting,
comparing InstantSplat++ and InstantSplat across different
numbers of training views.

InstantSplat++ consistently outperforms InstantSplat in
MSE, LPIPS, and SSIM, demonstrating improved render-
ing quality. Furthermore, for 2D Gaussians, InstantSplat++
achieves lower 7 and REL ERR values, indicating better
depth accuracy. These results highlight the effectiveness of
our Spann3r-based initialization and cumulative masking in
providing a better starting point for optimization.

4.3. Ablation Study: Cumulative Masking

To validate our cumulative masking technique, we conduct
an ablation study comparing it against an alternative strat-
egy: no masking (using all points from Spann3r). Table 2
presents the results for both 2D and 3D Gaussians.

While using no masking slightly improves certain met-
rics, it does so at the cost of significantly increased param-
eter count (up to 43% more). Cumulative masking achieves
a better balance between rendering quality and efficiency,
providing comparable or slightly better results while using



Table 1. Quantitative comparison of InstantSplat++ and InstantSplat on ScanNet++ using both 2D and 3D Gaussian Splatting. All models

are trained for 1000 iterations.

Method Views 2D Gaussian Splatting 3D Gaussian Splatting Time (s)
SSIMtT PSNR1 LPIPS| RelErrl 771 SSIMtT PSNR{ LPIPS| Init. | Totall
3 0.99 39.37 0.02 8.60 30.03 0.99 43.09 0.01 2.87 12.00
6 0.96 32.59 0.06 12.23 24.62 0.98 35.15 0.04 4.79 20.00
InstantSplat 9 0.91 27.26 0.14 18.89 14.29 0.95 30.70 0.08 8.61 26.00
12 0.92 29.30 0.12 13.68 27.26 0.94 31.18 0.09 13.50  31.00
15 0.88 27.19 0.19 19.31 19.24 0.91 29.31 0.13 21.12  52.00
3 0.99 43.39 0.01 5.59 53.33 1.00 47.19 0.00 0.78 9.00
6 0.98 39.26 0.02 8.29 43.03 0.99 42.10 0.01 1.15 13.00
InstantSplat++ 9 0.95 33.65 0.07 14.57 33.34 0.98 38.07 0.03 1.56 18.00
12 0.96 34.68 0.07 11.11 48.91 0.98 37.39 0.04 2.09 21.00
15 0.91 31.67 0.15 13.06 46.26 0.95 34.94 0.09 2.15 24.00

Table 2. Ablation study of cumulative masking on ScanNet++. Results are shown for both 2D and 3D Gaussian Splatting, with different
masking strategies. All models are trained for 1000 iterations with 3 views.

Masking Strategy Ratio | ‘ 2D Gaussian Splatting 3D Gaussian Splatting

| SSIM1T PSNRT LPIPS| RelErr] 71 | SSIMt PSNRT LPIPS |
No Mask 1.0000 | 0.9941 43.9267 0.0064 53459  54.0252 | 0.9975 48.2694  0.0035
Only Frustum Overlapping 0.5739 | 0.9912 419371  0.0090 5.1278  56.8799 | 0.9951 44.9604  0.0057
Cumulative Mask (Se-1 Depth Matching) 0.5752 | 0.9912 42.0461  0.0089 53525  55.1854 | 0.9951 45.1350  0.0054
Cumulative Mask (5e-2 Depth Matching)  0.5935 | 0.9915 42.3750  0.0088 5.6609  52.8296 | 0.9954 455554  0.0050
Cumulative Mask (5e-3 Depth Matching)  0.7497 | 0.9929 43.4089  0.0077 5.6639  53.1233 | 0.9967 47.2167  0.0040

substantially fewer parameters. This leads to faster opti-
mization, demonstrating its ability to select a representative
and geometrically consistent set of points.

5. Conclusion

We introduced InstantSplat++, a novel framework de-
signed for ultra-fast initialization of point-based scene rep-
resentations, including both 2D and 3D Gaussians, for novel
view synthesis. By integrating Spann3r and a new cumula-
tive masking technique, InstantSplat++ overcomes the con-
straints of Structure-from-Motion (SfM) and eliminates the
computational inefficiencies of pairwise processing. Our
experiments highlight substantial improvements in initial-
ization speed, reducing it to mere fractions of a second
while preserving or even enhancing rendering quality com-
pared to InstantSplat, across diverse view configurations
and Gaussian representations. Future directions include in-
vestigating adaptive sampling strategies and extending the
framework to dynamic scenes.
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