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Figure 1. Overview of I-GaSp3R. Given a sequence of unposed images of variable length, I-GaSp3R incrementally reconstructs a set of
3D Gaussian primitives in a single feed-forward pass without any pre-processing or intermediate pose estimation. I-GaSp3R operates at 21
FPS on a single RTX 3080 GPU, enabling real-time novel-view synthesis from numerous input images through differentiable rasterization.

Abstract

Recent progress in 3D scene reconstruction and novel-
view synthesis has led to significant improvements in ren-
dering quality. However, many state-of-the-art methods de-
pend on explicit camera calibration and offline optimiza-
tion, which restricts their application in dynamic environ-
ments. We propose Incremental Gaussian Splatting for 3D
Reconstruction (I-GaSp3R), a novel framework that enables
incremental, real-time, and pose-free 3D scene reconstruc-
tion alongside novel-view synthesis. By leveraging an ef-
ficient 3D Gaussian representation combined with a spa-
tial memory network, I-GaSp3R achieves superior render-
ing quality and computational efficiency. Extensive evalu-
ations on the ScanNet++ dataset demonstrate that our ap-
proach outperforms existing methods, marking a significant
step toward practical real-time 3D scene understanding.

1. Introduction

Gaussian Splatting has recently emerged as an efficient al-
ternative to volumetric approaches for real-time 3D scene
reconstruction and rendering. Unlike NeRF, which relies on
computationally expensive volumetric ray marching, Gaus-
sian Splatting represents scenes using 3D Gaussian primi-
tives, allowing for fast rasterization. Despite these advan-

tages, most existing methods assume known camera poses
and require offline optimization, limiting their applicability
in dynamic or unstructured settings.

We introduce Incremental Gaussian Splatting for 3D
Reconstruction (I-GaSp3R), a novel approach that enables
real-time, pose-free scene reconstruction and novel-view
synthesis. Our framework integrates the spatial memory
module from Spann3R with the Gaussian representation
from Splatt3R, enabling a feed-forward architecture that
runs at 21 FPS on an RTX 3080. To ensure stable, high-
quality reconstructions, we propose:
¢ Real-time Feed-forward 3D Gaussian Splatting: An

efficient pipeline that incrementally reconstructs 3D

scenes without iterative optimization.

* Temporal Consistency: A novel loss function that miti-
gates aliasing and ensures stability across frames.

¢ Improved Training Stability: Enhanced robustness via
masking techniques (frustum overlap & depth matching)
and tailored regularization strategies.

2. Related Work

Traditional Scene Rendering and NeRF Early ap-
proaches to novel-view synthesis relied on light fields, both
dense [12, 15] and unstructured [1], which captured the ap-
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Figure 2. Architecture Overview. Each frame is encoded by a ViT, and the extracted features interact with a memory bank to maintain
spatial consistency. The heads then predict per-frame Gaussian attributes, which accumulated for real-time rendering.

pearance of scenes from multiple viewpoints. Structure-
from-Motion (SfM) [19] enabled 3D reconstruction from
photo collections by estimating sparse point clouds, while
Multi-View Stereo (MVS) techniques advanced dense re-
construction capabilities. These methods paved the way for
geometry-based view synthesis approaches [3, 10], which
re-project and blend images based on estimated scene ge-
ometry. However, such methods struggle with artifacts in
regions of missing or inaccurate geometry.

Neural rendering has mitigated these limitations by
learning data-driven representations that improve render-
ing quality and robustness. Early deep learning-based view
synthesis methods [11] still depended on MVS pipelines
and suffered from temporal instability. Volumetric methods
using differentiable density fields introduced ray-marching
techniques, which, while effective, were computationally
expensive. Neural Radiance Fields (NeRF) [16] signifi-
cantly improved photorealism through volumetric rendering
with importance sampling and positional encoding, though
querying such models remains computationally intensive
for real-time applications.

Feed-forward Novel-view Synthesis Recent efforts fo-
cus on feed-forward architectures for novel-view synthesis,
reducing reliance on expensive optimization procedures.
Gaussian Splatting approaches predict 3D scene represen-
tations directly from 2D images. Splatter Image generates
pixel-aligned Gaussians from single images, while pixel-
Splat [2] extends this to image pairs, though it struggles
with maintaining accurate geometry in noisy conditions.
MV Splat [4] handles variable-length sequences but requires
known camera poses, limiting its flexibility in dynamic en-
vironments.

Feed-forward 3D structure recovery also includes depth
estimation [6, 9], optical flow [20], and point tracking [7,
13]. DUSt3R [22] predicts 3D point maps from image pairs

but requires global alignment for long sequences, while
MASt3R [14] improves feature matching for 3D tasks.
Spann3R [21] introduces a spatial memory mechanism that
eliminates the need for global alignment, enabling incre-
mental 3D reconstruction.

Our method, I-GaSp3R, builds upon Spann3R by incor-
porating the Gaussian head from Splatt3R to predict rich
3D Gaussian attributes. This integration results in an in-
cremental, pose-free, feed-forward, and online pipeline for
real-time 3D reconstruction and novel-view synthesis, with
potential applications in augmented reality, virtual reality,
and robotics.

3. Method

In this section, we introduce I-GaSp3R, a pose-free, feed-
forward framework for real-time 3D scene reconstruction
and novel-view synthesis. Our method incrementally pro-
cesses an unposed image sequence {I;}7_,, using a spatial
memory mechanism to integrate new frames without requir-
ing global optimization. The scene is represented as a grow-
ing set of 3D Gaussian splats, which are rendered via dif-
ferentiable rasterization.

3.1. Architecture

ViT-based Encoder and Spatial Memory Each incom-

ing frame I; is passed through a Vision Transformer [17]

to obtain latent features f;. A spatial memory network [21]

fuses these features with context from prior frames, allow-

ing incremental reconstruction without explicit pose infor-

mation. Specifically:

¢ The Target Decoder produces a query feature f; that re-
trieves relevant spatial information from the memory.

» The Reference Decoder refines features from the previous
frame, ensuring smooth scene updates.

* A Memory Bank stores and updates past information us-
ing attention-based sparsification.
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Figure 3. Training Framework. For each frame, the accumulated
Gaussians are used to render an image I;, which is compared to the
target /; via a masked photometric loss. Additionally, overlapping
regions between consecutive renderings are penalized for temporal
consistency.

This enables a causal reconstruction process, where earlier
frames establish scene structure and later frames refine de-
tails.

Dual Prediction Heads

* Point Head: Predicts 3D Gaussian means (i.e., per-pixel
pointmaps) and a confidence score that determines how
strongly each prediction contributes to the global scene.

¢ Gaussian Head: Predicts opacity, scale, rotation, and
color for each splat, enabling efficient differentiable ren-
dering.

These predictions define a set of 3D Gaussian primitives

that are accumulated in a global representation for rendering

novel views.

3.2. Progressive Training with Temporal Consis-
tency

Incremental Rendering and Supervision For each con-

text frame I;, we render a predicted image I; using the ac-

cumulated set of Gaussians. We enforce supervision using

two complementary objectives:

* A masked photometric loss ensures fidelity to the
ground-truth target while ignoring unobserved regions:

Lphoto = XC:EMSE(M'fu M'L‘) +LLPIPS(M'fi7 ML) (1)
im=1

where M is a visibility mask as explained in Section 6.
¢ A temporal consistency loss (Fig. 3) enforces smooth
transitions between consecutive renderings:
c-1
Litemp = Z Lvse(Liy Liv1) + Lupes (L, Liv1). ()
=1
These losses ensure that earlier frames establish the scene’s
structure while later frames refine details and expand visi-
bility.

3.3. Regularization for Stable Training

To prevent degenerate solutions, we introduce additional
regularization terms:

Figure 4. Frequency Normalization. We track how often each
Gaussian contributes to the rendered pixels and normalize its gra-
dient accordingly to ensure balanced updates.

Geometric Consistency. We impose a confidence-
weighted regression loss on the predicted Gaussian
means:

HW
Loont =D Y (O lrege(X}, X)) + alog Cf). (3)
t =1

This ensures that Gaussians remain anchored to surfaces
rather than floating in empty space.

Opacity and Scale Regularization. To prevent redun-
dant Gaussians for highly overlapping context frames and
encourage uniform splat size, we add:

‘Copacity = Z}O’i|a Lscale = Z ”Sl”% “)

where o; and s; denote opacity and scale. This prevents
large, unstable splats and ensures a sparse representation.

3.4. Frequency-based Gradient Normalization

Since each Gaussian may contribute to multiple pixels

across different frames, we prevent over-penalization by in-

troducing a frequency normalization scheme (Fig. 4). We

maintain a per-Gaussian frequency map and scale each gra-

dient update by 1/f;, where f; is the usage count. This

ensures:

* Splats that are frequently sampled do not dominate opti-
mization.

* Underrepresented regions are not neglected due to fewer
updates.

3.5. Final Loss Function

Our complete objective function is:

L= )\photoﬁphoto + Atempﬂtemp""

4)
)\conf»cconf + )\rcg (»Copacity + Escalc)~

By combining photometric accuracy, geometric regulariza-
tion, and frequency-aware updates, [-GaSp3R achieves sta-
ble, high-quality 3D reconstruction in real-time.



2 views

10 views 50 views

FE PE Method |5 e s SSIMT LPIPS] time

PSNRT SSIMT LPIPS] time|PSNRT SSIMf LPIPS] time

v v Splat3R | 23.12 0.809 0.172 - - - - - - - - -
v’ v Spann3R| 24.52 0.835 0.153 - 2275 0.805 0.165 - | 1890 0.725 0312 -
v' v/ PREF3R| 22.83 0.800 0.124 - 2260 0.793 0.128 - | 2038 0.702 0206 -
v v Ours | 2646 0912 0.126 0.048| 2490 0.880 0.151 0.39| 20.81 0.749 0.286 2.1

Table 1. Novel-view synthesis performance on Scannet++. All metrics are averaged over 10 validation scenes. For input views of 2, 10,

and 50, the frame sampling intervals are 5, 3, and 2, respectively.

FF PF Method 2 views

10 views 50 views

PSNRT SSIM?T LPIPS] time

PSNRT SSIM?T LPIPS] time|PSNRT SSIM T LPIPS | time

v v Splatt3R | 17.46 0.517 0.349 - - - - - - - - -

v' v/ Spann3R| 19.50 0.648 0.172 - 1996 0.631 0.218 - 17.56  0.505 0.335 -

v v PreF3R | 2096 0.712 0.187 - 2191 0.693 0.210 - 18.70  0.563  0.300 -

v v Ours | 2913 0912 0.126 0.048| 2490 0.880 0.151 0.39 - - - -
Table 2. Novel-view synthesis performance on ArkitScenes. Experimental settings and evaluation criteria are consistent with those
described in Tab. 1.

4. Results rate a weight decay of 0.05 and apply gradient clipping at a

4.1. Experimental setup

Dataset We train our model on the large-scale Scan-
Net++ [23] dataset, which primarily comprises diverse in-
door scenes annotated with ground-truth metric depth and
camera poses. We utilize all the data from the official train-
ing split of ScanNet++ for training, including a total of
2,509 scenes. For evaluation, we select 10 scenes from
the validation split of ScanNet++, covering various kinds of
scenarios. For each evaluation scene, we randomly choose
a starting frame from the original image sequence. The
lengths of the sampled evaluation frame sequences are set to
2, 10, and 50, with frames sampled at intervals of 5, 3, and
2, respectively. All frames within these sampling intervals
are used as ground-truth images for novel-view synthesis.

Training details Our model is trained using a progres-
sive multi-stage strategy, where the input view overlap is
dynamically reduced from 0.8 to 0.4 as training progresses,
enhancing the model’s generalization ability. Due to mem-
ory constraints, training is conducted with a batch size of
1 for a total of 30 epochs. We initialize the model using
pretrained weights from Spann3R.

We use the AdamW optimizer with two distinct learning
rate schedules: standard parameters are trained with an ini-
tial learning rate of 1 x 10~%, while the memory encoder
utilizes a lower learning rate of 1 x 107°. A step decay
schedule is applied, reducing the learning rate by 10% at
every 10% interval of total training epochs. We incorpo-

threshold of 0.5 to stabilize training dynamics.

For the loss function, we use the following parame-
ters: progressive reconstruction loss (1.0), causal consis-
tency loss (0.15, progressively decaying), MSE loss (1.0),
LPIPS perceptual loss (0.1), and regularization terms for
opacity and scale (0.025 each). To optimize computational
efficiency, we employ mixed-precision training with gradi-
ent accumulation over 10 steps. All experiments are con-
ducted on a single NVIDIA RTX 3080 GPU.

Evaluation metrics We evaluate rendering quality us-
ing commonly employed metrics for novel-view synthesis:
PSNR, LPIPS, and SSIM. Additionally, we report the over-
all inference time for MVSplat and I-GaSp3R to compare
their efficiency.

4.2. Evaluation

In Table | and Table 2, we present the quantitative results
on ScanNet++ and ARKitScenes, respectively, comparing
I-GaSp3R with baseline models, with the specific evalua-
tion scenes detailed in Section 8. The data is sourced from
[5]. It is important to note that these results are derived from
a similar, but not identical, validation dataset. Therefore,
the model should be re-evaluated once the code from [5]
is released. Our findings indicate that I-GaSp3R achieves
state-of-the-art (SOTA) performance, particularly in the 2-
frame setting. Furthermore, it demonstrates promising re-
sults for long-tail sequences. These quantitative results are
further supported by the qualitative examples from Scan-
Net++, shown in Fig. 5.



Figure 5. Qualitative comparison of novel view synthesis. Visualization of reconstructions from ScanNet++. Each row corresponds to a
unique viewpoint, while each column displays the output of a different method

4.3. Limitations

Our model is currently trained with a context length of only
3, and only the weights of the Gaussian head and point head
are fine-tuned due to GPU memory limitations. Increasing
the context length and fine-tuning additional components
could potentially improve performance in both short- and
long-tail sequences. Furthermore, training and evaluating
I-GaSp3R on datasets that include 360-degree walkarounds
of objects and loop closure scenarios would better demon-
strate the potential and limitations of our method.

5. Conclusion

In this work, we presented Incremental Gaussian Splat-
ting for 3D Reconstruction (I-GaSp3R), a novel approach
that integrates spatial memory with feed-forward Gaussian
splatting to enable real-time, pose-free 3D scene recon-
struction and novel-view synthesis. We stabilized train-
ing by the introduction of novel temporal consistency and
regularization losses. Our approach marks an important
step toward fast, scalable, and real-time 3D reconstruc-
tion.
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Figure 6. Loss masking. Valid pixels are considered to be those
that are: inside the frustum of at least one of the views, have their
reprojected depth match the ground truth, and are considered valid
pixels with valid depth in their dataset.

6. Loss Mask

Target images may contain regions occluded or outside
the context view frustums. Supervising rendering loss for
such pixels is counterproductive and can degrade model
performance. Existing generalizable radiance field meth-
ods mitigate this by synthesizing only interpolated view-
points [2, 4, 8], minimizing unseen regions. In contrast, we
train our model to extrapolate beyond input views.

To address this, we adopt the loss masking strategy of
Splatt3R [18]. For each target image, we identify visible
pixels by unprojecting target points and reprojecting them
onto context images, verifying depth consistency. Figure 6
illustrates the mask construction.

7. Ablation Studies

Long-Tail Sequences We tested our model on long-tail
sequences, observing a decreasing PSNR while still main-
taining a value above approximately 21 dB after 50 context
frames.

Memory Footprint The incremental nature of I-GaSp3R
allows for linearly bounded memory consumption, unlike
models such as MSPlat, which require quadratic memory
due to processing all images at once and utilizing cross-
attention. This allows our model to process image se-
quences of unlimited length.

20 frames ' 30 frames
B

B |
p—

Figure 7. Long-tail sequences. The visualization presents render-
ing results of the next target view after incorporating 10 additional
context views. Despite the new context views being sampled from
overlapping regions, they do not disrupt the results.
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Figure 8. Qualitative results on long-tail sequences. After in-
corporating additional context views from similar viewing angles,
[-GaSp3R avoids blurring existing areas by selectively adding low-
opacity Gaussians, focusing on image refinement.

PSNR vs Distance Context Frames

2 3 4 5 6 7 8 9 10
Context Frame Distance
Figure 9. Wide Baseline. Increasing the distance between context
frames, reduced the rendering results. Our model is best suited for
small baseline scenarios.

Wide Baseline We tested our model with varying dis-
tances between the key frames of the input images. In-
creasing the distance results in a greater disparity in camera
perspectives, making reconstruction more challenging. Our
results show that our model performs best in small-baseline
scenarios.



8. Evaluation Scenes

For the evaluation of our method, we utilized scenes from
the ScanNet++ and ARKitScenes datasets. The selection
of these scenes was based on diverse environmental condi-
tions and structural variations to ensure comprehensive per-
formance assessment.

ScanNet++ Scenes The following ScanNet++ scene iden-

tifiers were included in our evaluation:

e fb5a%6bla2, 3f15a9266d, 5748ce6f01,
a24fodf7fb, £9£f95681fd

e £2dc06bld2, 25f3b7a318, a980334473,
e7af285f7d, c4%9a8cocff

ARKitScenes The evaluation on ARKitScenes was con-
ducted using the following scene identifiers:
e 47895783, 48018572, 48458660, 47895750,
48458465
* 48018741, 48458667, 47895745, 48018562,
48018956
These scenes were selected to cover a wide range of spa-
tial configurations, lighting conditions, and scene complex-
ities, providing a robust basis for evaluating the generaliza-
tion capability of our approach.
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Figure 11. Results on ScanNet++.
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Figure 12. Long sequence results on ScanNet++.
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