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Abstract

3D Gaussian Splatting (3DGS) achieves high-fidelity novel
view synthesis, but its application in online long-sequence
scenarios is still restricted. Existing methods either rely
on slow per-scene optimization or lack efficient frame-wise
3DGS updates, making them unsuitable for online long-
sequence videos. In this paper, we propose LongSplat, an
online real-time 3D Gaussian reconstruction framework de-
signed for long-sequence image input. The core idea of
LongSplat is to maintain a global 3DGS set and design a
streaming 3DGS update mechanism that selectively com-
pressing redundant historical Gaussians and introducing new
Gaussians by comparing the current observations with the
historical Gaussian. To achieve this goal, we design a
Gaussian-Image Representation (GIR), which encodes 3D
Gaussian parameters into a structured, image-like 2D format.
GIR simultaneously enables identity-aware redundancy com-
pression as well as the fusion of current view and historical
Gaussians, which are used for online reconstruction and adapt
the model to long sequences without overwhelming memory
or computational costs. Extensive experiments demonstrate
that LongSplat achieves state-of-the-art efficiency-quality
trade-offs in real-time novel view synthesis, delivering real-
time reconstruction while reducing Gaussian counts by 44%
compared to per-pixel prediction paradigms.

Introduction
Growing interest in 3D scene reconstruction and novel view
synthesis has led to rapid advancements in the field, among
which 3D Gaussian splatting (3DGS) (Kerbl et al. 2023; Yu
et al. 2024; Huang et al. 2024; Lu et al. 2024) has gained par-
ticular attention for its effectiveness. Despite its impressive
rendering speed at inference time, most existing methods
still rely on slow per-scene optimization for reconstruction,
which can take minutes to hours even for scenes of moderate
size. This slow optimization is a significant barrier for appli-
cations requiring real-time perception and response, such as
embodied AI and robotics, where online scene updates are
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essential. To address these challenges, there is an increas-
ing need for systems that can process long sequences of vi-
sual data in real-time, incrementally updating with each new
frame input while maintaining high-quality reconstruction.

Recent efforts have aimed to improve reconstruction effi-
ciency by developing generalizable Gaussian splatting mod-
els that directly predict 3D Gaussian parameters from im-
ages in a feed-forward manner. These methods (Charatan
et al. 2024; Xu et al. 2024; Li et al. 2025) significantly re-
duce processing time and perform well under sparse-view
settings. However, their performance often degrades when
applied to long sequences or dense multi-view scenarios:
the reconstructed Gaussians become increasingly redundant
and noisy, resulting in artifacts such as floating points and
blurred regions. Moreover, memory and computational costs
grow rapidly as more views are processed, making these
approaches difficult to scale to real-world applications in-
volving hundreds of frames. These limitations arise primar-
ily from two factors: a lack of global historical Gaussians
modeling and the absence of an efficient incremental up-
date mechanism, both of which are essential for robust long-
term reconstruction. Although some recent works (Wang
et al. 2025a, 2024, 2025b; Ziwen et al. 2024; Li et al. 2025)
extending generalizable 3D GS to sequential inputs sets,
they still struggle with incremental updates or rely on fixed-
length reconstruction pipelines, limiting their flexibility and
scalability in online long-sequence scenarios.

In this paper, we propose LongSplat, an online 3DGS
framework designed for real-time, incremental reconstruc-
tion from long-sequence images. Its core innovation lies in
an incremental update mechanism that integrates current-
view observations while selectively compressing redundant
historical Gaussian. This mechanism efficiently performs
two key operations per frame: (1) Adaptive Compression:
selectively compressing accumulated Gaussians from past
views to eliminate redundancy and minimize storage/render-
ing costs, and (2) Online Integration: fusing current-view
Gaussians with the historical state. These strategies aim
to mitigate a core limitation of generalizable 3DGS: per-
pixel prediction inherently produces dense but redundant
Gaussians. By progressively refining the Gaussian field over



time, our method seeks to improve scalability and mem-
ory usage while enhancing consistency across views. In
addition, the compression mechanism reduces redundancy
and offers a potential path toward dynamic scene modeling,
where outdated or redundant elements can be removed in
a lightweight, incremental manner without reprocessing the
entire sequence.

Specifically, we propose Gaussian-Image Representation
(GIR) that projects 3D Gaussian parameters into a struc-
tured 2D image-like format. This representation enables on-
line reconstruction by facilitating the propagation of infor-
mation across views and supporting localized compression.
To enhance cross-view interaction, GIR projects historical
Gaussians into the current frame, enabling feature-level fu-
sion. This fusion not only improves the spatial consistency
of the reconstructed 3D Gaussian field, but also provides a
structured basis for subsequent compression of redundant
historical information. In addition, GIR plays a central role
in localized compression by maintaining the mapping be-
tween 2D projections and their corresponding historical 3D
Gaussians. This identity-aware structure makes 3DGS more
tractable and removes redundant splats accumulated over
time. Such compression not only reduces memory and ren-
dering cost, but also improves visual quality by eliminating
overlapping or outdated Gaussians. Furthermore, we lever-
age GIR’s image-like structure to apply supervision from
reference 3DGS, using an optimized per-scene Gaussian
dataset constructed with existing image compression tech-
niques (Fan et al. 2024). This strategy improves both com-
pactness and fidelity of the learned 3D Gaussians without
requiring full 3D loss computation.

Through extensive evaluations, we demonstrate that
LongSplat achieves state-of-the-art efficiency-quality trade-
offs in real-time novel view synthesis. Our method achieves
real-time rendering and reduces Gaussian counts by 44%
on DL3DV(Ling et al. 2024). Moreover, LongSplat outper-
forms the baseline by 3.6 dB(Xu et al. 2024) in PSNR on
the DL3DV benchmark and exhibits superior scalability for
long-sequence scene reconstruction. Through effective on-
line compression of 3DGS, LongSplat enables scalable, ef-
ficient, and high-quality real-time reconstruction. Our con-
tributions can be summarized as follows:

• We propose LongSplat, a real-time 3D Gaussian recon-
struction framework tailored for arbitrary-view, long-
sequence image inputs. By introducing a mechanism that
compresses historical redundancy while integrating new
views, LongSplat enables scalable, memory-efficient re-
construction and real-time synthesis.

• We introduce Gaussian-Image Representation (GIR), a
structured 2D representation of 3D Gaussians that en-
ables efficient historical feature fusion, redundancy com-
pression, lightweight 2D operations, and GIR-space su-
pervision.

• Extensive experiments show that LongSplat achieves
state-of-the-art real-time novel view synthesis, improv-
ing PSNR by 3.6dB and reducing Gaussian counts by
44% compared to the baseline method(Xu et al. 2024).

Related Work
Traditional 3D Gaussian Splatting. Traditional 3D
Gaussian Splatting (3DGS) methods (Kerbl et al. 2023; Yu
et al. 2024; Huang et al. 2024; Lu et al. 2024; Wang, Ma,
and Gao 2025; Gao et al. 2025) have emerged as a powerful
paradigm for high-fidelity novel view synthesis, leveraging
explicit 3D Gaussian primitives to represent scenes. Unlike
Neural Radiance Fields (NeRFs) (Mildenhall et al. 2021;
Barron et al. 2021, 2023; Fridovich-Keil et al. 2023; Cao
and Johnson 2023; Liu et al. 2022; Wang et al. 2021), which
rely on computationally intensive ray-marching-based vol-
ume rendering, 3DGS achieves real-time rendering speeds
through tile-based rasterization of differentiable Gaussian
primitives. These methods optimize Gaussian parameters
(e.g., position, scale, rotation, and opacity) through per-
scene optimization, resulting in high-quality novel view syn-
thesis and fast rendering. However, the per-scene optimiza-
tion process is inherently time-consuming, which signifi-
cantly limits its applicability in real-time perception tasks.

Generalizable 3D Gaussian Splatting. Inspired by prior
progress in generalizable NeRFs (Yu et al. 2021; Lin et al.
2022; Gao et al. 2022; Chen et al. 2021; Ye, Wang, and
Wang 2023), recent efforts have focused on generalizable
3D Gaussian Splatting methods that enable feed-forward
prediction of 3D Gaussians from input images(Roh et al.
2024; Sheng et al. 2025; Bao et al. 2024; Yan et al. 2025;
Kang et al. 2025; Chen et al. 2025). Pioneering works
such as PixelSplat (Charatan et al. 2024) and GPS-Gaussian
(Zheng et al. 2024) explore feed-forward 3D Gaussian re-
construction using epipolar geometry from just two input
views, achieving fast and high-quality novel view synthesis.
MVS-based methods (Chen et al. 2024a; Xu et al. 2024; Li
et al. 2025) extends this direction by leveraging multi-view
geometry through cost volumes for enhanced accuracy and
generalization. Adaptive Gaussian (Fei et al. 2024) departs
from fixed pixel-wise Gaussian representations by dynami-
cally adapting the distribution and number of 3D Gaussians
based on local geometric complexity.

Other approaches extend these approaches to sequential
inputs: For example, FreeSplat (Wang et al. 2024, 2025b)
proposes a cross-view aggregation scheme and a pixel-
wise triplet fusion strategy that jointly optimizes overlap-
ping view regions, enabling free-view synthesis with geo-
metrically consistent scene reconstruction. Yet, due to its la-
tent GS representation, the heavy computational overhead
limits scalability to long-sequence inputs, making it less
suitable for real-time processing of long-sequence inputs.
Long-LRM (Ziwen et al. 2024) leverages a hybrid archi-
tecture merging and Gaussian pruning—to process up to
32 views in a single feed-forward pass, reconstructing en-
tire scenes with performance comparable to optimization-
based methods. Despite these advances, its reliance on fixed-
length reconstruction limits flexibility, making it unsuit-
able for dynamic, open-ended sequences. Zpressor (Wang
et al. 2025a) significantly reduces memory requirements via
anchor-frame propagation while achieving high reconstruc-
tion quality. Compared to such anchor-frame methods that
still rely on per-frame prediction and fixed-feature transfer,
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Figure 1: Overview of the framework. Given a posed images sequence {It, pt}Tt=1, the model progressively builds a global
Gaussian representation Gglob. At each timestep t, we extract spatial features Fcur from the current frame and spatially nearby
N views, and historical features Fhis by rendering the previous global Gaussians Gt−1

glob into view pt as a 2D Gaussian-Image

Representation (GIR) GIG
t−1
glob →pt

. These features are fused by a transformer-based backbone to predict a binary update mask
M̂t and per-pixel Gaussian parameters GPt

cur. A transform module then (1) uses the mask to identify redundant Gaussians in
Gt−1

glob via lookup, and (2) lifts GPt
cur into a new 3D set Gt

cur. The updated global representation Gt
glob is obtained by removing

outdated Gaussians and inserting the new ones, enabling consistent and compact scene modeling over time.

our approach supports dynamic updates to Gaussians across
frames, enabling better use of historical information. As a
per-pixel predictor, it is also compatible with our framework
and can serve as a feature encoder within our fusion pipeline.
We propose LongSplat, an online 3D Gaussian reconstruc-
tion framework specifically designed for long-sequence in-
puts, supporting scalable temporal modeling under stream-
ing and interactive conditions. Our approach enables real-
time editing and streaming integration without compromis-
ing reconstruction fidelity through 3DGS updating and his-
tory view fusion techniques.

Method
Vanilla 3D Gaussian Splatting
The vanilla 3D Gaussian Splatting (3DGS) represents scenes
as a collection of anisotropic Gaussians G = {µ,Σ, c, α},
where µ denotes position, Σ the covariance matrix, c the
color, and α the opacity. The rendering process follows al-
pha compositing along each ray:

C(u, v) =
∑

i∈S(u,v)

ciαi

i−1∏
j=1

(1− αj), (1)

where S(u, v) represents the set of Gaussians sorted by
depth. The Gaussian parameters are optimized by a photo-
metric loss to minimize the difference between renderings
and image observations.

Longsplat Pipeline
We propose Longsplat, a method that incrementally con-
structs a global 3D Gaussian scene representation Gg from an

input posed image sequence {It, pt}Tt=1. At each timestep t,
the model processes the current frame It by jointly lever-
aging (1) multi-view spatial features Fcur extracted from
the current image and its spatial N nearest views, and (2)
global context features Fhis derived from GIG

t−1
glob →pt

— the
Gaussian-Image Representation (GIR) rendered by project-
ing the previous global Gaussians Gt−1

glob into the current view.
Based on these features, our backbone module predicts a set
of per-pixel Gaussian predictions GPt

cur and a binary mask
M̂t that indicates Gaussians to be removed. Using this mask,
we remove redundant or outdated Gaussians in Gt−1

glob and in-
corporate the new predictions GPt

cur into the global set Gt
cur,

producing the updated scene representation Gt
glob. To support

removal, our GIR encodes a unique ID for Seach projected
3D Gaussian, enabling direct and reliable deletion from the
global representation via its image-space projection.

Feature extractors. We extract two feature streams Fcur
and Fhis to support per-frame updates: (1) Multi-view Spa-
tial Features Fcur. We directly utilize the outputs from
DepthSplat(Xu et al. 2024) as inputs, including the feature
representations extracted from the current frame and its N
nearest frames and the raw Gaussian proposals. This fea-
ture encodes local 3D geometry and appearance cues, pro-
viding strong priors for the current-view reconstruction. (2)
Historical Feature Map Fhis. To integrate historical context,
we employ our Gaussian-Image Representation (GIR) to
project the accumulated global Gaussians Gt−1

glob into the cur-

rent camera view. The resulting 2D projection GIG
t−1
glob →pt

is
then encoded by a shallow network to produce the historical



feature map Fhis, which captures global scene structure from
prior observations.

Backbone
Our backbone module jointly performs three core functions:
History Fusion, Compressed Fusion, and Gaussian Parame-
ter Prediction. Specifically, the two feature streams, Fcur and
Fhis, are first fused via the History Fusion module to pro-
duce a context-aware representation Ffuse, along with a soft
update mask that is later thresholded into the binary history
mask M̂t. Then, Ffuse and M̂t are jointly processed by the
Compressed Fusion module to produce the final per-pixel
feature embedding Ffinal, which implicitly encodes both the
fused spatio-temporal context and the Gaussian removal de-
cisions. Finally, Ffinal is used to predict a structured tensor
of per-pixel Gaussian parameters predictions GPt

cur.

History Fusion. To ensure consistent reconstruction and
enable redundancy detection, we introduce a History Fusion
module that integrates current-view features Fcur with his-
torical context Fhis.

Ffusion = Transformer(Fcur,Fhis),

Mt
pred = Sigmoid(Head(Ffusion)).

(2)

These features are fused via a transformer-based attention
mechanism, producing a unified representation Ffusion that
encodes both current-view appearance and temporal pri-
ors. To explicitly indicate redundant Gaussians for removal
while retaining essential Gaussians, we predict a soft update
mask M̂t

pred ∈ [0, 1]H×W from Ffusion. A masking threshold
τ is then applied to M̂t

pred to determine the final binary mask
M̂t for Gaussian removal.

Compressed Fusion. With the binary history mask M̂t in-
dicating which historical Gaussians are retained or removed,
we guide the generation of a task-aware embedding via an-
other transformer:

Ffinal = Transformerfinal(Ffusion, M̂
t). (3)

This mask provides explicit supervision to the feature gen-
erator, prompting it to (1) refine the retained Gaussians for
improved quality, and (2) synthesize new Gaussians to fill
the gaps left by removed ones. By conditioning on this spa-
tially structured prior, Ffinal enables accurate and compact
per-pixel Gaussian prediction, leading to efficient and con-
sistent scene updates.

Gaussian Parameter Prediction. We follow Depth-
Splat (Xu et al. 2024) to initialize Gaussian centers by un-
projecting the predicted depth maps into 3D. Instead of com-
puting depth independently, we directly use DepthSplat’s
predicted depth as initialization and add a learnable offset
∆d. The remaining Gaussian parameters — opacity, covari-
ance, and color — are predicted by an additional DPT head
that takes the encoded feature map Ffinal as input.

Gaussian-Image Representation
We propose a Gaussian-Image Representation (GIR) that
encodes per-pixel Gaussian attributes into a structured 2D
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Figure 2: Overview of the proposed Gaussian-Image Rep-
resentation (GIR) and its four core capabilities. GIR en-
codes per-pixel Gaussian parameters into a structured 2D
image space, enabling efficient and flexible 3D reasoning.

format. We note prior image-based and projection-aware de-
signs for 3D data (Szymanowicz, Rupprecht, and Vedaldi
2024; Wang et al. 2022). This compact view-aligned repre-
sentation enables efficient memory usage, supports localized
updates, and bridges the gap between 3D scene modeling
and 2D image-space supervision.

Formally, for each pixel (u, v) in a rendered view, the
Gaussian-Image GI ∈ RH×W×C stores the 3D position
µuv, the upper-triangular components of the covariance ma-
trix vec(Σuv), opacity αuv, color cuv, and a unique Gaussian
identifier IDuv:

GI(u, v) = [µuv, vec(Σuv), αuv, cuv, IDuv ] . (4)

Unlike standard 3D Gaussian Splatting (3DGS), which
blends all overlapping Gaussians along a ray, our GIR adopts
a sparse rendering strategy in which each pixel is associated
with only a single dominant Gaussian. We consider two se-
lection methods:
(1) Nearest Rendering. The first visible Gaussian (with
opacity above threshold θ) is selected:

k = argmin
i

{di | αi > θ} . (5)

(2) Most-Contributive Rendering. The Gaussian that con-
tributes most to the final color along the ray is chosen, based
on transmittance-weighted opacity:

k = argmax
i

αi

i−1∏
j=1

(1− αj)

 . (6)

By projecting 3D Gaussians into a structured 2D im-
age space, our GIR representation enables better spatial



alignment, more efficient operations, and per-pixel supervi-
sion—all of which are difficult to achieve directly in 3D. It
also allows deterministic Gaussian lookup via unique IDs,
supporting updates across time and views. Specifically, GIR
provides four key functional advantages: (1) History Fu-
sion. Enables 2D feature-level fusion between current and
historical views for temporal consistency. (2) Redundant
Gaussian Removal. Encoded Gaussian IDs allow direct
lookup and removal of outdated Gaussians via 2D projec-
tions. (3) 3D Gaussian Dataset Supervision. Transforms
optimized 3D Gaussians into 2D supervision targets, sup-
porting per-pixel training (detailed in §Training). (4) Effi-
cient 3D IoU. GIR enables sliding-window-style heuristics
in 2D to accelerate 3D IoU-guided redundancy detection
(detailed in §Training). Together, these functionalities make
GIR a unified and efficient bridge between 3D Gaussian rep-
resentations and scalable 2D learning and processing.

Training
We design a training framework with three loss functions:
a RGB reconstruction loss for supervision over the appear-
ance and spatial attributes of 3DGS, a mask-guided loss to
remove redundant 3DGS, and a geometry alignment loss to
improve compactness and fidelity of 3DGS.

RGB Reconstruction Loss. To supervise novel view syn-
thesis, we render the predicted Gaussians Gglob into a set of
randomly sampled target views {pt}Kt=1 as {Îtrender}Kt=1 and
compare them with the corresponding ground truth images
{It}Kt=1 using a combination of MSE and LPIPS losses, as
is typically done in prior work:

LRGB =

M∑
t=1

(∥Îtrender−It∥MSE+λL ·LPIPS(Îtrender, I
t)). (7)

This loss encourages both photometric accuracy and percep-
tual quality in the synthesized views, guiding Gaussian at-
tributes like color, position, and opacity.

Mask-Guided Loss. Long-sequence reconstruction often
results in redundant Gaussians across frames. To suppress
them, we predict a visibility mask M̂t

pred ∈ [0, 1]H×W that
removes outdated or unnecessary Gaussians during render-
ing. We observe that such redundant Gaussians typically ex-
hibit high spatial overlap with those in previous frames. To
detect this, we compute a pairwise 3D overlap score based
on Oriented Bounding Boxes (OBBs)—the minimal rectan-
gles enclosing each 3D Gaussian ellipsoid. Unlike standard
symmetric IoU, we adopt a view-asymmetric metric:

IoUuv = max
i∈N

|OBBuv ∩ OBBi|
|OBBuv|

. (8)

This formulation identifies outdated Gaussians whose OBBs
redundantly cover current view details, allowing them to be
masked out in favor of finer, view-specific ones. Thanks to
GIR, these 3D overlap checks are implemented as local,
grid-aligned operations, enabling efficient, parallel GPU ex-
ecution without global scene traversal.

To supervise the visibility mask M̂t
pred, we label Gaus-

sians with high 3D overlap as redundant and assign cor-
responding reference Mt

ref = 0, while others are as-
signed Mt

ref = 1. Specifically, for each Gaussian proposal
GPt

cur(u, v), we evaluate its 3D IoU with Gaussians from
the GIG

t−1
glob →pt

within a 3 × 3 kernel centered at pixel
(u, v)—i.e., those indexed in [u−1, u+1] × [v−1, v+1]. A
weighted binary cross-entropy loss is applied over all pixels:

Lmask =
1

|Ω|
∑
p∈Ω

λref · BCE
(
M̂t

pred, M
t
ref

)
, (9)

where Ω is the set of all pixel locations, and the weight func-
tion is defined as:

λref(M
t
ref) =

{
λpos, if Mt

ref (u, v) = 1

λneg, if Mt
ref (u, v) = 0.

(10)

While high 3D overlap often indicates redundancy, some
Gaussians with large overlaps are essential for capturing
fine-grained details. To avoid mistakenly discarding such
informative components, we couple the visibility mask
M̂t

pred ∈ [0, 1]H×W with the rendered opacity through a
modulation rule:

α̂uv = M̂t
pred(u, v) · αuv, if M̂t

pred(u, v) < τ. (11)
This design enables soft pruning: Gaussians deemed redun-
dant by geometric overlap will be assigned lower mask val-
ues, reducing its opacity. However, if removing such Gaus-
sians causes a noticeable degradation in reconstruction qual-
ity—as reflected in an increased RGB loss—the model is in-
centivized to raise their opacity, which in turn increases their
mask value. Thus, the model learns to retain visually impor-
tant Gaussians while suppressing truly redundant ones.

Geometry Alignment Loss. Per-scene optimized Gaus-
sians generally exhibit higher quality and compactness com-
pared to generalizable prediction-based methods. To lever-
age this advantage, we construct a reference dataset Gref us-
ing LightGaussian (Fan et al. 2024), an existing 3D Gaussian
compression method that performs per-scene optimization.
These optimized Gaussians serve as strong structural refer-
ences to guide our model during training.

We transform reference Gaussians Gref into view pt via
GIR, yielding the 2D image-like structure GIGref→pt

. We su-
pervise alignment between the predicted Gaussians GPt

cur

and the GIGref→pt

using two lightweight losses. A position
alignment loss ensures spatial consistency:

Lµ =
1

|T |
∑
t∈T

∥µ̂t
pred − µt

ref∥1; (12)

A covariance loss encourages shape consistency:

LΣ =
1

|T |
∑
t∈T

∥Σ̂
t

pred −Σt
ref∥1. (13)

Here, µt
pred,Σ

t
pred are extracted from GPt

cur, and µt
ref,Σ

t
ref

from GIGref→pt

. The total geometry alignment loss is:
Lgeo = Lµ + λΣLΣ. (14)

Furthermore, we discard supervision from Gaussians with
excessively large scales or significant center offsets, which
are unsuitable for per-pixel prediction.



Ref. RGB GT Ours-c DepthSplatOurs MVSplat360

…
…

…
…

…
…

…
…

……
…

…
…

…
…

Figure 3: Novel view synthesis on 12 context views. Ref. RGB, GT are the input image and the ground truth. Ours-c delete the
mask regions. Ours, MVSplat360, and DepthSplat are full-scene results. Our method better removes floaters and preserves fine
details, producing more accurate and consistent renderings. )

Experiments
Implementation Details. We adopt pretrained Depth-
Splat(Xu et al. 2024) as our baseline framework while keep-
ing all its parameters fixed during training. The feature rep-
resentations and Gaussian splatting outputs from DepthSplat
are directly utilized as our model inputs. During rendering,
we consistently use 10 target views for loss computation, en-
suring multi-view consistency in the optimization process.
For optimization, we employ the AdamW optimizer with a
base learning rate of 1× 10−4.

Training Datasets We conduct training on the DL3DV-
10K(Ling et al. 2024) dataset, which consists of 9,896 train-
ing scenes and 140 official test scenes. Additionally, we pro-
vide optional auxiliary data reconstructed through Depth-
Splat (24-view inputs) with LightGaussian compression,
which contributes to conditional auxiliary losses when avail-
able during training. We selected 6,845 scenes meeting our
quality criteria: compression rate >30% and PSNR >28.0.

DL3DV Benchmark Evaluation
Quantitative Results. As shown in Table 1, our method
outperforms DepthSplat across 12, 50, and 120 view settings
in both quality and compactness. At 12 views, we achieve
22.68 PSNR vs. 22.02 for DepthSplat. Our compressed vari-
ant (Ours-c) retains 21.69 PSNR with 25.52% fewer Gaus-
sians. As view count increases, DepthSplat degrades (17.77
PSNR at 120 views) due to uncontrolled Gaussian growth.
In contrast, our method remains stable: at 50 views, Ours-
c reaches 23.54 PSNR with 43.77% compression; at 120
views, it maintains 21.34 PSNR with 44.37% compression.
These results confirm the scalability and efficiency of our
approach for long-sequence reconstruction.

Qualitative Results. Figure 3 shows qualitative results
on several DL3DV scenes with 12 input views. We com-
pare our method (Ours), its compressed variant (Ours-c),
MVsplat360(Chen et al. 2024b), and our baselines, Depth-

Views Method PSNR↑ SSIM↑ LPIPS↓ c-ratio↑

12

MVSplat-360 17.05 0.4954 0.3575 0.00%
DepthSplat 22.02 0.7609 0.2060 0.00%
Ours 22.68 0.7824 0.1923 0.00%
Ours-c 21.69 0.7482 0.2213 25.52%

50

MVSplat-360 OOM / / /
DepthSplat 21.39 0.7341 0.2212 0.00%
Ours 23.71 0.8159 0.1683 0.00%
Ours-c 23.54 0.8056 0.1742 43.77%

120
DepthSplat 17.77 0.5899 0.3622 0.00%
Ours 21.02 0.7176 0.2608 0.00%
Ours-c 21.34 0.7345 0.2449 44.37%

Table 1: Performance comparison with SOTA methods

Splat(Xu et al. 2024). DepthSplat tends to produce floaters
and blurred surfaces in complex regions, while MVsplat360
occasionally exhibits structural inconsistencies when ap-
plied to long sequences. Our method generally produces
sharper and more consistent reconstructions, with clearer ge-
ometry and fewer visual artifacts. Notably, the compressed
variant (Ours-c) maintains comparable quality, and in some
cases—such as the first row—shows improved clarity in fine
details like book spines. This suggests that removing low-
confidence Gaussians may help reduce visual clutter and en-
hance overall fidelity.

Ablation and Analysis
Ablation Study on Component-wise Contributions. Ta-
ble 2 reports the incremental impact of each core module.
Adding Unet refinement (U) to the baseline improves PSNR
from 21.39dB to 21.71dB. History fusion (F) brings a larger
boost to 22.78dB PSNR and significantly lowers LPIPS,
highlighting the value of temporal context. Introducing 3D
dataset supervision (G) further enhances alignment, reach-
ing 23.12 PSNR. We then examine compression and mask-
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Ref. RGB Ref. Mask GT Ours-c DepthSplatDepthSplat-c Ours

Figure 4: Novel view synthesis on 50 context views. Ref. RGB and Ref. mask are the input image and compression mask. GT
is the ground truth. Ours-c and DepthSplat-c delete the mask regions. Ours and DepthSplat are full-scene results. Our method
better removes floaters and preserves fine details, producing more accurate and consistent renderings.)

Config
Components Metrics

U F G C M PSNR↑ SSIM↑ LPIPS↓ c-ratio↑

Baseline – – – – – 21.39 0.7341 0.2212 0.00
+ Unet ✓ – – – – 21.71 0.7463 0.2172 0.00
+ Fusion ✓ ✓ – – – 22.78 0.7934 0.1777 0.00
+ 3D Dataset ✓ ✓ ✓ – – 23.12 0.8087 0.1679 0.00
+ 3D Dataset(M) ✓ ✓ ✓ – ✓ 22.47 0.7793 0.1851 43.77
+ Compression ✓ ✓ ✓ ✓ – 23.71 0.8159 0.1683 0.00
+ Compression(M) ✓ ✓ ✓ ✓ ✓ 23.54 0.8056 0.1742 43.77

Table 2: Ablation study on core modules

ing. Applying a fixed compression mask on the 3D dataset
(G&M) reduces Gaussians by 43.77% but lowers PSNR to
22.47dB, indicating that static pruning can discard relevant
points. Introducing the learned compression fusion (C) with-
out masking restores high fidelity (23.71dB, SSIM 0.8159,
LPIPS 0.1683) while keeping c-ratio at 0%. Finally, com-
bining compression with adaptive masking (C&M) retains
most of this gain (PSNR 23.54dB, SSIM 0.8056, LPIPS
0.1742) at a 43.77% compression ratio. These results vali-
date that each component contributes complementary gains,
with joint compression and masking offering the best bal-
ance of quality and compactness.

Evaluation of Masking Strategies Under Confidence
Thresholds. We evaluate how the masking threshold τ
impacts reconstruction quality and compression (Table 3).
For DepthSplat, increasing τ slightly improves PSNR and
LPIPS, but this mainly results from removing artifacts like
floaters, rather than actual improvements in reconstruction.
In contrast, our method learns a confidence-based mask that
selectively removes redundant or noisy Gaussians. Even
at a high compression rate (e.g., τ = 0.5, 43.77%), our
model maintains high fidelity (23.54 PSNR, 0.1742 LPIPS),
closely matching the uncompressed setting. This shows our

τ Method PSNR↑ SSIM↑ LPIPS↓ c-ratio↑

No Mask DepthSplat 21.39 0.7341 0.2212 0.0%
Ours 23.71 0.8159 0.1683 0.0%

0.1 DepthSplat 21.82 0.7497 0.2081 23.32%
Ours 23.66 0.8141 0.1680 23.32%

0.3 DepthSplat 22.17 0.7621 0.1996 38.11%
Ours 23.61 0.8092 0.1716 38.11%

0.5 DepthSplat 22.32 0.7668 0.1964 43.77%
Ours 23.54 0.8056 0.1742 43.77%

Table 3: Performance under varying masking thresholds τ .

approach enables precise, structure-aware compression that
preserves both geometry and appearance. Visual results
(Fig. 4) confirm that our method eliminates floaters while re-
taining fine details, whereas DepthSplat often oversmooths
or distorts compressed regions.

Conclusion
We present LongSplat, a real-time 3D Gaussian Splat-
ting framework tailored for long-sequence reconstruction.
To address scalability and redundancy issues in existing
feed-forward pipelines, LongSplat introduces an incremen-
tal update mechanism that compresses redundant Gaus-
sians and incrementally integrates current-view observations
into a consistent global scene. Central to our design is
the Gaussian-Image Representation (GIR), which projects
3D Gaussians into structured 2D maps for efficient fusion,
identity-aware compression, and 2D-based supervision. By
enabling lightweight per-frame updates and effective histor-
ical modeling, LongSplat mitigates memory overhead and
quality degradation in dense-view settings. Extensive exper-
iments show that it achieves real-time rendering, improves
visual quality, and reduces Gaussian redundancy by over
44%, offering a scalable solution for high-quality online 3D
reconstruction.
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