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Abstract

Maintaining consistent 3D scene representations over time
is a significant challenge in computer vision. Updating 3D
scenes from sparse-view observations is crucial for vari-
ous real-world applications, including urban planning, disas-
ter assessment, and historical site preservation, where dense
scans are often unavailable or impractical. In this paper,
we propose Cross-Temporal 3D Gaussian Splatting (Cross-
Temporal 3DGS), a novel framework for efficiently recon-
structing and updating 3D scenes across different time peri-
ods, using sparse images and previously captured scene pri-
ors. Our approach comprises three stages: 1) Cross-temporal
camera alignment for estimating and aligning camera poses
across different timestamps; 2) Interference-based confidence
initialization to identify unchanged regions between times-
tamps, thereby guiding updates; and 3) Progressive cross-
temporal optimization, which iteratively integrates historical
prior information into the 3D scene to enhance reconstruc-
tion quality. Our method supports non-continuous capture,
enabling not only updates using new sparse views to refine
existing scenes, but also recovering past scenes from lim-
ited data with the help of current captures. Furthermore, we
demonstrate the potential of this approach to achieve tem-
poral changes using only sparse images, which can later be
reconstructed into detailed 3D representations as needed. Ex-
perimental results show significant improvements over base-
line methods in reconstruction quality and data efficiency,
making this approach a promising solution for scene version-
ing, cross-temporal digital twins, and long-term spatial docu-
mentation.

Introduction

Maintaining consistent and updatable 3D scene representa-
tions across time is a fundamental yet underexplored chal-
lenge in computer vision and graphics. While modern tech-
niques such as Neural Radiance Fields (NeRF) and 3D
Gaussian Splatting (3DGS) have dramatically improved the
quality and interactivity of static 3D scene modeling, they
are largely limited to single-timestamp reconstruction. In
many real-world applications, such as urban digital twins,
cultural heritage preservation and post-disaster response,
there is a growing need to reconstruct, revise and compare
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Figure 1: Scene update via Cross-temporal 3DGS. Given
sparse-view inputs at t,, our proposed Cross-temporal
3DGS updates the 3D scene from a well-observed times-
tamp ¢ to the sparse observed timestamp %,,.

scenes across different points in time, often from sparse or
incomplete visual data. This demands not only high-fidelity
scene reconstruction, but also robust temporal generalization
under sparse-view and non-continuous capture settings.

A city planner may wish to assess changes in urban lay-
out over several years using only archival images. A con-
servation team may need to restore a damaged historical
site using both prior 3D reconstructions and newly acquired
photographs. In these scenarios, data are often limited to a
few unordered captures across different devices, viewpoints,
or timestamps, making conventional dense-reconstruction
pipelines infeasible. The ability to update scenes from sparse
observations, using previously captured models as priors,
would enable a “reconstruct-on-demand” paradigm for long-
term spatial documentation and analysis.

Despite increasing interest in dynamic 3D reconstruction
and scene editing, existing methods struggle to meet this
goal. Dynamic 3DGS methods like 4D-GS require dense
temporal observations and explicit motion modeling, ren-
dering them unsuitable for independently captured time-
points. Change detection techniques such as Wild-Gaussian
and CL-Splats can localize scene differences but often fail
to reconstruct updated scene-level geometry or rely on cam-
era consistency. Meanwhile, 3D scene editors such as Gaus-
sianEditor support manual or text-guided manipulation but
depend heavily on user intervention and offer limited struc-
tural accuracy. These approaches expose a critical gap: the
lack of a unified framework capable of updating 3D scenes
from sparse cross-temporal images.



To address these challenges, we propose Cross-Temporal
3D Gaussian Splatting (Cross-Temporal 3DGS), a novel
framework designed to update or recover 3D scenes across
time using sparse views and historical priors. Our method
introduces a three-stage pipeline to bridge the temporal gap
between independently captured observations:

Firstly, we implement Cross-Temporal Camera Align-
ment, which aligns camera poses by matching point clouds
from ¢y and t,. This ensures geometric consistency across
different capture conditions, laying a solid foundation for
subsequent updates. The second stage is Interference-
Based Confidence Initialization. Rather than depending
on dense optical flow, we propose a mechanism that iden-
tifies regions in ¢y closely matching structures in ¢,. This
approach generates confidence maps for the views in %,
with high-confidence regions providing auxiliary supervi-
sion during reconstruction, thereby enhancing the reliabil-
ity of updates. Finally, we introduce Progressive Cross-
Temporal Optimization. Utilizing the high-confidence re-
gions from ¢(, we conduct a confidence-guided 3DGS train-
ing at t,,, where confidence maps are iteratively refined. This
progressive integration of prior information helps mitigate
the limitations posed by sparse observations at ¢,,, ultimately
improving both fidelity and efficiency.

We validate our approach through extensive experiments
on both synthetic and real-world cross-temporal datasets.
Compared to baseline, sparse-view reconstruction and edit-
ing methods, Cross-Temporal 3DGS achieves substantial
improvements in reconstruction quality, structural consis-
tency, and computational efficiency, demonstrating its po-
tential for scalable deployment in temporal scene analysis
and historical modeling tasks.

Our contributions can be summarized as follows:

* We introduce the first 3DGS-based framework capable of
cross-temporal scene updates from sparse observations;

* We design a novel confidence-guided optimization strat-
egy to selectively propagate reliable priors while adapt-
ing to new scene content;

* We construct a benchmark dataset and show significant
performance gains over baselines in quality, robustness,
and efficiency.

Related Works

3D Gaussian Splatting: 3D Gaussian Splatting (3DGS)
has emerged as a powerful representation for high-quality
3D reconstruction and real-time rendering, offering superior
performance compared to mesh-based methods and NeRF.
Previous works has optimized 3DGS for efficiency (Na-
vaneet et al. 2023; Niedermayr, Stumpfegger, and Wester-
mann 2024), rendering fidelity (Cheng et al. 2024; Yan et al.
2024; Zhang et al. 2024), and sparse-view reconstruction
(Chung, Oh, and Lee 2024; Zhu et al. 2023). Some works
focus on real-time rendering (Fan et al. 2025; Li, Huang,
and Huang 2025), while others target human reconstruc-
tion (Dongye et al. 2024; Zhao et al. 2024; Kleinbeck et al.
2025). Also, several studies concentrate on scene recon-
struction (Schieber et al. 2025; Wang et al. 2025c; Zhai et al.
2025) and editing (Ren et al. 2024; Schieber et al. 2025).
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Compared to NeRF, which suffers from long training time
and implicit representation, 3DGS provides explicit, splat-
based structures that are more suitable for incremental up-
dates, partial reconstructions, and scene comparison across
time, which are the critical needs in urban planning, disas-
ter inspection, and historical preservation. But most works
assume single-timestamp or dense multi-view inputs, leav-
ing a gap in addressing cross-temporal scene reconstruction
from sparse observations.

Our work addresses this gap by leveraging 3DGS for non-
continuous, temporally sparse scene updating, enabling his-
torical priors to guide current reconstructions and support-
ing scene recovery even when only partial or intermittent
imagery is available.

3D Scene Updating: Despite recent advances in 3DGS,
updating 3D scenes over time remains challenging, espe-
cially under sparse and temporally unaligned observations.
Existing efforts can be categorized into three directions:

Dynamic reconstruction methods, such as 4D-GS (Wu
et al. 2024), model continuous motion via per-frame defor-
mation fields. Other studies focus on optimizing deforma-
tion fields for enhanced results (Lin et al. 2024; Yang et al.
2024), while others model dynamic properties by construct-
ing individual trajectories for each Gaussian (Kratimenos,
Lei, and Daniilidis 2024; Li et al. 2024; Luiten et al. 2024).
However, they rely on temporally dense sequences and accu-
rate motion estimation, which are impractical for real-world
scenarios with independently captured timepoints.

Change detection approaches, including 3DGS-CD (Lu,
Ye, and Leonard 2025), CL-Splats (Ackermann et al. 2025)
and Fast-Nerf-Update (Lu et al. 2024), focus on identi-
fying local object-level changes. These methods are lim-
ited to foreground displacement or appearance variations
and lack the capacity to recover complete scene structures
across time. Other scene-level methods, such as WildGaus-
sians (Kulhanek et al. 2024), focus on the construction of
stable segments of the scene, unable to perform scene up-
dates. Scene versioning and archival tools, like GS-LTS
(Fu et al. 2025) and RealityGit (Li et al. 2023), main-
tain temporal scene snapshots. However, they require strict
camera pose consistency and often fail under sparse ob-
servations. Some studies exploring semantic-driven editing
(Haque et al. 2023; Palandra et al. 2024; Brooks, Holyn-
ski, and Efros 2023; Wang et al. 2023, 2025b,a, 2024a; Ren
et al. 2024; Schieber et al. 2025), supporting manual or text-
driven edits but lack automatic change inference and of-
ten result in geometrically inconsistent updates. Others have
utilized manually annotated objects for modifications (Gor-
don, Avrahami, and Lischinski 2023; Zhuang et al. 2023;
Chen et al. 2024), which also face the same problem. Our
work benefits from these valuable works, while general deep
learning training strategies (Bao et al. 2022b,a, 2024, 2025)
also support our framework.

These limitations highlight the need for a framework that
can (1) align independently captured scenes across time, (2)
identify reliable priors without manual annotation, and (3)
progressively update the scene from sparse images. We pro-
pose Cross-Temporal 3DGS, a unified pipeline for scene up-
dates under sparse, asynchronous observations.
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Figure 2: Overview of Cross-Temporal 3DGS. The framework aligns cross-temporal camera poses, initializes confidence maps
to identify stable regions, and progressively incorporates these priors to update the 3D scene.

Methodology Camera Centers: Original vs Transformed
. . . ® Camera Centers of tn (Original)
Overview Directly reconstructing a 3D scene from sparse o Camera Centers of tn (Ground Truth)

views at the target time results in significant degradation ® Camera Centers of tn (Transformed)
of reconstruction quality and fails to utilize historical data
as effective priors, degrading the accuracy and usability
of scene updates in real-world applications such as urban
change monitoring or disaster recovery. Existing 3DGS-
based scene update methods, such as scene editing, often
rely on manual annotations or semantic guidance, which can
be unreliable and uncontrollable. This limitation restricts
usability and realism in real-world applications. Further-
more, current dynamic scene reconstruction methods based
on 3DGS typically assume temporal continuity and camera

consis'tency, necessitating extensive training time, making Figure 3: Cross-Temporal Camera Alignment. This process

them ill-suited fpr sCenarios wher.e. past and current data are estimates and aligns camera poses from different timestamps

captured under inconsistent conditions. (to and t,,) by registering dense point clouds, ensuring geo-
These limitations highlight several critical challenges for metric consistency for effective scene updates.

scene updates: 1) Lack of cross-temporal alignment for non-
continuous captures, 2) Inability to automatically extract pri-
ors from previous observations, and 3) Failure to effectively
leverage these priors during sparse-view reconstruction.

As shown in Figure 2, Our method addresses these gaps
through three key innovations: 1) Cross-Temporal Camera
Alignment: Utilizing point cloud registration to ensure ro-
bust alignment of camera poses across different timestamps,
2) Interference-Based Confidence Initialization: Auto-
matically identifying stable regions in the scene through
interference-based methods, allowing for the preservation
of prior knowledge, and 3) Progressive Cross-Temporal

ring prior scene information from ¢y to ¢,, without address-
ing this misalignment introduces geometric inconsistencies
and projection errors, ultimately degrading reconstruction
quality. To resolve this issue, we align the two timestamps
into a unified coordinate system by leveraging scene struc-
tures. While local scene variations may exist, we assume
that the global layout remains largely unchanged, allowing
us to determine an optimal rigid transformation using cross-
temporal point cloud registration.

We estimate camera poses and generate a dense point

Optimization: Intggrating high-quality scene priors. into the cloud P, at t,, using DUSt3R (Wang et al. 2024b), as dense
3DGS reconstruction process progressively, enhancing both point clouds show positive effects for sparse-view recon-
fidelity and computational efficiency. struction (Fan et al. 2024; Chen, Zhou, and Li 2024). Then
. downsample P, into 1/4 for better efficiency (Fan et al.
Cross-Temporal Camera Alignment 2024). To align these with the COLMAP coordinate sys-
Independent pose estimation at separate time points can tem, we compute a similarity transformation S by minimiz-
lead to coordinate system misalignment. To ensure geomet- ing the reprojection error. This optimization is solved us-
ric consistency across independently captured timestamps, ing the Levenberg—Marquardt (LM) algorithm (Triggs et al.
we propose a cross-temporal camera alignment strategy that 2000), which optimizes rigid transform parameters with 2D
reconstructs and registers scene structures across time, en- keypoint matches of points projected into ¢y views, where
abling a unified coordinate for subsequent optimization. the reprojection error is the sum of squared pixel distances
The camera poses at different timestamps (¢ and ¢,,) lead between DUSt3R point projections and 2D keypoint obser-
to an unknown rigid transformation (rotation R and transla- vations, minimized via LM to estimate the transformation.
tion t) between their coordinate systems. Directly transfer- After obtaining the optimal transformation S, the Dust3R
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Figure 4: Point cloud alignment of ¢, and ¢,,. Initial align-
ment results (left) are further refined using ICP to achieve a
more precise transformation (right), ensuring accurate regis-
tration of scene structures and camera poses.

point cloud is transformed into an aligned point cloud as
shown in the left-down of Figure 4. To further improve the

geometric consistency between P2€"! and the COLMAP
point cloud P,, we employ the Iterative Closest Point (ICP)
algorithm (Zhang 1994) to formulate the transformation and
apply to both the point cloud and the camera poses, the ex-
ample result is in Figure 3.

Finally, the fused point cloud is defined as:

Prused = P U Piened, (1

This achieves accurate static regions while notably capturing
the structural updates at ¢,,. This provides a robust geometric
foundation for subsequent cross-temporal scene updates.

Interference-Based Confidence Initialization

Directly transferring the original 3DGS model can introduce
artifacts in dynamic regions. To mitigate this, we propose a
self-supervised confidence estimation method that automat-
ically identifies stable regions, thereby reducing reliance on
manual annotations.

Our core insight is that relatively stable regions should
demonstrate minimal degradation in rendering quality when
their Gaussian parameters are subjected to controlled pertur-
bations guided by views at t,,. Conversely, regions that ex-
perience significant changes between timestamps ¢y and ¢,
will exhibit greater sensitivity to these perturbations. Based
on this principle, we estimate confidence values for each
region and construct a confidence map. This interference
quantifies how the original scene remains stable.

We initiate the process using the 3D Gaussian model G
reconstructed from #,. A brief adaptation phase is conducted
with sparse-view images from ¢,,, enabling the optimizer to
adjust Gaussian parameters that conflict with the new ob-
servations, while allowing static regions to remain largely
unchanged.

To quantify regional stability, we employ a modified
Structural Similarity Index (SSIM) (Wang et al. 2004) that
minimizes the effects of luminance and contrast variations.
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We weight the perturbing Gy by modified SSIM instead of
direct pixel losses as the later mis-update unreliable regions
(color similar or visible at ¢, but absent at ¢,,), causing arti-
facts. We calculate the modified SSIM between the rendered
image I, after perturbation and the original ground-truth
image I;. By excluding the luminance term and constrain-
ing the contrast term, this formulation emphasizes structural
similarity, thereby reducing sensitivity to changes in illumi-
nation and contrast.

We construct confidence maps by partitioning the image
space and computing a modified SSIM-based stability score.
Regions exceeding a similarity threshold are treated as high-
confidence areas and used to guide the update process.

Progressive Cross-Temporal Optimization

Under sparse-view conditions, 3DGS often lacks sufficient
constraints, leading to floating artifacts and needle-like
structures. To address this issue, we propose a progressive
optimization strategy that utilizes the fused point clouds as
geometric priors. Our method incrementally activates high-
confidence regions first, followed by iterative confidence ex-
pansion, which allows low-confidence regions to be opti-
mized in later stages. This approach ensures a more stable
reconstruction by progressively integrating geometric priors.

We begin by using the fused point cloud Pjygeq to pro-
vide robust geometric constraints for the ¢,, scene. This point
cloud leverages the high accuracy of the reconstruction from
to alongside the updated structure from t,. The incorpo-
ration of such dense priors enhances 3DGS quality under
sparse supervision and reduces the number of training iter-
ations required. The fused point cloud serves solely as an
initialization prior, gradually fading out as optimization pro-
gresses and image supervision dominates.

Preliminary Training with Sparse Observations. Using
Prused, we initialize the 3DGS model G, at t,, and conduct a
preliminary optimization utilizing sparse-view images from
t, and high-confidence regions from ty. The loss func-
tion combines photometric consistency with confidence-
weighted regularization:

Linit = ZCP Z ||I.1rcender - I]in ||1
p

kep

)
+ (1= SSIM(I™, ;) |,

where p denotes an image patch, c,, is the confidence value
for patch p (ranging from O to 1), and k£ € p represents a
pixel within that patch. Here, I,rf"d“ is the color of the ren-
dered image at pixel k, while 1 ,i" refers to the ground truth
color at pixel k from the target timestamp ¢,,. er“der and [, ;n
are collections of pixels within patch p.

Iterative Confidence Expansion. To refine confidence
maps and expand reliable regions, we exploit the observa-
tion that 3DGS typically renders higher-quality images near
the training viewpoints. For each viewpoint 7 in ¢y, we ren-
der Ii, .. using the current model G,, and compute a fine-
grained similarity score against the ground-truth image If;o.



We refine the confidence map through finer-grained simi-
larity evaluation and stricter thresholds. Patch-wise modified
SSIM scores are used to progressively expand confident re-
gions across optimization iterations. We define the updated

confidence map Ci.. for viewpoint i as:
i o 1 if mSSIM(p) 2 Titer
Ciier(p) = {O otherwise. ©

This finer partitioning facilitates localized expansion of
high-confidence regions. The scene areas corresponding to
these patches are added to the supervision set, and G, is
re-optimized with an updated loss.

As more stable regions are incorporated, the refined ge-
ometry of G,, improves rendering quality for viewpoints
near tg, thus reinforcing a positive feedback loop. The re-
finement process terminates either after a fixed number of
iterations or once the confidence map converges.

At last, static regions are fixed based on high-confidence
priors from ¢y, while dynamic regions are optimized using
sparse views from t,,. The complete pipeline achieves ge-
ometric consistency in static regions while recovering fine
details in dynamic areas under sparse conditions.

This progressive approach effectively bridges the sparse
observations at t,, with the rich priors from ¢, enabling effi-
cient and accurate scene updates for real-world applications.
The iterative confidence expansion ensures that the system
adapts automatically to scene changes without manual inter-
vention, striking a balance between reconstruction quality
and computational efficiency.

Experiments

Compared Methods: We compare our method with three
baselines: original 3DGS method, a 3DGS-based sparse-
view reconstruction approach InstantSplat (Fan et al. 2024)
and a recent scene editing framework.

The baseline is defined as direct 3DGS (Kerbl et al.
2023) trained from scratch using only the sparse-view im-
ages at time t,,, without leveraging image prior informa-
tion from time ¢, yet utilise the fused dense point clouds
in our method. This setup reflects a typical reconstruc-
tion pipeline under sparse and temporally isolated obser-
vations, and serves as a strong lower bound for perfor-
mance in the absence of scene priors. The GaussianEditor
(Chen et al. 2024) comparison involves using a 3D scene
editing method that enables semantic text-guided updates
over an existing 3DGS scene. While it is not originally in-
tended for cross-temporal reconstruction, we adapt it for this
task by supplying annotated text prompts to indicate desired
scene changes. This comparison highlights the limitations of
editing-based approaches in achieving geometrically consis-
tent and temporally accurate updates.

Implement Details: All experiments are conducted on
a single NVIDIA RTX A5000 GPU. We adopt the official
3DGS implementation as the reconstruction backbone and
apply our method to both synthetic and real-world datasets.

For Interference-Based Confidence Initialization, each
image is divided into 16 x 16 patches, and a patch is as-
signed high confidence if the modified SSIM score exceeds
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Method PSNRT SSIM{ LPIPS| Time/s|
Baseline 1587  0.683 0447  160.55
Instant-Splat ~ 16.18  0.580  0.534  405.66
GS-Editor 1216 0554 0714  501.60
Ours 2389  0.8641 02394  310.00

Table 1: Quantitative comparisons on the cross-temporal
dataset.

a threshold 7 = 0.8. Confidence maps are computed af-
ter a brief adaptation phase of 500 optimization steps using
sparse-view images from the target timestamp ¢,,.

During Progressive Cross-Temporal Optimization,
confidence maps are refined every 108 epochs using a
stricter threshold i, = 0.92 and finer patch size 32 x 32.
The full optimization process runs up to 7000 iterations or
terminates earlier if the confidence map coverage change
falls below 2%.

Each scene includes a pretrained 3DGS model at time ¢
(trained for 7000 steps). The update process at time ¢,, uses
8 sparse training views and 4 test views.

Datasets: We conducted experiments on our new dataset,
which is specifically made for the cross-temporal scene up-
date task. The dataset is well-suited for that task because it
handles object additions, removals, and modifications within
the scene, ensuring cross-temporal updates for the scene.
The dataset consists of one virtual scene and four real-world
scenes, namely City, Airpods, Cup, Keyboard, and Tower.
At time ty, each scene includes 100 images with corre-
sponding camera poses, while at time %,,, it contains 12 im-
ages. All images are at standard 1920*1080p. Additionally,
the dataset includes a pre-trained 3DGS model with 7000
epochs trained at tg, providing a structured benchmark for
evaluating cross-temporal scene updates.

Metrics: We report image metrics of PSNR (Horé and
Ziou 2010), SSIM (Wang et al. 2004), and LPIPS (Zhang
et al. 2018), that cover different aspects of image quality
for evaluation. We also report the time consumption for the
training process. PSNR (Peak Signal-To-Noise Ratio) com-
pares a given signal with the source signal. LPIPS (Learned
Perceptual Image Patch Similarity) aims to simulate percep-
tual similarity in human vision. SSIM (Structure Similarity
Index Measure) is used to quantify structural similarity.

Quantitative Comparisons

We compare our method with three baselines: (1) a standard
3DGS model trained from scratch using only sparse views at
time ¢, (2) GaussianEditor, a 3DGS-based semantic editing
framework, and (3) InstantSplat, a recent sparse-view recon-
struction method.

Table 1 presents the average performance across all
scenes. Our method significantly outperforms all baselines
on three quality metrics: PSNR, SSIM, and LPIPS. In par-
ticular, our approach achieves a PSNR improvement of over
7 dB compared to the standard 3DGS baseline, along with
notable gains in perceptual similarity (LPIPS) and structural
consistency (SSIM). These results demonstrate the effec-
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Figure 5: Qualitative Comparison. We present the performance of four different methods (InstantSplat, Baseline, GaussianEdi-
tor, Ours) across three scenes in the dataset (Airpods, Tower). For each scene, we show one training view and two testing views
to illustrate the effectiveness of each approach. The changed parts were highlighted in boxes.

tiveness of leveraging historical priors and progressive op-
timization for cross-temporal scene updates.

While InstantSplat achieves faster rendering and accept-
able quality under extreme sparsity, its performance is no-
tably lower in fidelity-oriented metrics, indicating a trade-off
between speed and reconstruction accuracy. GaussianEditor,
originally designed for semantic-guided editing, struggles to
produce geometrically consistent updates from sparse-view
observations and suffers from degraded perceptual quality.

In terms of runtime, our method maintains a favorable
balance between reconstruction quality and computational
cost. Although slightly slower than the baseline, it is signif-
icantly more efficient than GaussianEditor and comparable
to InstantSplat, with all methods completing within practi-
cal time bounds. Overall, our framework provides a scalable
and accurate solution for cross-temporal 3D scene updates
from sparse views.

Qualitative Comparisons

Figure 5 illustrates qualitative results comparing four meth-
ods: our Cross-Temporal 3DGS, the direct 3DGS baseline,
InstantSplat, and GaussianEditor. Each row shows a train-
ing view and two testing views, allowing visual inspection
of reconstruction consistency, structural fidelity, and ability
to reflect scene changes.

The baseline 3DGS model, trained from scratch using
sparse views, often exhibits floating artifacts, structural col-
lapse, or over-smoothed regions due to the lack of strong su-
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pervision. InstantSplat achieves fast reconstruction but suf-
fers from coarse geometry and incomplete details, especially
in occluded or updated areas.

GaussianEditor performs semantic-guided editing over a
pre-trained scene, but the changes are often inconsistent
across views and lack geometric precision, as it does not ex-
plicitly align historical and current observations.

In contrast, our method achieves superior structural com-
pleteness and temporal coherence. By leveraging high-
confidence priors and progressive optimization, our recon-
structions preserve fine details in static regions while faith-
fully integrating changes in dynamic parts. The consis-
tent quality across testing views highlights the benefit of
cross-temporal alignment and confidence-aware supervi-
sion. These results confirm that our approach not only im-
proves perceptual quality but also ensures view-consistent
and structurally plausible updates under sparse observations.

Ablation Study

To demonstrate the effectiveness of each part of our pro-
posed method, we conduct various ablation studies.
Ablation of Cross-Temporal Camera Alignment: To
evaluate the impact of our camera alignment strategy, we
perform two variants of ablation. In Ablation 1, we directly
utilize the camera poses obtained from SfM at time ¢,, with-
out any temporal alignment. This results in misaligned co-
ordinate systems between ¢( and ¢,,, introducing geometric
inconsistencies that degrade the effectiveness of prior trans-



Method PSNRt SSIMt LPIPS|
Ablation 1 23.67 0.860 0.258
Ablation2  21.84 0.808 0.324
Ours 23.89 0.864 0.239

Table 2: Ablation of Cross-Temporal Camera Alignment.

Method PSNRt SSIM{t LPIPS| Time/s)
Ablation3  19.38 0.759 0.342 370.18
Ablation4  21.79 0.814 0.291 271.25
Ours 23.89 0.864 0.239 310.00

Table 3: Ablation of Confidence Initialization and Progres-
sive Optimization.

fer and subsequent reconstruction. In Ablation 2, we par-
tially apply our alignment procedure by estimating a coarse
transformation but skip the ICP refinement step. This fails to
correct fine misalignments, especially around detailed struc-
tures. As shown in Table 2, both variants lead to performance
drops compared to the full method. Ablation 1 achieves a
PSNR of 23.67, while Ablation 2 drops further to 21.84,
along with a noticeable decrease in SSIM and increase in
LPIPS. These results indicate that full alignment, including
both coarse registration and ICP refinement, is critical for
achieving accurate geometric consistency across time. Vi-
sual inspections further confirm that unaligned models often
suffer from distorted structures and unstable projections.

Ablation of Confidence Initialization and Progressive
Optimization: We also evaluate the contributions of our
confidence-aware update strategy by conducting ablations
on the two key components: confidence initialization and
progressive confidence refinement. In Ablation 3, we dis-
able the confidence estimation entirely and directly fine-
tune the pretrained model G on the sparse images at t,,.
Direct finetuning of G on t,, images without confidence
guidance yields significantly lower image quality and unsta-
ble training, confirming the effectiveness of our confidence-
aware approach. In Ablation 4, we retain the initial con-
fidence maps but skip progressive updates, keeping them
fixed throughout training. This restricts the system’s abil-
ity to adaptively expand reliable supervision. As presented
in Table 3, the full method consistently outperforms both
ablations across all metrics. Compared to Ablation 3, our
method improves PSNR by 4.5 dB and achieves better struc-
tural similarity and perceptual quality. Compared to Abla-
tion 4, the gains are more modest but consistent, particu-
larly in LPIPS (0.2394 vs. 0.291), indicating better percep-
tual alignment. Furthermore, the computational overhead in-
troduced by confidence refinement is minimal (approx. 30
seconds), due to our confidence update strategy. These re-
sults confirm that both initial confidence estimation and its
progressive refinement are essential for stable and effective
cross-temporal optimization.

Ablation of Sparse Camera View Quantity and Dis-
tribution: To analyze how the number and spatial distri-

2333

Views \ Layout \ PSNRT SSIM?T LPIPS|
4 Concentrated 23.26 0.854 0.263
Uniform 23.32 0.855 0.262

6 Concentrated 23.55 0.853 0.263
Uniform 23.56 0.860 0.251

3 Concentrated 23.79 0.859 0.263
Uniform 23.89 0.864 0.239

Table 4: Ablation of Sparse Camera View Quantity and Dis-
tribution.

bution of sparse views affect reconstruction performance,
we perform a systematic ablation by varying the number
of input views (4, 6, 8) and comparing two spatial layouts:
concentrated (views clustered in one direction) and uniform
(evenly distributed views). This simulates real-world sce-
narios where images may be limited in quantity and biased
in viewpoint. Table 4 reports the quantitative results. In-
creasing the number of views improves reconstruction qual-
ity, with diminishing returns beyond 6 views. Under each
view count, uniformly distributed views consistently out-
perform concentrated ones. The effect is most prominent
in the LPIPS metric, where uniform layouts reduce percep-
tual distortion. Notably, even with only 4 uniform views, our
method maintains competitive quality (PSNR 23.32, LPIPS
0.2629), demonstrating its robustness to extreme sparsity.
These results emphasize the importance of both view quan-
tity and spatial coverage when designing data collection pro-
tocols for cross-temporal updates.

Limitation and Future Work

Our method still exhibits several limitations. Under extreme
sparsity, DUSt3R poses may become unreliable due to lim-
ited image overlap or weak textures, which can propagate er-
rors to the initialization and subsequent optimization. More-
over, handling drastic geometric changes across time also
remain challenging. Overall, our approach assumes predom-
inantly stable global scene layouts; large-scale deformations
and severe structural changes pose challenges and are in-
tended for future work.

Conclusion

In this paper, we present Cross-Temporal 3DGS, a uni-
fied framework for updating or reconstructing 3D scenes
across different timestamps using sparse-view images and
historical priors. Our method tackles the core challenges of
cross-temporal modeling through three components: cross-
temporal camera alignment, interference-based confidence
initialization, and progressive optimization for integrating
priors over time. Experiments on real and synthetic datasets
verify the contribution of each component and show that
our approach achieves high-fidelity, temporally consistent
reconstructions even under severe sparsity. By enabling reli-
able updates from as few as 4 unconstrained images, Cross-
Temporal 3DGS offers a practical and data-efficient solution
for long-term scene modeling.
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