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Figure 1: Comparison with other methods when continuously reconstructing new scenes on top of old scenes in the synthetic dataset.
Following the reconstruction of the new scene, the original Gaussian Splatting method fail to address catastrophic forgetting, resulting in
damage to parts of old scene. Although recent methods based on NeRF counteract catastrophic forgetting by implicitly representing 3D
scenes, they suffer from limitations in training time and reconstruction quality compared to our approach

Abstract

3D Gaussian Splatting (3DGS) has gained significant attention for its fast optimization and high-quality rendering capabilities.
However, in the context of continual scene reconstruction, optimizing newly observed regions often leads to degradation in previ-
ously reconstructed areas due to changes in camera viewpoints. To address this issue, we propose Continual Gaussian Splatting
(CGS)—an efficient incremental reconstruction method that updates dynamic scenes using only a limited amount of new data
while minimizing computational overhead. CGS is composed of three core components. First, we introduce a similarity-based
registration algorithm that leverages the strong semantic understanding and translation invariance of pretrained Transformers
to identify and align similar regions between new and existing scenes. These regions are then modeled as Gaussian Mixture
Models (GMMSs) to handle sparsity and outliers in point clouds, ensuring geometric consistency across scenes. Second, we
propose Continual Gaussian Optimization (CGO), an importance-aware optimization strategy. By computing the Fisher In-
formation Matrix, we evaluate the significance of each Gaussian point in the old scene and automatically restrict updates to
those deemed critical, allowing only non-sensitive components to be adjusted. This ensures the preservation of the original
scene while efficiently integrating new content. Finally, to address remaining issues such as geometric inconsistencies, blur-
ring, and ghosting artifacts during optimization, we introduce a series of geometric regularization techniques. These terms
guide the optimization toward geometrically coherent 3D structures, ultimately enhancing rendering quality. Extensive exper-
iments demonstrate that CGS effectively mitigates forgetting and significantly improves overall reconstruction fidelity. (see
https://www.acm.org/publications/class-2012)
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Figure 2: Explanation of the causes of partial and complete catas-
trophic forgetting: Due to changes in camera poses, some areas
within the common regions experience catastrophic forgetting. The
left image is partial forgetting, while the right image is complete
forgetting.

1. Introduction

Gaussian splatting is a powerful model capable of reconstructing
3D scenes from a limited number of multi-view images [KKLD23].
Compared to Neural Radiance Fields (NeRF) [MST*21], it of-
fers higher reconstruction quality and faster performance, nearly
achieving real-time capabilities. These attributes make it partic-
ularly valuable for applications in augmented reality and au-
tonomous driving. However, most existing methods are designed
for static scenes, whereas in practical applications, there are of-
ten continuously evolving, such as in simultaneous localization
and mapping (SLAM), where the scene expands, and objects may
be added or removed. Therefore, investigating how to reconstruct
evolving 3D scenes with minimal cost is meaningful.

However, when reconstructing new scenes, existing methods
still face the challenge of catastrophic forgetting. Although re-
cent NeRF-based approaches attempt to alleviate this issue through
implicit 3D representations, they suffer from notable limitations
in training efficiency and reconstruction quality. While Gaussian
Splatting provides an explicit 3D representation, the overlapping
regions between scenes are still prone to forgetting due to changes
in camera poses during the acquisition of new and old scene im-
ages. This is because scene updates affect all Gaussians with non-
zero opacity along the ray paths from the camera to the image
plane in the original scene. Prior studies (e.g., [SMLM24a]) have
attempted to mitigate forgetting via replay mechanisms, but these
methods typically require storing keyframes from the previous
scene, resulting in unnecessary storage overhead. Other methods
[CXL*24] employ registration-based stitching to achieve contin-
ual reconstruction, but their pipelines are often complex and not
well-suited for real-world applications. Fig. 2 provides a visual ex-
planation of the causes behind partial and complete catastrophic
forgetting during 3DGS-based reconstruction.

To enable efficient continual reconstruction, we propose a
method called Continual Gaussian Splatting (CGS). This approach
facilitates incremental reconstruction of evolving scenes based on
a limited amount of new 2D data, while updating the existing scene
at a low computational cost.

Due to discrepancies in camera poses between the old and new

scenes—and the inability to achieve accurate initialization using
only new scene data via Structure-from-Motion (SfM) [SF16]—we
introduce a registration algorithm. This algorithm leverages a
pretrained Transformer (e.g., Swin Transformer [LLC*21]) to
extract features from both scenes. Benefiting from the Trans-
former’s strong semantic understanding and translation invariance,
the model identifies and matches similar regions across scenes.
Gaussians within these regions are modeled as two Gaussian Mix-
ture Models (GMMs), which effectively handle sparse and noisy
point clouds, thereby improving robustness to irregular structures
and local variations. The transformation matrix between scenes is
then estimated to complete the registration.

To prevent catastrophic forgetting in overlapping areas, we pro-
pose an importance-aware optimization strategy. Specifically, we
compute the Fisher Information Matrix to assess the significance
of each Gaussian point in the old scene. Highly important points
are tightly constrained to remain unchanged during the optimiza-
tion of the new scene, while less critical points are allowed greater
flexibility for adaptation. This ensures the integration of new con-
tent without compromising existing scene integrity.

To address remaining issues such as geometric inconsistency,
image blur, and ghosting artifacts during optimization, we further
introduce a set of geometric regularization techniques. These reg-
ularization terms guide the optimization process toward geomet-
rically consistent 3D structures, thereby mitigating the impact of
artifacts and enhancing the final rendering quality.

To validate the effectiveness of our method, we conducted ex-
tensive experiments across a series of datasets. The results demon-
strate that our model consistently outperforms all compared meth-
ods in the task of reconstructing evolving scenes. It even achieves
competitive results compared to the latest SLAM methods. No-
tably, our approach effectively mitigates forgetting, outperforming
methods based on replay or attention mechanisms. In summary, our
primary contributions are:

e We propose a Similarity-based Registration (SBR) module that
aligns old and new scenes by leveraging Transformer-based se-
mantic features and robust Gaussian Mixture Model (GMM) reg-
istration.

e We propose a Continual Gaussian Optimization (CGO) strategy
that uses the Fisher Information Matrix to selectively constrain
important Gaussians, thereby preventing catastrophic forgetting
in overlapping regions.

e We propose a set of geometric regularization techniques that
guide the optimization toward consistent 3D structures, reduc-
ing artifacts such as blur and ghosting.

2. Related Work
2.1. 3D Gaussian Splatting

Recent advancements in 3D Gaussian methods have shown sig-
nificant promise in various applications, such as Fuzzy Meta-
balls [KH22, KH23], VoGE [WWS*22], and 3DGS [KKLD23].
3DGS stands out for its exceptional performance in real-time
novel-view synthesis of high quality. This technique employs
3D Gaussians to depict scenes and incorporates a fast NeRF-
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inspired rendering algorithm to enable anisotropic splatting, result-
ing in cutting-edge visual fidelity and swift high-resolution ren-
dering. Beyond its rendering capabilities, Gaussian splatting of-
fers a clear geometric scene structure and visual representation,
which aids in accurate scene modeling [YYP*23]. This promis-
ing technology has quickly been applied in various fields, includ-
ing 3D generation [CWL23, TRZ*23, YFW*23], dynamic scene
modeling [LKLR23, WYF*23, YGZ*23], and photorealistic driv-
able avatars [ZBS*23]. Based on the excellent performance of
Gaussian splatting, many researchers have applied it to SLAM
and proposed numerous improvement methods [SLOD21,ZPL*22,
RLC23,JGW*24,SMLM?24b, YHS*24]. However, SLAM is only a
specific application of continual reconstruction. Currently, there is
no more generalized continual learning method based on Gaussian
Splatting.

2.2. Continual Learning

Continual learning aims to learn from a sequence of data with
distributional shifts without storing historical data [DLAM™*21].
Simple training on non-i.i.d. sequential data suffers from catas-
trophic forgetting [LWTX24] and performs poorly on historical
data. A popular approach is to regularize the training objective
to prevent forgetting [LH17]. However, since regularization does
not rely on historical data, its practical effectiveness is limited.
Parameter isolation methods prevent forgetting by freezing neu-
rons used for previous tasks and using new neurons for subsequent
tasks [ML18, SSMK18]. Although these methods guarantee mem-
ory retention, they have limited capacity or significantly increase
network size when faced with many tasks. Replay-based methods
use historical data to prevent forgetting, either storing this data
in small replay buffers [CRE*19] or synthesizing it using gener-
ative models. Generative replay [SLKK17], which synthesizes his-
torical data, performs poorly for image classification because gen-
erative models introduce additional parameters and struggle with
high-resolution images. Some researchers have proposed contin-
ual learning models based on task similarity [YC23], which avoid
catastrophic forgetting and learn from old tasks to improve perfor-
mance on new tasks.

2.3. 3D Reconstruction of Evolving Scenes

Several methods combining continual learning and Neural Radi-
ance Fields have been proposed, which introduce trainable appear-
ance embeddings [MBRS*21, TCY*22, WDD*24] to ensure effi-
cient model updates during the continual learning process, thereby
enabling a single model to handle complex scene changes. Chung et
al. [CLBL22] also explored NeRF in the context of continual learn-
ing; however, their work still focused on static scenes and the orig-
inal NeRF architecture, lacking the ability to handle scenes with
varying appearances or geometries. The field of Simultaneous Lo-
calization and Mapping (SLAM) involves reconstructing 3D scenes
from continuous image streams, which is similar to the setting
of continual learning. Recent studies [SLOD21, ZPL*22, RLC23]
have successfully combined neural implicit representations with
traditional SLAM-based methods, achieving notable results. These
approaches can be classified as memory replay, as they manage
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continual learning tasks by explicitly storing keyframes from pre-
vious image streams. However, explicitly storing data is costly, and
designing effective heuristics for keyframe selection remains chal-
lenging. Recently, a method using 3D Gaussian models and regular-
ization techniques to prevent forgetting was proposed [SMLM?24a],
but it is specifically designed for SLAM scenarios and may not be
applicable in more general settings. The latest methods [XYG*25,
MSL*25], although capable of achieving fast continual reconstruc-
tion, still fall short in reconstruction quality.

3. Methods

Our goal is to incrementally update Gaussian point clouds from a
few new 2D images with minimal cost while preserving the existing
scene. We define the continual 3D reconstruction task and present
our framework (Fig. 2). First, new scene data is processed by a pre-
trained transformer to align features with the old scene and detect
overlapping regions, where Gaussians are modeled as GMM:s for
robust registration against outliers and sparsity. Second, to mitigate
catastrophic forgetting, only less critical Gaussians in overlapping
areas are updated, guided by the Fisher information matrix. Third,
to handle brightness inconsistency and floaters, we introduce ge-
ometric regularization model (GRM) to adjust exposure, ensuring
cross-scene consistency and high-quality reconstruction.

3.1. Problem Formulation of Continual 3d Reconstruction

Given the temporal evolution of real-world environments, we for-
mulate the task of continual 3D reconstruction as follows: Initially,
we train a Gaussian-based scene model using m multi-view im-
ages captured from the original scene. Then, at each subsequent
time step, we acquire a new set of m images that reflect changes in
the scene—such as structural additions or modifications to existing
content. Based solely on these new images, we aim to reconstruct
the updated scene. Importantly, the process is designed to minimize
computational overhead and memory usage while avoiding catas-
trophic forgetting of previously learned content.

3.2. Similarity-Based Registration

Since the new scene is typically reconstructed using Structure-
from-Motion (SfM), its resulting camera poses may reside in a dif-
ferent coordinate system from that of the original scene, and the
reconstruction is often sparser compared to the optimized scene.
To achieve spatial alignment and content fusion between dense and
sparse representations, we first propose a similarity-based registra-
tion method. This method identifies overlapping regions between
the two scenes in both geometric and semantic spaces, and lever-
ages the corresponding point clouds to estimate a rigid transfor-
mation matrix through probabilistic modeling, thereby effectively
aligning the scenes.

Similarity Region Localization. To accurately identify overlap-
ping regions between the old and new scenes, we propose a hybrid
similarity region localization strategy that integrates both geomet-
ric and semantic cues. Specifically, we uniformly sample two sub-
sets of images from the original and updated scenes, denoted as
{Caj}", C {I"} and {Cb;}i— C {12}, with m = n = 20 in our
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Figure 3: Explanation of the causes of partial and complete catastrophic forgetting: Due to changes in camera poses, some areas within the
common regions experience catastrophic forgetting. The left image is partial forgetting, while the right image is complete forgetting.

experiments. A coarse global transformation (s¢,Re, T¢), obtained
via StM, is applied to the new images to produce approximately
aligned views {Cb;}.

Each image in {Cq;} and {Cb;} is then passed through a
pretrained Vision Transformer [RJL*24] to extract high-level,
translation-invariant semantic feature maps. These maps are re-
shaped into sequences of spatial tokens, and the average pairwise
cosine similarity between tokens is used to quantify the semantic
similarity of image pairs. In parallel, we compute the cosine simi-
larity between camera orientations to assess geometric alignment.

For each candidate image pair (Ca;, Ch i), we define a joint sim-
ilarity score that combines semantic and geometric similarity:
Score; j = Aj - cos(6; ) + Ay - Sim; (1)
where A; and A, control the relative weighting of geometric and se-
mantic components, and are set to A; = 0.4 and A, = 0.6 by default.
The top-K image pairs (typically K = 10) with the highest similar-
ity scores are selected as the most probable overlapping views for
subsequent point cloud registration.

Point Cloud Registration. Based on the selected image pairs,
we reconstruct sparse local point clouds that serve as anchors link-
ing the original and updated scenes. Specifically, we use [SP25] to
convert the Gaussian representation of the old scene into a point
cloud. Both point clouds from the two scenes are then modeled
as Gaussian Mixture Models (GMMs), which enhances robustness
against noise, sparsity, and structural irregularities. By construct-
ing an optimal transport mapping between the two GMMs and ap-
plying a weighted Singular Value Decomposition (SVD), we esti-
mate the rigid transformation that best aligns the new point cloud
to the old coordinate frame. This registration result is subsequently
used to transform all images and 3D content of the new scene into
the global coordinate system, thereby obtaining consistent camera

poses and ensuring stability for subsequent reconstruction stages.
Compared with SLAM-based methods, our approach integrates
both semantic and geometric features, making it more robust to
noise, sparse point clouds, and partial overlaps.

The GMM establishes a multimodal generative probabilistic dis-
tribution in 3D space, represented as a weighted sum of L Gaussian
densities, formulated as Eq. (2):

L
p(x) = Y mN(xlu;,Z;), x€R’. @)
=1

First, we use the iterative Expectation-Maximization (EM) algo-
rithm to estimate the parameters of the Gaussian Mixture Model
(GMM), including the mixture weights p;;, means u;, and covari-
ance matrices X;. The EM algorithm consists of two steps: the Ex-
pectation step (E-step) and the Maximization step (M-step). Before
starting the EM algorithm, the parameters must be initialized. This
can be done by randomly selecting points from the point cloud as
initial means, and setting the initial covariance matrices to identity
matrices.

During the E-step, we calculate the posterior probabilities for
each data point belonging to each Gaussian component. The pos-
terior probability matrix Y;; represents the probability that the ith
data point belongs to the jth Gaussian component.

vii = TN (xi|uj, Zj)
=
Tk MmN (g, )

3

In the Maximization step (M-step), we use the posterior proba-
bilities calculated in the Expectation step:
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The Expectation step (E-step) and Maximization step (M-step)
are iteratively repeated until the parameters converge, that is, the
change in parameters is less than a predetermined threshold.

Given the GMM parameters estimated through the aforemen-
tioned formula, along with feature centroids v, for j=1 to L and
Vg; for j=1to L), we first calculate the cluster-level matching matrix
by solving the following Optimal Transport (OT) problem [PC*19]
as Eq. (7):

mmz ZFUHVP—V(’Hz,
i=1j= 7

stTly =n T 1y =14, Ty; € [0,1]

where T = (T, Ty, ..., Ty, ) and t € {p, q}. The minimization of this
problem can be solved in polynomial time via linear programming.
We utilize an efficient version of the Sinkhorn-Knopp algorithm
[Cut13] to solve this problem.

After obtaining the matrix I', we compute the transformation us-
ing the following formula:

L L
minLZ Zl“ij
LAy |

T~ ®)

Ultimately, we can employ a weighted version of the Singular
Value Decomposition (SVD) approach to solve the transformation
matrix T in closed form, and we can adjust the camera poses and
point cloud positions of the new scene, completing the incremental
reconstruction process.

3.3. Continual Gaussian Optimization

Our goal is to ensure that when scenes continuously grow or
change, the reconstruction can be completed using only the data
from the current scene without damaging the old scene, and with
minimal cost. Due to the same Gaussian potentially being ‘seen’
from multiple camera poses, Gaussian parameters are often over-
optimized to suit the most recent frames, leading to degraded per-
formance in older scenes. To overcome these challenges, we intro-
duce regularization terms into the optimization process to suppress
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updates to specific Gaussian parameters. This involves selectively
updating the Gaussian kernels in the similarity regions based on
their importance to the scene. Specifically, if a Gaussian is crucial
to the old scene, it receives a stronger constraint to prevent alter-
ations by the new scene, and vice versa, thereby achieving the goal
of preventing forgetting. Our approach starts by unlocking the gra-
dient features of Gaussians in the old scene’s similarity regions,
then updates are made based on the gradient’s importance, mea-
sured using the Fisher information matrix.

Formally, the overall loss function is defined as:

A 2
L(8) = Lssp (8) + Y S Fi(8i — 67)", O]
i
where the term Lggyy (0) represents the final loss function for Gaus-
sian volumetric rendering, 0 are the Gaussian parameters to be op-
timized for the new scene, 6; are the Gaussian parameters from the
old scene, and 0; represent the optimal values of these parameters.

The Fisher information F; for each parameter is approximated
with the empirical Fisher on mini-batches of rendered views and

pixels:
dlog p(D A(xn:0) )
(o) R 0w

where £(x,;0) denotes the per-pixel residual loss, which can be
defined as an ¢, photometric error or SSIM-based error. Back-
propagating through the differentiable Gaussian Splatting renderer
allows us to obtain gradients with respect to each Gaussian param-
eter. These gradients are accumulated across pixels sampled from
conditioning views to form the Fisher estimate.

Fp=E

To maintain efficiency, only diagonal or block-diagonal Fisher
entries are stored, grouping parameters of each Gaussian (position,
scale, opacity, SH coefficients). Fisher accumulation is restricted
to Gaussians in similarity regions; non-intersecting pixels are ex-
cluded. Values are updated with exponential moving averaging, sta-
bilized with damping €, clipped at a high percentile, and weighted
by a cosine-decay A.

Gradients are computed at the old snapshot 8* using held-out
views, so F; measures old-parameter importance. In practice, tens
of thousands of pixels are sampled per update, Fisher statistics
are accumulated periodically, and only diagonals are kept, limiting
overhead to <10% of training. This yields a low-variance estimator
that penalizes updates to critical Gaussians, suppressing forgetting
while enabling flexible adaptation.

3.4. Geometric Regularization Methods

Although the proposed optimization methods can reconstruct high-
quality, geometrically consistent images to some extent, in practice,
relying solely on image reconstruction loss often leads the model
to overfit imperfect supervisory signals. As a result, issues such as
geometric inconsistencies, blurriness, and ghosting artifacts may
still persist during optimization. Therefore, we further propose a
series of geometric regularization methods. These regularization
terms guide the optimization toward geometrically consistent 3D
structures, mitigating the effects of artifacts and blurriness, and ul-
timately improving rendering quality.
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Normal Alignment Loss. To ensure geometric consistency be-
tween the rendered appearance and the underlying 3D structure,
we encourage alignment between the normals obtained from the
differentiable renderer and the analytical surface normals derived
from geometry:

ﬁnormal = )"normal . Z (1 - <nrend (X)vnsurf(x») (11)

where x denotes a pixel in the image, nenq(x) is the rendered nor-
mal at X, ng,¢(xX) is the surface normal estimated from the depth
geometry, and A,,,,q 1S the weighing factor (e.g., 0.15).

Depth Compactness Loss.To encourage localized and confi-
dent surface representation, we introduce a depth compactness loss
that penalizes overly large splatting regions in image space. During
training, some 3D Gaussians may grow excessively in size to com-
pensate for uncertainty or sparsity, leading to oversmoothing, depth
leakage, or ghosting effects in rendered views. To mitigate this, we
constrain the projected 2D radii of Gaussians, encouraging them to
remain spatially compact:

Laist = Mist - Y, (8) (12)
gcg

where G is the set of all Gaussians in the scene, p(g) denotes the
projected radius of Gaussian g in image space, and Ay, is the
weighing factor (e.g., 0.08).

Edge-Aware Normal Loss. To better preserve geometric dis-
continuities and enhance surface sharpness near object boundaries,
we propose an edge-aware normal loss that leverages image gra-
dients to guide local normal field regularization. Unlike global
smoothness constraints, this loss specifically operates on pixels
with strong image gradients, where surface normal changes are ex-
pected and even desirable. Given a pixel p in the rendered image
that lies on a strong intensity edge (i.e., VI(p) > A.), we define a
four-neighbor set consisting of its immediate adjacent pixels: up,
down, left, and right. From these neighbors, we retrieve the corre-
sponding rendered surface normals Nj (up), N; (left), N3 (down),
and Ny (right). To encourage angular diversity at the edge, we com-
pute the average cosine similarity between opposing normal pairs
(i.e., top—bottom and left-right), and minimize it:

1
[/edge = Z a

(NlTNg +N2TN4> (13)
pew 2

Here, w = {p € Z | ||VI(p)|| > Ae} denotes the set of edge pixels
selected by an image gradient threshold A, with VI(p) denoting
the normalized gradient magnitude (rescaled to [0, 1]) of the ren-
dered image at pixel p.

Normal Smoothness Loss. In addition to edge-aware strategies,
we also apply a general smoothness constraint on the rendered sur-
face normals to regularize noisy or unstable geometry, particularly
in low-texture regions. While the edge-aware loss focuses on pre-
serving sharp transitions at image boundaries, this smoothness term
complements it by promoting gradual changes in surface orienta-
tion elsewhere. We formulate the normal smoothness loss as the
spatial gradient magnitude of the rendered normal field across the
entire image domain:

Lsmooth = Asmooth - Z | Vnyeng (x)|] (14)
xeZ

where ngepq(x) is the rendered normal at pixel x, V denotes the
spatial (finite-difference) gradient operator, and Agmooh controls the
strength of this regularization (e.g., 0.05).

Progressive Densification and SH Degree Growth. To progres-
sively enhance scene fidelity and surface completeness, we adopt a
dynamic densification strategy during the early optimization phase.
At each iteration, the system monitors the per-Gaussian 2D radius
(projected splat size) and gradient-based importance. Gaussians
that are highly visible, contribute to image gradients, or cover in-
sufficient areas are duplicated to densify underrepresented regions.
Conversely, small or redundant Gaussians are pruned to reduce
overfitting and maintain efficiency. Simultaneously, we increase the
complexity of the radiance representation via Spherical Harmonics
(SH). Starting from a low-degree SH basis, we progressively grow
the degree as training advances to better capture view-dependent
appearance:

t . t

5y = min (ke | 3555 ) (13)
where ¢ is the current training iteration, and /max is the maximum
SH degree. This strategy enables a smooth transition from coarse
color modeling to fine angular detail, avoiding early overfitting to
noisy supervision.

Opacity Reset and Adaptive Regularization Schedules. To
prevent degenerate solutions where opacity collapses to extreme
values (either fully transparent or oversaturated), we periodically
reset the opacity of all Gaussians to a fixed initial value:

Og <0y, VgeG ift mod Treset =0 (16)

where G is the set of all Gaussians, 0 is a predefined reset opacity
value (e.g., 0.1), and Treset is the reset interval (e.g., 3000). This
helps maintain diversity in volumetric contribution during training
and facilitates reconfiguration of Gaussians in early and mid stages.

Additionally, all regularization terms are activated gradually us-
ing linear ramp-up schedules. This allows the network to focus on
coarse appearance matching in early iterations, and shift to finer
geometric regularization later:

N(¢t) = Nmax - weight_schedule(f; fstart, fend) a7

where 1M(¢) is the current weight of a specific loss term, and
weight- schedule defines a linear interpolation from 0 to
Tmax over the interval start (e.g., 1000), fepg (e.g., 6000). This
schedule prevents early domination of regularization and improves
convergence stability.

After several thousand iterations, the optimized Gaussians rep-
resent a high-fidelity 3D scene with sharp details, smooth surfaces,
and faithful lighting effects.

4. Experiment
4.1. Evaluation Metrics

To evaluate the reconstruction performance and the quality of
color image rendering, we utilize several metrics: Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and
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Learned Perceptual Image Patch Similarity (LPIPS). PSNR mea-
sures the pixel-level RGB discrepancies, SSIM gauges the struc-
tural likeness, and LPIPS evaluates the perceptual similarity of im-
age patches using neural network-based methods. For geometric
reconstruction evaluation, we are also guided by principles from
continual learning systems and apply backward transfer PSNR to
gauge the level of model forgetting. This measure calculates the
mean decrease in PSNR each time a new task is introduced, from
the initial to the present task, as defined in Eq. (18).

T—1

BTP = — L (PSNR7,; — PSNR; ;) (18)

T-1

i=1

where T denotes the current scene.

4.2. Dataset and Details

We conducted experiments on three datasets: the Replica dataset
[SWM*19], the synthetic dataset [RLC23], and the TUM-RGBD
dataset [SEE* 12]. These datasets were divided into multiple scenes
to evaluate the model’s capability for continual reconstruction. The
image resolution was kept consistent with the original data resolu-
tion, and we used the original 3DGS implementation with 30,000
training iterations. The experimental results demonstrate that our
method consistently outperforms all compared methods in the task
of reconstructing dynamically evolving scenes, and even achieves
competitive results compared to the latest SLAM-based and on-the-
fly reconstruction methods.

4.3. Main Results

To demonstrate the performance of our method, we conducted ex-
tensive experiments on the Replica dataset. The experimental re-
sults, as shown in Table 1, indicate that our method achieves state-
of-the-art performance. Compared to NeRF-based methods, the
Gaussian-based approach inherently excels in various metrics due
to its inherent advantages. Point-SLAM, which applies NeRF to
SLAM, benefits from using the same point cloud as primitives,
with each point accompanied by individual color feature descrip-
tors and geometric feature descriptors. This combination of explicit
and implicit features leads to significantly better performance met-
rics compared to NeRF-based methods. GS-SLAM, which directly
applies 3D Gaussian to SLAM tasks, lacks measures to prevent
scene forgetting, resulting in inferior performance in most scenar-
ios compared to our method.

To validate the anti-forgetting capability of our model, we di-
vided the apartment scene into four parts to meet the continual
learning task requirements. We used BTP and average PSNR as
metrics to evaluate the capabilities of each model, as shown in
Table 2. Our method outperforms baseline methods, exhibiting
the highest performance in preventing forgetting. Although the
best NeRF-based method, CL-NeRF, achieves comparable BTP
due to its well-designed anti-forgetting strategies, its PSNR is sig-
nificantly lower than our method due to the inherent limitations
of NeRF. On-the-Fly NVS [MSL*25] benefits from optimization
strategies specifically designed for consumer-grade devices, result-
ing in very short reconstruction times; however, its reconstruction
quality still lags behind the proposed method.

© 2025 The Author(s).
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Fig. 4 and Fig.5 shows the compared results in the Replica and
TUM dataset. Due to the inherent shortcomings of NeRF-based
methods, they can avoid forgetting to some extent but often suffer
from poor reconstruction quality, resulting in either blurry or noisy
images. [MMKD24]and [MSL*25], since they are not optimized
for 3DGS, produce many artifacts. In contrast, our method lever-
ages GRM to ensure higher rendering quality. Moreover, thanks
to the anti-forgetting techniques we proposed, our method protects
old scenes from degradation when reconstructing new ones, outper-
forming basic 3D Gaussian methods. Fig. 6 shows the visualization
results of continuously reconstructing three new scenes.

4.4. Ablation Study

Our model comprises three main components: similarity-based reg-
istration, continual optimization, and geometric regularization. We
conducted an ablation study on these components, with the re-
sults presented in Table 4. The result indicate that our method
performs almost identically on real datasets as it does on syn-
thetic datasets and all three components contribute to improvement.
When similarity-based registration is omitted, the model’s perfor-
mance metrics drop most significantly. This is because, without
proper alignment, the Gaussian kernels cannot correctly optimize
the scene toward the accurate camera poses using only new scene
data, severely compromising the reconstruction of the old scene.
Thus, registration is crucial.

Without continual optimization, some common parts of the new
and old scenes experience catastrophic forgetting, adversely affect-
ing the reconstruction of the old scene. While the absence of geo-
metric regularization does not significantly impact the model’s anti-
forgetting performance, it noticeably enhances visual quality by
effectively eliminating artifacts. Therefore, it is evident that these
three designs work synergistically, enabling our method to achieve
exceptional results.

5. Conclusions

We propose Continual Gaussian Splatting (CGS), an efficient
framework for incremental 3D scene reconstruction in evolving
environments. CGS effectively mitigates catastrophic forgetting
by combining similarity-based registration, importance-aware op-
timization using the Fisher Information Matrix, and geometric reg-
ularization to ensure consistency and rendering quality. Experimen-
tal results demonstrate that CGS achieves high-fidelity reconstruc-
tion with limited new data and low computational cost.

In future work, we plan to extend CGS to handle real-time
streaming data, enable automatic detection of scene changes, and
explore integration with SLAM systems for broader applications in
robotics and AR.

References

[CLBL22] CHUNG J., LEE K., BAIK S., LEE K. M.: Meil-nerf:
Memory-efficient incremental learning of neural radiance fields. arXiv
preprint arXiv:2212.08328 (2022). 3

[CRE*19] CHAUDHRY A., ROHRBACH M., ELHOSEINY M., AJAN-
THAN T., DOKANIA P. K., TORR P. H., RANZATO M.: On tiny episodic
memories in continual learning. arXiv preprint arXiv:1902.10486
(2019). 3



8of 11 Shuojin Yang, & Haoxiang Chen & Taijiang Mu / CGS: Continual Gaussian Splatting for Evolving 3D Scene Reconstruction

Table 1: The performance on the Replica dataset compared with other methods.

Method Metric Room0O Rooml Room2 Office0 Officel Office2 Office3 Office4

PSNR  29.36 30.15 30.41 33.14 34.12 29.94 28.87 29.74
ICL-NeRF [PDBW23] SSIM 0.94 0.94 0.94 0.95 0.96 0.94 0.93 0.94
LPIPS 0.18 0.17 0.17 0.16 0.15 0.17 0.18 0.18
PSNR  30.21 31.78 3224 34.89 36.29 30.19 29.86 30.39
CL-NeRF [WDD*24] SSIM 0.95 0.95 0.95 0.96 0.97 0.97 0.95 0.96
LPIPS 0.15 0.14 0.14 0.15 0.14 0.14 0.16 0.16

PSNR  32.40 34.08 35.50 38.26 39.16 33.99 33.48 33.49

Point-SLAM [SLVGO23]  SSIM 0.97 0.98 0.98 0.98 0.99 0.96 0.96 0.98
LPIPS 0.11 0.12 0.11 0.1 0.12 0.16 0.13 0.14
PSNR  31.56 32.86 32.59 38.70 41.17 32.36 32.03 32.92

GS-SLAM [YQW™*23] SSIM 0.96 0.97 0.97 0.98 0.99 0.97 0.97 0.96
LPIPS 0.09 0.07 0.09 0.05 0.03 0.09 0.11 0.11

PSNR  32.86 33.89 35.25 38.26 39.17 31.97 29.70 31.81

SplaTAM [KKJ*24] SSIM 0.98 0.97 0.98 0.98 0.98 0.97 0.95 0.95
LPIPS 0.07 0.10 0.08 0.09 0.09 0.10 0.12 0.15
PSNR  28.94 26.12 31.82 32.73 34.47 27.01 30.76 27.29

MonoGS [MMKD24] SSIM 0.88 0.80 0.92 0.92 0.93 0.88 0.91 0.90
LPIPS 0.18 0.32 0.16 0.21 0.19 0.26 0.16 0.25
PSNR  31.79 33.67 34.65 39.44 38.77 34.03 35.38 36.65

On-the-Fly GS [XYG*25]  SSIM 0.94 0.95 0.96 0.97 0.96 0.95 0.96 0.96
LPIPS 0.12 0.11 0.11 0.09 0.14 0.13 0.09 0.10
PSNR  26.14 27.66 27.75 33.65 36.24 26.33 26.13 26.95
SSIM 0.98 0.98 0.98 0.98 0.99 0.97 0.97 0.97

PSNR  33.12 35.62 36.65 39.94 40.58 3342 33.51 34.55

Ours SSIM 0.99 0.98 0.99 0.99 0.99 0.98 0.98 0.98
LPIPS 0.08 0.06 0.05 0.04 0.03 0.08 0.10 0.07

VBGS [VAMCT*24]

Old

New

N
S

CL-NeRF SplaTAM 3DG

Figure 4: Visualization results compared our method with others when learning new scenes in Replica dataset.
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Figure 5: Visualization results compared our method with others when learning new scenes in TUM dataset.
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Figure 6: visualization results of continuously reconstructing three new scenes in Replica dataset.
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