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Figure 5. The visualization results of the scene geometric
changes learned by ours in scene car at each time. The green
points represent the objects that have been added compared to the
previous time, while the red points indicate the objects that disap-
peared compared to the previous time.

Config. L

PSNR 1 SSIM 1
w/o Removal Factors 25.87 0.834
w/o Addition of 3D Gaussians 25.96 0.829
w/o Layout-Invariant Mask 26.18 0.839
Full Model 26.55 0.844

Table 3. Ablation study of each step discussed in Sec. 3.2 on
WAT dataset. Best results are highlighted as| first , second .

file). As scenes are updated, the knowledge acquired from
past scenes is largely retained. Compared to the baseline,
our method effectively mitigates catastrophic forgetting.

Our approach benefits from the advantages offered by
3DGS [12] for explicit representation, enabling it to detect
alterations in scene geometric layout. As depicted in Fig-
ure 5, our method effectively discerns variations in scene
geometry resulting from the act of opening and closing the
car door. While CLNeRF uses an implicit radiance field to
represent the scene, it lacks the ability to capture geomet-
ric changes in the scene. Please refer to our supplementary
material for more experimental results.

4.3. Ablation Study

Removal Factors. We begin by analyzing the conse-
quences of not learning the removal factors on our results.
As illustrated in Figure 3, without learning removal factors
result in the persistence of objects that should have disap-

WAT

Testing on

T T, T; T,
S| T, 2692 - - -
g1 Ty 2690 2605 - -
§ T3 2686 2599 2668 -
E | T, 2684 2592 2661 2642

Table 4. Average rendering results from T'; to T, for sequen-
tial updates on WAT Dataset.

peared, thereby producing artifacts. Additionally, the quan-
tification in Table 3 demonstrates the effectiveness of learn-
ing the removal factors in deleting disappearing objects.
Self-aware Addition of 3D Gaussians. In the second
stage of model updating, we learn the newly added objects
by incorporating sparse point initialization and densifying
only the newly added points. To analyze the effectiveness
of adding sparse points, we conducted experiments where
we solely relied on the densify operation to learn new ob-
jects. As shown in Figure 3 and Table 3, using only the den-
sified operation of 3DGS to add points does not sufficiently
learn the newly appearing objects. However, leveraging the
rough geometric cues from the sparse point cloud leads to
improved results.

Layout-invariant Mask. = We also analyzed whether to
use the layout-invariant mask. As shown in Figure 3 and
Table 3, neglecting the layout-invariant mask can cause
the model to adapt to the visual alterations in the geomet-
ric change area during the initial training stage, potentially
leading to the failure of removal for disappeared objects.

5. Conclusion

This paper presents GaussianUpdate, a novel approach in-
tegrating 3D Gaussian Splatting with continual learning.
Our method updates the neural model with current data
while preserving past information, explicitly modeling var-
ious changes through a multi-stage strategy. Additionally,
our visibility-aware continual learning with generative re-
play supports self-aware updates without storing images.
Experimental results demonstrate superior rendering qual-
ity and effective visualization of changes over time.
Limitation. Similar to most existing 3DGS-based methods,
GaussianUpdate also fails to accurately model scenes with
strong reflections (e.g., mirrors), and updates in these areas
result in incorrect geometry or appearance, which may be
solved by integrating more advanced 3D representations in
the future.
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