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Abstract. While 3D Gaussian Splatting (3DGS) has enabled real-time
high-fidelity novel view synthesis, maintaining already-deployed static
3DGS assets remains difficult. When a local region is missing or blurred,
retraining the whole scene from scratch is costly, while directly fine-
tuning the asset on newly captured repair images causes severe degrada-
tion of unobserved views, and geometric stitching introduces boundary
and depth conflicts. We propose Flash-Refine, a practical in-situ repair
pipeline for static 3DGS assets that operates directly on a native PLY
model without access to historical training images. Given newly regis-
tered repair views, Flash-Refine uses Point-Wise Consensus Masking and
an Adaptive Depth-Bounded Prior to identify a bounded active region,
applies Gradient Locking to frozen background Gaussians, propagates
the mask through native densification, and protects frozen Gaussians
from close-up pruning. Under this constrained active set, gradient-gated
densification naturally allocates new parameters to the defective region,
enabling rapid local completion from peripheral seeds. Extensive exper-
iments on Deep Blending and Mip-NeRF 360 show that Flash-Refine
achieves the best Dropped and Kept PSNR among practical repair meth-
ods across four scenes, while requiring only 2–4 minutes on an RTX 4090.
We further analyze the method’s scope and limitations: it assumes static
scenes and preregistered repair views, and although frozen background
parameters remain unchanged, newly densified active Gaussians may still
induce scene-dependent visibility interactions in unobserved views.
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1 Introduction

With the rapid development of novel view synthesis, neural scene representations
have achieved unprecedented success [5, 20, 22, 32]. In particular, 3D Gaussian
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Splatting (3DGS) [12] has emerged as a state-of-the-art framework, delivering
high-fidelity visual quality alongside real-time rendering capabilities. Because of
its explicit point-based nature and efficiency, 3DGS is increasingly being adopted
as the foundational representation for real-world applications such as digital
twins, virtual reality (VR), and cultural heritage preservation.

However, capturing large-scale real-world environments is inherently imper-
fect. Due to physical constraints, complex occlusions, or constrained camera
trajectories, the initially captured data often suffers from localized “blind spots”
or missing viewing angles. Consequently, the optimized 3DGS models frequently
exhibit severe local degradation, characterized by cloudy floaters, geometric col-
lapse [9,35], or severe structural deficits in unobserved regions. When a user cap-
tures a small set of supplementary photographs to repair these localized defects,
a critical challenge arises: How can we efficiently integrate the newly acquired
local data into the pre-existing global model?

Existing pipelines struggle to address this localized maintenance problem
efficiently. The standard approach requires global retraining from scratch, merg-
ing the new photographs with the potentially massive original dataset. This
is prohibitively time-consuming and computationally expensive, especially for
large-scale scenes where an update might take hours or even days. Alternatively,
one could attempt naive point cloud stitching by training a small 3DGS model
exclusively on the new images and geometrically merging it with the original
model. However, this invariably leads to severe Z-fighting, illumination incon-
sistencies, and visible boundary artifacts at the overlapping regions. Finally,
attempting to directly fine-tune the existing model solely on the new images
leads to catastrophic forgetting—a well-documented phenomenon in continual
learning [13, 15, 19] where the neural representation completely overwrites and
destroys the previously learned global background to overfit the localized views.

To tackle these critical bottlenecks, we propose Flash-Refine, an elegant,
highly efficient, and optimization-based in-situ refinement framework tailored
for 3DGS local completion. Rather than retraining the global scene or resort-
ing to external generative models, Flash-Refine operates directly on the native,
degraded “.ply” asset. The core philosophy of our approach is to treat local com-
pletion as a “localized surgical refinement.”

Specifically, we introduce a Point-Wise Consensus Masking mechanism. By
leveraging the geometric projection of the newly captured camera views and
applying an adaptive geometric prior, we compute an exact point-wise binary
mask. This mask bifurcates the scene: Gaussians located in the background
are subjected to a strict Masked Gradient Lock, permanently freezing their posi-
tions, colors, opacities, and scales. Meanwhile, Gaussians within the active region
are “unlocked” and granted full optimization freedom. Because the background
is mathematically isolated from the backpropagation, the complete structural
collapse of the global scene—a hallmark of catastrophic forgetting is avoided.
Furthermore, by locking the vast majority of the scene, the optimizer is forced
to allocate its full representational capacity exclusively to the missing region.
This “local parameter allocation” allows the native 3DGS densification process
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