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Figure 2 Comparison between SAM extract mask

and the proposed method
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Multimodal Scene Editing Algorithm Integrating CLIP and 3D Gaussian

CAO Yangjie, WANG Weiping, LI Zhenqgiang, XIE Jun, LYU Runfeng

(School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China)

Abstract: To address the issues of excessive reliance on annotated data and high computational complexity in 3D
scene editing algorithms, in this study a multimodal scene editing method named CLIP2Gaussian was proposed,
which integrated CLIP with 3D Gaussian. Firstly, the algorithm employed SAM to extract target masks from multi-
view images and introduced a bidirectional propagation strategy to ensure mask consistency across different views.
Secondly, the extracted masks were assigned semantic labels using CLIP and mapped to 3D Gaussian points to ena-
ble semantic embedding in the 3D scene. Finally, a differentiable rendering mechanism was used to optimize the
parameters of the 3D Gaussians, and a spatial consistency regularization strategy was introduced by applying cluste-
ring to enhance the consistency and stability of semantic labels in 3D space. Experimental results showed that
CLIP2Gaussian achieved 61.23% IoU on the LERF dataset and a per-query response time of 0. 57 seconds in se-
mantic segmentation tasks, improving the speed by 54 times compared to LERF while achieving superior accuracy
and efficiency. Ablation studies further verified that the proposed method enabled precisely editing of target regions
with minimal disturbance to the original scene.

Keywords: 3D reconstruction; zero-shot learning; scene understanding; scene editing; 3D Gaussian





