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3D Gaussian Splatting for Real-Time Radiance Field Rendering
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Fig. 2. Optimization starts with the sparse SfM point cloud and creates a set of 3D Gaussians. We then optimize and adaptively control the density of this set
of Gaussians. During optimization we use our fast tile-based renderer, allowing competitive training times compared to SOTA fast radiance field methods.
Once trained, our renderer allows real-time navigation for a wide variety of scenes.
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Figure 2. Our framework, named GaussianEditor, consists of three key steps. First, the scene generation F was performed to get the scene
description 7gse from original 3D Gaussians Gori. The description 7Tyse and the text instruction 7~ provided by the user are then combined
using a template 7y, to get user message 7ysr. The T, and a pre-defined prompt P, are fed into an LLM assistant A to obtain the
instruction Rol Tre;. Second, a grounding segmentation model S is used to convert Tro; to image Rol Zp, s, which is then lifted to 3D
Gaussians Rol Gror by Rol lifting ‘H, where additional user instructions O can be incorporated. Third, following the user instruction
T rendered image 7,4 from randomly chosen views is edited by a 2D diffusion model D. The loss between Z,.; and edited one Z.4 is
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calculated. Finally, gradient backpropagation and optimization are performed within the Gaussian Rol Gror to get the edited scene Geq.
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Quality Evaluation
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Figure 4. Qualitative results on outdoor scenes. Our method supports separate foreground and background editing in real-world scenes.
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Figure 2: Overview: Our method gradually updates a reconstructed NeRF scene by iteratively updating the dataset images while training
the NeRF: (1) an image is rendered from the scene at a training viewpoint, (2) it is edited by InstructPix2Pix given a global text instruction,
(3) the training dataset image is replaced with the edited image, and (4) the NeRF continues training as usual.
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Figure 5. Comparisons with Instruct-NeRF2NeRF (IN2N) [11]. We use IN2N as a baseline and compare our method with the scenes
presented in their paper.
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Figure 6. Qualitative results on complex multi-object scenes. The background “desk”, the foreground “flower pot”, and the multi-
view blocked foreground “rolling pin™ are edited separately.
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Fig. 3: The pipeline of our VcEDIT: VCEDIT employs an image-guided editing pipeline.
In the image editing stage, the Cross-attention Consistency Module and Editing Con-
sistency Module are employed to ensure the multi-view consistency of edited images.
We provide a detailed overview in Sec. 4.1.



GaussianEditor: Swift and Controllable 3D Editing with Gaussian Splatting
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Fig. 4: Qualitative comparison with the DDS [16] and the GSEditor [6]: The topmost
row demonstrate the original views, while the boltom rows show the rendering view
of edited 3DGS. VcEDIT excels by effectively addressing the multi-view inconsistency,
resulting in superior editing quality. In contrast, other methods encounter challenges
with mode collapse and exhibit flickering artifacts.



