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Supplementary Material

A More Details Details

Camera Normalization and Selection. For SPIn-NeRF [1] and LLFF [2], we normalize all cameras
in a scene into a [−1, 1]3 world space. We first calculate the mean of all camera locations and make
all poses relative to the mean pose. We then scale all the poses based on the maximum camera
deviation. During training, we perform the same normalization procedure on each DL3DV [3] clip
(i.e. 15 frames). During validation, we use an intuitive way to select the 4 input views. We choose
the camera closest to the mean position for the reference viewpoint. We choose another 3 cameras
from the remaining camera positions so that they span a triangle with maximum coverage.

Masking Finetuning. During training, we randomly selects one of three mask types at each iteration:
instance masks, geometric masks, or random masks, with sampling probabilities of 25%, 25%, and
50% respectively. We provide ablation for the sampling rate Section B. After choosing the mask
type, we randomly apply 1 to 4 masks on to the inpaint views. For random masks, we randomly
sample rectangular masks with edge length in range [size/6, size/4]. For geometric masks, we define
elliptical regions with axis lengths determined by the mask count. We sample the two axis from range
[size/8, size/6] if the mask number is 1 or 2, and [size/12, size/8] if the mask number is 3 or 4.

B More Ablation Studies

Mask sampling probability. We provide an ablation study on different mask sampling strategies
in Table 1. We can find that the introduction of geometric and random masks effectively improves
inpainting performance. The optimal mask sampling distribution is allocating 50% probability
to random masks and 25% each to geometric and object masks. This distribution best balance
random masks’ ability to prevent inconsistent inpainting, geometric masks’ preservation of spatial
relationships and object masks’ high multiview consistency,

Table 1: Ablation study on mask sampling probability. We underline our default settings in the
method section. The best and second-best results are highlighted, respectively.

Object Mask Geometric Mask Random Mask SPIn-NeRF LLFF
LPIPS↓ M-LPIPS↓ FID↓ KID↓ C-FID↓ C-KID↓

33% 33% 33% 0.4289 0.3532 86.432 0.0139 199.25 0.0628
50% 25% 25% 0.4326 0.3678 86.973 0.0142 199.89 0.0623
25% 50% 25% 0.4191 0.3484 85.385 0.0132 198.94 0.0611
25% 25% 50% 0.4147 0.3130 84.535 0.0135 198.54 0.0613

C More Qualitative Comparisons and Visualizations

Please check our supplementary videos for a more straightforward comparison of inpainting consis-
tency. We provide in the video: comparison on SPIn-NeRF and LLFF with previous 3D inpainting
methods [4, 5, 6], comparison on object insertion ability and more text-guided 3D inpainting results.

D Boarder Impact

Our work bridges 3D reconstruction and inpainting by adapting Large Reconstruction Models for
real-time 3D completion. This advancement enables two key opportunities:
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First, when combined with 2D generative models, our system allows instant creation of 3D-consistent
assets from text prompts - particularly valuable for VR/AR applications where users can interactively
modify 3D environments.

Second, the technical approach demonstrates how reconstruction-focused models can be repurposed
for generative tasks, suggesting a brand new research direction.

Admittedly, like any technology, our method could potentially be misused to generate manipulated
3D reconstructions or factually inaccurate renderings. We recognize the need for safeguards and
mechenisms to attribute AI-generated assets.
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