
UAR-Scenes: Uncertainty-Aware Diffusion-Guided Refinement of 3D Scenes
Sarosij Bose, Arindam Dutta, Sayak Nag, Junge Zhang, Jiachen Li, Konstantinos Karydis, Amit K. Roy Chowdhury

University of California, Riverside (UCR)

Problem Overview

Contributions

Method Overview Novel View Synthesis

Camera Controllable Video 
Diffusion-Guided Refinement of 
3D Scenes for occluded and 
out-of-view regions.

Uncertainty Estimation by distilling 
entropy with segmentation and 
MLLM guidance.

Texture alignment on-the-fly with 
for matching the color of regressed 
and generated images. 

How to refine scenes so that it retains 
high fidelity in regions it has seen and 

and generates consistent plausible 
completions for the unseen regions?
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Qualitative results on benchmark 
datasets and in-the-wild scenarios

Uncertainty Map U

Workflow. For a conditioning image, a pre-trained 3D reconstruction model produces 
coarse gaussians representing the scene, represented by optimizable gaussian parameters. 

Using temporally consistent pseudo 2D supervisory images sampled from a camera 
extrinsic embedded LVDM, we iteratively refine the gaussians to obtain clean gaussians. 

To gauge the uncertainty of each pixel in the generated pseudo images (eIp), we propose a 
semantic uncertainty quantification method. We estimate the entropy present in each (eIp) 
obtained by utilizing an off-the-shelf open-vocabulary segmentation model S [ 24] using 

which we obtain uncertainty maps. We take the hadamard product between eIp and U 
forming the target objective for the refinement loss in Equation 6, which guides the 

refinement process.

Building Blocks:-
1.Obtain coarse scene 
gaussians obtained from 
feed-forward model.
2. Generate pseudo-views 
using camera controllable 
video diffusion model.
3.Improve regions using 
uncertainty mask guidance.

Simple Distillation of semantics 
with a MLLM driven prior is 

enough to estimate uncertainty!


