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Background: Why GeNeRF Fails in the Wild？
Generalizable Neural Radiance Fields (GeNeRF)
• Learns a universal multi-view prior → directly synthesizes 

novel views from sparse images
• No per-scene optimization required → efficient cross-scene 

reconstruction

The Challenge: Transient Distractors in the Wild
• Dynamic objects, shadows, occlusions break cross-view consistency 

→ Erroneous supervision corrupts the learned prior

• GeNeRF lacks a mechanism to distinguish distractors from static 
structure → Result: Blurred renderings, distorted geometry 
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Ha-NeRF: Hallucinated Neural Radiance Fields in the Wild 
(CVPR 2022)

NeRF On-the-go: Exploiting Uncertainty for Distractor-free 
NeRFs in the Wild (CVPR 2024) 

Main Paradigms for Distractor-free NeRF
1) Explicit Transient Modeling (e.g., NeRF-W, Ha-NeRF)
• Introduces a separate transient component into the rendering 

pipeline
• Estimates per-point uncertainty / transient density to explicitly 

decouple static scene from distractors
• Requires per-scene optimization to establish multi-view consistency

2) Robust Outlier Suppression (e.g., NeRF On-the-go)
• Treats transient distractors as high-uncertainty outliers during 

training
• Constructs a heteroscedastic loss to adaptively down-weight 

unreliable regions
• Implicitly filters distractors without explicit modeling
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VolRecon: Volume Rendering of Signed Ray Distance Functions
for Generalizable Multi-View Reconstruction (CVPR 2023)

Why Existing Distractor-free Methods Cannot Transfer to GeNeRF？
Per-scene NeRF paradigm:
• Estimates uncertainty from per-view reconstruction errors
• Relies on overfitting to a specific scene's noise pattern
• Essentially "memorizes" what is static vs. transient for 

that scene

GeNeRF is fundamentally different:
• No per-scene optimization — learns a shared multi-view aggregation prior
• Reconstruction errors have mixed origins: Transient distractors in the target 

view; Structural inconsistencies across source views (occlusion, dynamics)
• Indiscriminately treating all errors as distractors → misjudges inconsistent 

static structures → degrades geometry

http://www.baidu.com/link?url=ivzqPDEKoriqxMZ61m7iu3Aa9KrRtkS_ODiMxDlDwVHC-MVCxYPRvrLGE44KlqP_KQsxe3jMeU7IxfWpA2KezqyyCAPckrBhoTGnXZobfYu
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Multi-View Uncertainty-guided Distractor-aware Framework

Core idea: 
Decompose reconstruction errors into two complementary uncertainties to robustly 
suppress distractors under the GeNeRF setting.

Effect: 
Suppresses cross-view mismatches and distractors during training → cleaner 
supervision → more reliable geometric modeling without per-scene optimization.
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• Source-view Uncertainty: Captures structural discrepancies across source views (occlusion, 
dynamics)

• Target-view Uncertainty: Localizes transient distractors in the target view
• Heteroscedastic Reconstruction Loss: Adaptively modulates supervision, enabling robust 

geometry learning in dynamic scenes
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vs. Generalizable Methods (ReTR, MuRF):
• Consistently superior, with or without fine-tuning
• MuRF suffers severely — inter-view modeling misled by 

distractors

vs. Distractor-free NeRFs (UP-NeRF, NeRF On-the-go):
• Outperforms UP-NeRF by clear margin
• Comparable to NeRF On-the-go, but: per-scene optimization, ~48 hrs; 

feed-forward GeNeRF, ~2 hrs
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Ablation Study: Each Component 
Matters

• Removing any uncertainty: 
Performance drops significantly

• Single uncertainty (either βˢ or βᵗ): 
Insufficient alone

• MSE or SSIM alone: Fails to 
fully constrain optimization

• Conclusion: Both uncertainties + 
both losses are essential
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Uncertainty Visualization: How βˢ and βᵗ Complement Each Other
• βᵗ alone: Localizes distractors but misjudges inconsistent static structures → detail loss
• βˢ alone: Captures cross-view conflicts but blind to target-view distractors → residual artifacts
• βₜₛ (Ours): Combines both strengths, driven by geometric consistency, not semantic memorization
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Code Link Group’s Homepage

Thanks for listening!


