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Goal: Augment Sparse-view NeRF performance without using 

supplementary information

Motivation:

• Sparse-view NeRF is challenging due to the under-constrained 

optimization.

• Some existing methods address this issue by relying on supplementary 

information (e.g., depth).

• Additional-information-free methods rely on strong assumption and 

limit real-world application.

Contribution:

• A semi-supervised NeRF framework (i.e., SSNeRF).

• Three sparse-view-specific augmentations are introduced, focusing on 

(1) sample-level densities, (2) layer robustness, and (3) sparse-view 

degradation.

• Efficiently address the floating points and resolve flicking pixels in 

rendered videos.

Experimental Results

Quantitative Results

Monte-Carlo Epistemic Confidence Map:

• Epistemic confidence map evaluates uncertainty caused by under-

optimized model and can be achieved by comparing the same pixels 

generated by model perturbed with different ratio (e.g., dropout).

• To eliminate instableness caused by randomness, we use ensembling 

strategy that a series of small, varied dropout ratios (e.g., 0%, 5%, 15%, 

20% ) and calculate the variance of each pixels.

Biase correction:

Black and white regions are more stable. To address this issue, HSV filter 

is applied to filter out those extreme regions which may leads to 

over/under-saturated results.

Sparse-view-specific Augmentation

Qualitative Results

Sparse-view Degradation Simulation:

To augment NeRF from result aspect, we simulate the 

blurriness by assigning the brightest color to nearby 

pixels, collaborating with a patch sampling strategy.

Sample-level Augmentation:

• Floaters are caused by pointxs with small density value 

and non-zero RGB.

• By perturbing density values with τ -noise, NeRF 

adjusts sample-level RGBs according to wrong 

density. 

Layer Augementation:

Layers showing large parameter variance across NeRFs 

trained with different view counts were treated as 

vulnerable layers and we augment those layers. 

Student NeRF overfits on specific noise pattern. EMA 

transfers only denoising ability.

We inject uniform noise to densities, and ours (teacher NeRF) 

shows the best denoising ability and achieve the best 

performance.

Denoising Ability

Ablation Study
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