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Nerfies: Deformable Neural 
Radiance Fields

Park et al. ICCV. 2021

https://docs.google.com/file/d/1cNNKGcGyRccAD3udV43s4Z6SPoX-bmOt/preview


Nerfies: Goal

● Reconstructing deformable scenes using photos/videos captured casually 
from mobile devices.



Nerfies: Challenge

● While capturing the scene with mobile devices, the scene can be deformed.

Deform



Nerfies: Solution

● Nerfies model the canonical frame of the scene through the deformation field 
network.

● Additional regularization terms are utilized to optimize the deformation field.
○ Elastic regularization
○ Background regularization
○ Coarse-to-fine annealing



Nerfies: Neural Deformation Fields

● Nerfies G extends a neural deformation field T in front of the NeRF F.
● For each frame i, the appearance code 𝜓i and the deformation code ⍵i is 

learned.



Nerfies: Neural Deformation Fields

● Nerfies utilized SE(3) (rotation + screw motion) as a deformation function T.
● MLP W inferences the SE(3) parameters (r; v) from the position and code.

Rotation Matrix Screw Matrix



Nerfies: Elastic Regularization

● The deformation field can be ambiguous in some cases.
● To alleviate this issue, we regularize the singular value of the Jacobian of the 

deformation field T.
● This regularization makes the deformation to be elastic.



Nerfies: Background Regularization

● This regularization term constrains the background to be static.
● xks are a static 3D points on the background.



Nerfies: Coarse-to-Fine Deformation Regularization

● Regularize the positional encoding to let the model learn coarse shapes first.



Nerfies: Results

https://nerfies.github.io/

https://nerfies.github.io/


Nerfies: Results

● Elastic regularization alleviates the distortion of surfaces. 



Nerfies: Results



Nerfies: Limitations

● Cannot model the topological variation.
● Hard to model rapid motions.
● Optimizing SE(3) is still non-convex problem due to the ambiguity.



HyperNeRF: A Higher-Dimensional 
Representation for Topologically Varying 

Neural Radiance Fields

Park et al. ACM Trans. Graph. 2021



HyperNeRF: Problem & Solution

● Alleviate the Nerfies’ lack of modeling topological variation by utilizing the 
hyperspace.



HyperNeRF: Level Set Method

● Topologically varying shapes on N dimension space can be seen as slicing 
the M dimensional shape with a plane. (M > N).



HyperNeRF: Level Set Method

● Similar to the level set method, HyperNeRF models the 3+W dimensional 
shape and slice the hyper-shape with W dimensional cut.

● We call the W dimensions as ambient dimensions.

Shape on HyperspaceShapes from Slices



HyperNeRF: Deformable Slicing

● By deforming the slicing surface, the shape on the hyper space can be even 
simpler.



HyperNeRF:

● Deformation field models topology preserved motions, while ambient slicing 
surface models topology varying motions.



HyperNeRF: Implementation

● HyperNeRF is implemented by adding the ambient slicing surface H to the 
Nerfies.

● Axis-aligned Slicing Plane can be implemented by adopting a function H 
which is not depends on the position x.



HyperNeRF: Results

● Deformable Slicing is more expressive than Axis-Aligned Slicing.



HyperNeRF: Results

● Deformable Slicing is more expressive than Axis-Aligned Slicing.



HyperNeRF: Results

https://hypernerf.github.io/

https://hypernerf.github.io/


HyperNeRF: Results

● HyperNeRF outperforms Nerfies on dynamic sequences.



HyperNeRF: Results

● HyperNeRF outperforms Nerfies on dynamic sequences.

Nerfies

HyperNeRF



HyperNeRF: Limitations

● Cannot capture the rapid motions.
● Cannot utilize domain specific priors
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