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Recap: pixelNeRF
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Recap: DietNeRF
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NeX: Real-time View Synthesis with 
Neural Basis Expansion
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Suttisak Wizadwongsa et al., CVPR, 2021



Original Multiplane Image (MPI)
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Input Images



▪ Equidistant placed for depth space : 

▪ Equidistant placed for inverse depth space :

( = equidistant placed for disparity space) 

Original MPI
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𝑖𝑡ℎ plane of MPI = alpha(𝛼𝑖 ∈ 𝑅𝐻×𝑊×1) + RGB color(𝑐𝑖 ∈ 𝑅𝐻×𝑊×3)

MPI = 𝐴 𝛼1, 𝛼2, … , 𝛼𝐷 + C 𝑐1, 𝑐2, … , 𝑐𝐷

1. Make new MPI by warping all planes to the target view

newMPI = W A +W C , W is a homography warping function

2. Render image in new MPI

image in vew view ( መ𝐼) = O(W A ,W C )

Original MPI: Rendering Process
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𝑂 𝐴, 𝐶 = 

𝑑=1

𝐷

𝑐𝑑𝑇𝑑(𝐴) , 𝑇𝑑 𝐴 = 𝛼𝑑 ෑ

𝑖=𝑑+1

𝐷

(1 − 𝛼𝑖)



Original MPI: Conclusion
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▪ Advantage

▪ Express occlusion, thin structure, or planar reflection with simple structure

▪ Real-time rendering

▪ Limitation - RGBα representation

▪ Each pixel has constant value regardless of viewing direction

▪ Only works well on the diffuse surfaces



Approach
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▪ Allow for view-dependent modeling in MPI

▪ Parameterizing each color value as a function of the viewing direction

▪ Traditional RGB MPI : 𝑒𝑎𝑐ℎ 𝑝𝑖𝑥𝑒𝑙 − 𝑐, 𝛼

▪ View-dependent RGB MPI : 𝑒𝑎𝑐ℎ 𝑝𝑖𝑥𝑒𝑙 − 𝑘0, 𝑘1, … , 𝑘𝑁, 𝛼

𝐶𝑃 𝑣 = 𝑘0
𝑃 +

𝑛=1

𝑁

𝑘𝑛
𝑃𝐻𝑛(𝑣) , 𝑑𝑓𝐻𝑛 𝑣 : 𝑣 : 𝑅3 → 𝑅

Viewing
Direction



Training Network
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Training Network - Details
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𝐺𝜑: v → (𝐻1, 𝐻2, … , 𝐻𝑁)

v 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑣𝑖𝑒𝑤𝑖𝑛𝑔 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛: 𝑣𝑥 , 𝑣𝑦

𝑣𝑧 = 1 − 𝑣𝑥
2 + 𝑣𝑦

2

Training Network - Details

12

Dataset

Extract
Viewing Direction

𝐻1
𝐻2
⋮
𝐻𝑁𝐺𝜑

2

Positional
Encoding

v

𝑣𝑥 𝑣𝑦

6 6

3 Fully-connected
LeakyReLU Layers

𝐻1 𝐻2 … 𝐻𝑁

Input

Output



Implicit-Explicit Modeling Strategy
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▪ Base Color (𝑘0) Explicitly

▪ Using positional encoding, MPI still produces blurry results

▪ Reproducing detail and leads to sharper results

▪ Coefficient Sharing

▪ N+1 coefficients for all pixels for all D planes → expensive for training and rendering

▪ M planes share the same coefficients (not alpha)

▪ Significant gain in speed and model compactness without degradation in the visual quality

▪ 192 planes with M = 12

1𝑠𝑡 to 𝑀𝑡ℎ planes : share coefficients set {𝑘0, 𝑘1, … , 𝑘𝑁}

𝑀 + 1𝑡ℎ to 2𝑀𝑡ℎ planes : share coefficients set {𝑘0, 𝑘1, … , 𝑘𝑁}

⋮



Loss Functions
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𝐼𝑖 ∶ 𝑟𝑒𝑛𝑑𝑒𝑟𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝑖𝑚𝑎𝑔𝑒, መ𝐼𝑖 ∶ 𝑔𝑟𝑜𝑢𝑛𝑑 − 𝑡𝑟𝑢𝑡ℎ 𝑖𝑚𝑎𝑔𝑒

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑟𝑒𝑐 መ𝐼𝑖 , 𝐼𝑖 + 𝛾𝑇𝑉(𝐾0)

▪ Reconstruction Loss (𝐿𝑟𝑒𝑐)

▪ MSE Loss + Gradient Loss

▪ 𝐿𝑟𝑒𝑐 መ𝐼𝑖 , 𝐼𝑖 = መ𝐼𝑖 − 𝐼𝑖
2
+ 𝜔 ∇መ𝐼𝑖 − ∇𝐼𝑖

▪ Total Variation (𝑇𝑉)



Experiment Results
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▪ Number of Basis Coefficients

▪ FS : Fourier Series

▪ JH : Jacobi Spherical Harmonics

▪ HSH : Hemispherical Harmonics

▪ SH : Spherical Harmonics

▪ TS : Taylor Series



Experiment Results
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▪ Evaluation on different modeling strategies

▪ Alpha transparency (𝐴)

▪ Base color (𝐾0)

▪ View-dependent coefficients (𝐾1, … , 𝐾𝑛)



Experiment Results
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▪ Real forward-facing dataset

▪ Shiny dataset

▪ Space dataset



Experiment Results
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Experiment Results
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Experiment Results
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Limitation
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▪ Need long time and high number of input views for training

▪ Cannot completely synthesize view dependent effect (ex. sharp highlights, or refraction)



Ref-NeRF: Structured View-Dependent 
Appearance for Neural Radiance Fields
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Dor Verbin et al., CVPR, 2022  



Approach
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Original NeRF

▪ Using viewing direction as a input of outgoing radiance function

▪ Poorly suited for interpolation

▪ Fake specular reflection

▪ Emitters in side the object

▪ Objects with semitransparent or foggy shells



Reflection Direction Parameterization
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▪ Convert view direction to reflection of the view direction

▪ ෝ𝜔𝑟 = 2 ෝ𝜔0 ∙ ො𝑛 ො𝑛 − ෝ𝜔0

▪ ෝ𝜔0 : unit vector from camera

▪ BRDF : rotationally-symmetric about reflected view direction

▪ 𝑓 ෝ𝜔𝑖 , ෝ𝜔𝑜 = 𝑝 ෝ𝜔𝑟 ∙ ෝ𝜔𝑖 𝑓𝑜𝑟 𝑠𝑜𝑚𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑝

▪ Neglecting interreflections and self-occlusions

ො𝑛
ෝ𝜔0 ෝ𝜔𝑟

ො𝑛𝑓 ෝ𝜔𝑖 , ෝ𝜔𝑜
ෝ𝜔𝑟

ෝ𝜔𝑖

ෝ𝜔𝑜
𝜃

ො𝑛𝑓 ෝ𝜔𝑖 , ෝ𝜔𝑜 ෝ𝜔𝑟

ෝ𝜔𝑖ෝ𝜔𝑜 𝜃



Integrated Directional Encoding
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▪ Radiance cannot be represented as a function of reflection direction alone

▪ High roughness → radiance changes slowly

▪ Encode reflection directions with a set of spherical harmonics: 𝑌𝑙
𝑚

▪ Encode distribution of reflection vectors instead of single vector: 𝑣𝑀𝐹 ෝ𝜔𝑟, 𝜅

▪ Can reason about roughness

▪ 𝐼𝐷𝐸 ෝ𝜔𝑟 , κ = 𝐸ෝ𝜔~𝑣𝑀𝐹 ෝ𝜔𝑟,𝜅 𝑌𝑙
𝑚 ෝ𝜔 : 𝑙, 𝑚 ∈ 𝑀𝐿 , 𝑀𝐿 = { 𝑙,𝑚 : 𝑙 = 1, … , 2𝐿 , 𝑚 = 0,… , 𝑙}

▪ 𝐸ෝ𝜔~𝑣𝑀𝐹 ෝ𝜔𝑟,𝜅 𝑌𝑙
𝑚 ෝ𝜔 ≈ exp −

𝑙 𝑙+1

2𝜅
𝑌𝑙
𝑚 ෝ𝜔𝑟



Architecture
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▪ 𝑐 = 𝛾 𝑐𝑑 + 𝑠 × 𝑐𝑠 , 𝑠 𝑖𝑠 𝑠𝑝𝑒𝑐𝑢𝑙𝑎𝑟 𝑡𝑖𝑛𝑡



▪ Tie predicted normal and density gradient normal

▪ 𝑅𝑝 = σ𝑖𝑤𝑖 ො𝑛𝑖 − ො𝑛𝑖′
2

▪ 𝑤𝑖 is the weight of the 𝑖th sample along the ray

▪ Penalize normal vector that are back-facing

▪ 𝑅𝑜 = σ𝑖𝑤𝑖max 0, ො𝑛𝑖
′ ∙ መ𝑑

2

Accurate Normal Vectors
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ො𝑛 𝑥 = −
∇𝜏 𝑥

∇𝜏 𝑥

Camera

max 0, ො𝑛𝑖
′ ∙ መ𝑑 = 0

max 0, ො𝑛𝑖
′ ∙ መ𝑑 = ො𝑛𝑖

′ ∙ መ𝑑

ො𝑛𝑖
′

ො𝑛𝑖
′

መ𝑑

መ𝑑



Accurate Normal Vectors
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𝑅𝑝 =

𝑖

𝑤𝑖 ො𝑛𝑖 − ො𝑛𝑖′

2

𝑅𝑜 =

𝑖

𝑤𝑖max 0, ො𝑛𝑖
′ ∙ መ𝑑

2



Experiments
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Experiments
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Scene Editing
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Scene Editing
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Conclusion
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▪ Limitations

▪ Increased computation

▪ IDE is slightly slower than standard positional encoding

▪ Back propagation is 25% slowly than mip-NeRF

▪ Reparameterization does not explicitly model interreflections or non-distant illumination

▪ Contributions

▪ Improve quality of view-dependent appearance and accuracy of normal vector

▪ Represent outgoing radiance as interpretable components

▪ normal, roughness, diffuse and specular color…



Quiz
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1. Please select the elements that depend on viewing direction on NeX.

① Alpha Transparency

② Reflect Coefficients

③ Neural Basis functions

2. What element does Ref-NeRF use as input of IDE instead of view direction?

(          ) of view direction
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