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Novel View 
Synthesis



Motivation Eye Candy: NERF
https://www.matthewtancik.com/nerf 
Scenario : 100s of images as input (known cameras),  
synthesize views for novel 3D viewpoints
Neural network (x, y, z) => RGB+opacity

Rendered with ray marching
Network overfit to single scene

https://www.matthewtancik.com/nerf
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3D Gaussian Splatting
• Intuition: ray-casting through 3D is wasteful (mostly empty 

space)
• Represent the scene as a collection of points with size:  

3D Gaussians (mean & covariance) + color & opacity
• Interestingly, builds on deep learning lessons,  

but removes deep learning
Kerbl, B., Kopanas, G., Leimkühler, T., & Drettakis, G. (2023). 3d gaussian splatting for real-time 
radiance field rendering. ACM Transactions on Graphics (ToG)
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Implicit/iso Surfaces

Image credits: IGR: Implicit Geometric Regularization for Learning Shapes. Gropp et. al



• Reconstruction as isosurface of neural field (xyz -> distance to surface)
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Overview and 
rambling



3D space is sparse
Most of 3D space is empty of solid stuff
That’s why we can navigate in the world and do stuff.

Interaction is usually with the surface of things  
(manipulation, locomotion on ground)
In a (mathy) sense, 3D is just an ambient space, the relevant stuff is 2D

That’s why 2D vision systems work
In contrast 2D images are dense

Images compress/project/do dimensionality reduction of the sparse 3D space
And that mapping, while not trivial, is not that bad. Mostly one 3D point per 2D 
pixel. (As oppose to, e.g. CT computerized tomography). Mostly smooth (except 
boundaries)
Again, that’s why 2D vision systems are so effective
Counterpoint: interesting parts of 2D images are sparse (edges, corners)

Plus curse of dimensionality: 3D is expensive, which makes sparsity important



Dealing with sparsity of 3D space

Ignore it: full volumetric representations
Volumetric sparse/adaptive/hierarchical

2D surfaces/clouds embedded in 3D 
Special case of implicit representations

2(.5)D view-based

2(.5)D Ground plan 

Note about 2.5D: two flavors: just depth, or multiple layers

Make it even worse but densely redundant: 4D light fields
Make it even worse/ignore by by just keeping a collection of 2D images



Historical perspective

People used to try to make 2D sparse: edges, corners
Now we do the opposite : make 3D dense (field)



Big challenges for 3D-> 2D and 2D->3D
Differentiability

Differentiability at all
Sparse spiky gradient even when we have them

Loss localization and Lagrangian options:  
Easy loss is localized: Eulerian on RGB in pixel-space,  
plays poorly with Lagrangian representations because stuff needs to move non-locally

Only OK if close initialization and first-order Taylor applies. 
Solutions like coarse-to-fine help, but still tricky

Lagrangian loss (e.g. error between location of a vertex and ground truth) would 
require correspondence
Easier to go from Lagrangian to Eulerian

Traditional 3D graphics : 3D Lagrangian triangles -> 2D Eulerian pixels



More generally, tension 2D/3D for learning
The world is 3D
3D can provide absolute grounding

Sparse, dimensionality gap (The world is 
largely empty, sparse, we mostly see 2D 
surfaces)

That’s why human/animal/computer 
vision can work. The mapping is not 
that bad. It’s not CT !
Naturally/traditionally Lagrangian, both 
to deal with dimensionality gap and 
that’s how things move in the world. 

But 3D to 2D mapping is (a bit) messy, 
not differentiable

2D input available at scale (cameras are 
wonderful)
2D views are dense(r) 
Dense 2D is cheap enough that we can 
handle it  
(memory, compute)
Naturally Eulerian (largely because we 
can handle the full dense data)
But 2D views are more  subjective/
accidental, and lose some of the 3D info 



3D/NVS Major themes/dimensions/concerns
From explicit 3D reconstruction to internal representation to no 3D at all. 
2D images, 3D space, 5D space of position + direction, 4D Line/ray space
Differentiability, fuzziness
Dealing with sparsity and scalability
Localization, Eulerian vs. Lagrangian
Analytical/Neural vs discrete and sample based
World-space vs camera space (esp. for single view methods)
Baked-in illumination vs. fully relightable (former for NVS)
Per-scene overfitting vs (auto) encoder per class/generic
How many input views?
Explicit data structure vs. Network as data structure



Warning: A complex landscape
• Various forms of tasks : 

• Reconstruction (output is 3D) 
• Novel View Synthesis (output is 2D)

• Various scenarios 
• Overfit to a single scene (NERF, Gaussian splatting) vs amortized training (DUST3R, VGGT)  
• General vs class specific, capture vs generative
• How much prior is learned (training from a dataset of many scenes, not just the one to be reconstructed)
• Baked-in illumination or full relightable model
• Number of input views: from 1 to 100s

• Various 3D representations (when used) 
• Volumetric/fuzzy vs hard surface vs 4D line/ray space
• Various degrees and combinations of neural vs traditional data structure, 
• Various levels of localization/colocation vs global 
• World space or camera space
• Various levels of coverage, from single view to full 360 all the way to infinity
• Or skip middleman, no explicit representation, just input images



3D Inverse Graphics Taxonomy (Vincent’s version)

Field Parameterization Geometry & Appearance Model

Forward Map Inference Model

MLP / 
Transformer

Voxel Grid, Voxel 
Grid Hybrid

Point Cloud 
Hybrid

Tri-Plane, 
Ground Plan 

Hybrid

3D Density + 
Surface Light 

Field

3D Level Set + 
Surface Light 

Field

Light Field

Hybrid Levelset / 
Density + Surface 

Light Field

Volume 
Rendering

Light Field

Sphere Tracing

Hybrid Volume 
Rendering / 

Sphere Tracing

Per-Scene 
Optimization

Prior-based, 
encoder

Unconditional 
Generative

Prior-based,  
auto-decoder



FIELD 
REPRESENTA
TION



How to parameterize surfaces?

…𝒙 ∈

[]…𝒙 ∈

𝒙 ∈ Free  
Space

[]Free Space𝑥2

Objects

𝑥1

[]……
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Φ:ℝ3    ℝ𝑛

 
A physical quantity represented by a 
scalar, vector, or tensor, that has a 
value for each point in space and 

time.
“

Definition: Field (physics)

Will use term “field” for any function that takes a 
space, time, or space-time coordinate as input to 

map it to some quantity at that coordinate.



How to parameterize surfaces?

…𝒙 ∈

[]…𝒙 ∈

𝒙 ∈ Free  
Space

[]Free Space𝑥2

Objects

𝑥1

[]……

Φ:ℝ3    ℝ𝑛

21



The Occupancy Field

Free Space𝑥2

Objects

𝑥1
22

Occ(x) = 1

Occ(x) = 0

OCC : ℝ3 → ℝ

Occupancy Networks: Learning 3D Reconstruction in Function Space, Mescheder et al. 
IM-Net: Learning Implicit Fields for Generative Shape Modeling, Chen et al.

{x |Occ(x) = 0.5}



NERF is more or less an occupancy (well opacity) field + color
Basic model : color + opacity for each x, y, z

x,y,z -> r,g, b, alphas
Optionally directional, but let’s not worry about it for now. 

X, y, z, theta, phi -> r, g, b, alpha



Iso surface of a field 

Option 2: Implicit surface

Free Space𝑥2

Objects

𝑥1
24

SDF : ℝ3 → ℝ {x | f(x) = 0}



Field represents distance to surface
Special case of implicit:  Signed Distance Field

Free Space𝑥2

Objects

𝑥1
25

SDF : ℝ3 → ℝ {x |SDF(x) = 0}

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation, Park et al. 2019



Make a lot of stuff easier 
But needs to respect a so-called Eikonal equation 

The Signed Distance Field

Free Space𝑥2

Objects

𝑥1
26

SDF : ℝ3 → ℝ {x |SDF(x) = 0}

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation, Park et al. 2019

|∇f | = 1



Marching Cubes: Extracting 2D Mesh from 3D Implicit Representation



Marching Cubes: Extracting 2D Mesh from 3D Implicit Representation



Parameterizing Fields

Discrete Parameterizations Continuous Parameterizations Hybrid Parameterizations



Discrete and 
grid-based



Voxel Grids

Discrete Parameterizations Continuous Parameterizations Hybrid Parameterizations



Plenoxels: No neural networks
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…𝒙 ∈

[]…𝒙 ∈

𝒙 ∈ Free  
Space

[]

[]……
Voxelgrid of  

features

Φ : ℝ3 → ℝn

𝑥2

𝑥1

Voxel Grids



Interpolation: Querying continuous values

Interpolation in a 2D voxel grid.

• Only stores values at vertex locations,  
i.e. corners


• Values at intermediate coordinates are 
defined via interpolation w/ some kernel k

̂f(x) =
N

∑
i=1

fik(x, xi)

̂f

f1 f2

f3 f4



Voxelgrid of  
features

Φ : ℝ3 → ℝn

• For  spatial dimensions and resolution , 
memory grows 


• Fast sampling: -linear interpolation 
= index into array  times & weighted sum.


• Convenient processing as it exposes locality. Can 
easily run convolutions, nearest-neighbor lookups, 
etc.


• Intractable in higher dimensions :/

d n
O(nd)

d
2d

Voxel grids



Multi-Resolution Representations

Discrete Parameterizations Continuous Parameterizations Hybrid Parameterizations

Image Source: https://doc.cgal.org/latest/Orthtree/index.html



Octrees

Divide volume into 8 voxels


If any box has more than N 
points in it, divide it into 8 
voxels


Do not divide voxels with 
zero points.

Image Source: https://doc.cgal.org/latest/Orthtree/index.html



Octrees

Saves memory (less resolution in 
empty parts)


Sub-division is not differentiable: 
can’t easily build neural network 
that outputs Octree


To sample point, have to traverse 
multi-resolution hierarchy. Still 
fast, though.Image Source: https://doc.cgal.org/latest/Orthtree/index.html







Neural fields



Neural Fields

Discrete Parameterizations Neural Fields Hybrid Parameterizations



Occupancy Networks: Learning 3D Reconstruction in Function Space, Mescheder et al. 
IM-Net: Learning Implicit Fields for Generative Shape Modeling, Chen et al. 
DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation, Park et al. 2019 
Sitzmann et al:  Scene Representation Networks: Continuous 3D-Structure-Aware Neural Scene Representations, NeurIPS 2019.

Neural fields: Parameterize Field as Neural Network!

𝒙 ∈

𝒙 ∈

𝒙 ∈ Free  
Space

Neural NetFree Space𝑥2

Objects

𝑥1

[
[

[…

]…

]……
]

`
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Φ : ℝ3 → ℝn



Shapes
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Mescheder et al. 2018 
Park et al. 2018 
Chen et al. 2018

x

y

z NN(x, y, z)

ReLU MLP

Shapes

43



Mescheder et al. 2018 
Park et al. 2018 
Chen et al. 2018

x

y

z NN(x, y, z)

ReLU MLP

Shapes
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Shapes

ReLU MLP

44

Resolution is limited!



Images Shapes

ReLU MLP
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Resolution is limited!



Images AudioShapes

ReLU MLP
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Resolution is limited!



Back to Sine Waves 
1: Positional 
encoding



NERF

• Naive solution: use x, y, z directly

• Solutions are too blurry

https://arxiv.org/pdf/2006.10739 

https://arxiv.org/pdf/2006.10739


NERF with sine positional encoding
• Before entering network, turn x, y, z into a bunch of sine/cosine values  (similar 

to transformers)

• Pretty much a version of the so-called kernel trick (careful, the kernel word gets used a lot)



NERF
• Positional ending for both the location x y, z and the unit vector of direction

• L=10 for position, 4 for direction



Back to Sine Waves 
2: Activations 
(SIREN)



A Structured Dictionary Perspective on  
Implicit Neural Representations  

Yüce & Ortiz-Jiménez et al. CVPR 2022

Fourier Features Let Networks Learn
High Frequency Functions in Low Dimensional Domains  

Tancik, Srinivasan, Mildenhall NeurIPS 2020

Gaussian Activated Neural Radiance Fields for
High Fidelity Reconstruction & Pose Estimation 

Chng et al. ECCV 2022

SIREN: Neural Implicit Representations 
With Periodic Activation Functions  

Sitzmann & Martel et al. NeurIPS 2020
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Images AudioShapes Quantities defined by a 
differential equation

Si

x

y

z

NN(x, y, z)

51Sitzmann et al.: Implicit neural representations with periodic activation functions, NeurIPS 2020

Where the sine wave has a weight vector and bias => orientation, frequency and phase



Images AudioShapes Quantities defined by a 
differential equation

Si

SIREN: Sinusoidal Representation Networks

x

y

z

NN(x, y, z)

51Sitzmann et al.: Implicit neural representations with periodic activation functions, NeurIPS 2020

Where the sine wave has a weight vector and bias => orientation, frequency and phase



Images AudioShapes
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Images AudioShapes Quantities defined by a 
differential equation
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ReLU MLP

SIREN

Images AudioShapes Quantities defined by a 
differential equation
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ReLU MLP

SIREN

Images AudioShapes Quantities defined by a 
differential equation
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Locality

Periodicity allows SIREN to replicate 
activations across input domain

54

δ/δx δ2/δx2



Locality Derivatives

All derivatives exist, are 
nonzero and bounded by 1

Periodicity allows SIREN to replicate 
activations across input domain

54

δ/δx δ2/δx2





Images Audio Videos Poisson equation Eikonal equation Helmholtz equation Wave equation



RGB valuesspatial coords.

Input Output 
 supervised by

Implicit Formulation 
Find     that minimizes       

Images Audio Videos Poisson equation Eikonal equation Helmholtz equation Wave equation

𝛷 ℒ



Representing Images

GT ReLU ReLU 
P.E.1

RBF SIRENTanh

Im
ag

e
G
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ia

n

1 Nerf [Mildenhall et al. 2020]



Representing Images
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Input Output 
 supervised by

Implicit Formulation 
Find     that minimizes       

Images Audio Videos Poisson equation Eikonal equation Helmholtz equation Wave equation

𝛷 ℒ

amplitudetime point



Representing Audio – Music
Ground Truth

ReLU MLP ReLU w/ positional encoding SIREN



Representing Audio – Music
Ground Truth

ReLU MLP ReLU w/ positional encoding SIREN



Representing Audio – Music
Ground Truth

ReLU MLP ReLU w/ positional encoding SIREN



Representing Audio – Music
Ground Truth

ReLU MLP ReLU w/ positional encoding SIREN



Representing Audio – Music
Ground Truth

ReLU MLP ReLU w/ positional encoding SIREN



Input Output 
 supervised by

Implicit Formulation 
Find     that minimizes       

Images Audio Videos Poisson equation Eikonal equation Helmholtz equation Wave equation

𝛷 ℒ

gray levelspatial coord.



Poisson’s Equation

GT Softplus ReLU P.E.1 Tanh SIREN

supervision

Im
ag

e
G
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La
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ac
ia

n

1 Nerf [Mildenhall et al. 2020]



Poisson’s Equation

GT Softplus ReLU P.E.1 Tanh SIREN

supervision

Im
ag
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1 Nerf [Mildenhall et al. 2020]



Input Output 
 supervised by

Implicit Formulation 
Find     that minimizes       

Images Audio Videos Poisson equation Eikonal equation Helmholtz equation Wave equation

𝛷 ℒ

spatial coord. signed distance

Implicit Geometric Regularization for  Learning Shapes [Gropp et al. 2020] 

Input Output 
 supervised by

Implicit Formulation 
Find     that minimizes       𝛷 ℒ



3D Shapes - solving the Eikonal equation
SIRENReLU

5 layers, 256 hidden units



3D Shapes - solving the Eikonal equation
SIRENReLU

5 layers, 256 hidden units



ReLU SIREN64

SIREN



ReLU SIREN64

SIREN



ReLU SIREN64

~1MB compared to  
110MB of full mesh!

SIREN



SIREN Discussion

• Great when you need (higher-order) derivatives


• Finicky to train


• Initialization is key


• For NVS, localize approaches (hybrid or primitives/based) have come to 
dominate.



Tangent 
kernels



Goal
• Why does sine/cosine positional encoding help NERF? 

• Understand how training data leads to predictions  

• Ideally, for a given prediction at x, get a sense of which 
training datapoints influence the results 

• Various approaches including influence functions 
• See how the training optimum and subsequent prediction would change if a 

datapoint changed. Leads to second derivatives calculation after network has 
been trained. Pretty general but not super easy to make work


• And Neural Tangent Kernels 
• More of a first-order Taylor approach around initialization parameters to see the 

influence of training data on parameters (and therefore predictions)


• Only valid if parameters don’t stray too far. Insightful for regular very wide MLP, 
not for stuff like transformers



Background: Kernel Machines
Given “training” set , a kernel machine makes predictions on a 
point  by interpolating labels  in the training set according to pairwise 

weights between  to  as measured by a kernel function: 
 
 
 
 
 

Where ,  is kernel function with .

{(xi, yi)}i
x yi

xi x

Kij = k(xi, xj) k k ≥ 0

f(x) =
n

∑
i=1

(K−1y)ik(xi, x)



The Neural Tangent Kernel (Jacot et al. 2018)

kNTK(x1, x2) = ⟨∇θ fθ0
(x1), ∇θ fθ0

(x2)⟩

It turns out (Jacot et al. 2018) that in the limit of an infinitely wide MLP  with  
initialization , test-time predictions are made according to a kernel:

f(x)
θ0

f(x) =
n

∑
i=1

(K−1y)ik(xi, x)



kNTK(x1, x2) = ⟨∇θ fθ0
(x1), ∇θ fθ0

(x2)⟩

It turns out (Jacot et al. 2018) that in the limit of an infinitely wide MLP  with  
initialization , test-time predictions are made according to a kernel:

f(x)
θ0

f(x) =
n

∑
i=1

(K−1y)ik(xi, x)

In other words: “Neural” implicit representations interpolate the training set 
according to a relatively simple rule. No “intelligence”, no AI, no magic.

The Neural Tangent Kernel (Jacot et al. 2018)



kNTK(x1, x2) = ⟨∇θ fθ0
(x1), ∇θ fθ0

(x2)⟩

It turns out (Jacot et al. 2018) that in the limit of an infinitely wide MLP  with  
initialization , test-time predictions are made according to a kernel:

f(x)
θ0

f(x) =
n

∑
i=1

(K−1y)ik(xi, x)

What we can do is design the kernel and pick the space of , 
the space in which our neural network will interpolate.

(x, y)

The Neural Tangent Kernel (Jacot et al. 2018)



kNTK(x1, x2) = ⟨∇θ fθ0
(x1), ∇θ fθ0

(x2)⟩

It turns out (Jacot et al. 2018) that in the limit of an infinitely wide MLP  with  
initialization , test-time predictions are made according to a kernel:

f(x)
θ0

f(x) =
n

∑
i=1

(K−1y)ik(xi, x)

We do not know of an equivalent rule for transformers to date -  
work in progress!

The Neural Tangent Kernel (Jacot et al. 2018)



kNTK(x1, x2) = ⟨∇θ fθ0
(x1), ∇θ fθ0

(x2)⟩

It turns out (Jacot et al. 2018) that in the limit of an infinitely wide MLP  with  
initialization , test-time predictions are made according to a kernel:

f(x)
θ0

f(x) =
n

∑
i=1

(K−1y)ik(xi, x)

What does this mean for neural fields?

The Neural Tangent Kernel (Jacot et al. 2018)



SIREN: Neural Implicit Representations 
With Periodic Activation Functions  

Sitzmann & Martel et al. NeurIPS 2020

A Structured Dictionary Perspective on  
Implicit Neural Representations  

Yüce & Ortiz-Jiménez et al. CVPR 2022

Gaussian Activated Neural Radiance Fields for
High Fidelity Reconstruction & Pose Estimation 

Chng et al. ECCV 2022

Fourier Features Let Networks Learn
High Frequency Functions in Low Dimensional Domains  

Tancik, Srinivasan, Mildenhall et al, NeurIPS 2020



SIREN: Neural Implicit Representations 
With Periodic Activation Functions  

Sitzmann & Martel et al. NeurIPS 2020

A Structured Dictionary Perspective on  
Implicit Neural Representations  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Kernel regression Neural tangent kernel
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NTK kernel  for a 4-layer 
ReLU MLP with one scalar input.

kNTK(xi, xj)

From “Fourier Features Let Networks Learn High Frequency 
Functions in Low Dimensional Domains”, Tancik, Srinivasan, 

Mildenhall et al.  

NTK of ReLU neural net is quite non-local. 



Feature Embeddings

Reconstructing continuous distributions of 3D protein…, Zhong et al.; Neural Radiance Fields, Mildenhall et al.



Feature Embeddings
γ(x) = [γ1(x), . . . , γn(x)]

Reconstructing continuous distributions of 3D protein…, Zhong et al.; Neural Radiance Fields, Mildenhall et al.



Feature Embeddings
γ(x) = [γ1(x), . . . , γn(x)]

γ2i(x) = sin(2i−1πxi)
γ(2i+1)(x) = cos(2i−1πxi)

Sinusoidal Embeddings 
Zhong et al. ICLR 2020 

Mildenhall et al., ECCV 2020

Reconstructing continuous distributions of 3D protein…, Zhong et al.; Neural Radiance Fields, Mildenhall et al.



Feature Embeddings
γ(x) = [γ1(x), . . . , γn(x)]

γ2i(x) = sin(2i−1πxi)
γ(2i+1)(x) = cos(2i−1πxi)

Sinusoidal Embeddings 
Zhong et al. ICLR 2020 

Mildenhall et al., ECCV 2020

Reconstructing continuous distributions of 3D protein…, Zhong et al.; Neural Radiance Fields, Mildenhall et al.

γ(x) = exp(−
∥t − x∥2

2σ2
) Gaussian Embeddings 

Zheng et al., arXiv 2021



Feature Embeddings
γ(x) = [γ1(x), . . . , γn(x)]

γ2i(x) = sin(2i−1πxi)
γ(2i+1)(x) = cos(2i−1πxi)

Sinusoidal Embeddings 
Zhong et al. ICLR 2020 

Mildenhall et al., ECCV 2020

Reconstructing continuous distributions of 3D protein…, Zhong et al.; Neural Radiance Fields, Mildenhall et al.

γ(x) = exp(−
∥t − x∥2

2σ2
) Gaussian Embeddings 

Zheng et al., arXiv 2021. . .
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NTK is local (note diagonal).

NTK kernel  for a 4-
layer ReLU MLP with one scalar input 

and Sinusoidal Feature Mapping 
.

kNTK(γ(xi), γ(xj))

γ(x) = [cos(2πx), sin(2πx)]

From “Fourier Features Let Networks Learn High Frequency 
Functions in Low Dimensional Domains”, Tancik, Srinivasan, 

Mildenhall et al.  



ReLU SIREN79

SIREN



ReLU SIREN79

SIREN



ReLU SIREN79

~1MB compared to  
110MB of full mesh!

SIREN



Fourier Features



A Structured Dictionary Perspective on  
Implicit Neural Representations  

Yüce & Ortiz-Jiménez et al. CVPR 2022

SIREN: Neural Implicit Representations 
With Periodic Activation Functions  

Sitzmann & Martel et al. NeurIPS 2020

Fourier Features Let Networks Learn
High Frequency Functions in Low Dimensional Domains  

Tancik, Srinivasan, Mildenhall NeurIPS 2020

Gaussian Activated Neural Radiance Fields for
High Fidelity Reconstruction & Pose Estimation 

Chng et al. ECCV 2022
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Implicit Neural Representations  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Multiplicative Filter Networks  
Fathony et al. ICLR 2021

BACON: Band-limited coordinate networks for  
multiscale scene representation 

Lindell et al. CVPR 2022

Neural (?) Fields with analytical  
(but not tractably computable) Fourier spectrum!



Multiplicative Filter Networks  
Fathony et al. ICLR 2021

BACON: Band-limited coordinate networks for  
multiscale scene representation 

Lindell et al. CVPR 2022

Neural (?) Fields with analytical  
(but not tractably computable) Fourier spectrum!
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Multiplicative Filter Networks  
Fathony et al. ICLR 2021

BACON: Band-limited coordinate networks for  
multiscale scene representation 

Lindell et al. CVPR 2022

Neural (?) Fields with analytical  
(but not tractably computable) spectrum!



Multiplicative Filter Networks  
Fathony et al. ICLR 2021

BACON: Band-limited coordinate networks for  
multiscale scene representation 

Lindell et al. CVPR 2022

Neural (?) Fields with analytical  
(but not tractably computable) spectrum!

https://arxiv.org/pdf/2111.11426.pdf


Neural Fields

Φ : ℝ3 → ℝn

• Storage memory does not grow with spatial resolution or 
number of spatial dimensions.


• Slow sampling: Each query takes a forward pass through the 
neural net. Means GPU-memory intensive forward passes.


• Does not expose locality: Can’t identify set of parameters / 
direction in parameter space that encodes particular spatial 
location. 


• Inconvenient processing: cannot run convolutions.


• But: automatic adaptive resolution. Over optimization, will 
converge to assign more compute to higher-frequency areas.

Neural Fields

Note: Despite their name, has nothing to do with Machine Learning itself.  
It’s as “smart” as a voxelgrid.



Hybrid 
approaches



Hybrid discrete / continuous reps

Discrete Parameterizations Continuous Parameterizations Hybrid Parameterizations



Basic idea: Use Neural Net as Interpolation Kernel

Convolutional Occupancy Networks [Peng et al. 2020] 
Local Implicit Grid Representations for 3D Scenes [Jiang et al. 2020] 
Implicit Functions in Feature Space for 3D Shape Reconstruction and Completion [Chibane et al. 2020]  
Deep Local Shapes: Learning Local SDF Priors for Detailed 3D Reconstruction [Chabra et al. 2020]

Store grid of trained features

Simple MLP takes features + position



Convolutional Occupancy Networks [Peng et al. 2020]

Ground plan & Orthographic Projection

Any assumptions made on scene? Any limitations?



Convolutional Occupancy Networks [Peng et al. 2020]

Ground plan & Orthographic Projection

No. You can still represent any scene - some info stored in NN, some in grid.



Tri-Planes and Orthographic Projection

Convolutional Occupancy Networks [Peng et al. 2020]



Image Grids & Perspective Projection

PixelNeRF (Yu et al. 2020)



Multi-scale Voxel Grids

Neural Geometric Level of Detail: Real-time Rendering with Implicit 3D Shapes, Takikawa, Litalien et al. 2021
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Multi-scale Voxel Grids

Neural Geometric Level of Detail: Real-time Rendering with Implicit 3D Shapes, Takikawa, Litalien et al. 2021



Instant NGP



https://nvlabs.github.io/instant-ngp/



Instant NGP
• L levels of sparse grids at different resolutions stores feature 

vectors


• Each level is independent. Features will be concatenated


• Each level has fixed size


• MLP computes field given interpolated featuresTo query a 
grid at location x: 


• Discretize x to 8 corners at grid resolution


• For each corner, read feature in hash table


• Big trick for performance : live with collisions, hope the 
MLP will handle it.  One thing that helps: collisions are 
uncorrelated at different scales

Showing only 2 levels



Multi-scale Voxel Grids + Hash Table

Instant Neural Graphics Primitives with a Multiresolution Hash Encoding, Müller et al. 2022
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Instant Neural Graphics Primitives with a Multiresolution Hash Encoding, Müller et al. 2022



Multi-scale Voxel Grids + Hash Table

Instant Neural Graphics Primitives with a Multiresolution Hash Encoding, Müller et al. 2022







ReLU Fields: How much MLP do you need?

ReLU Fields: The Little Non-linearity That Could (Karnewar et al. 2022)
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ReLU Fields: How much MLP do you need?



ReLU Fields: The Little Non-linearity That Could (Karnewar et al. 2022)

ReLU Fields: How much MLP do you need?



ReLU Fields: The Little Non-linearity That Could (Karnewar et al. 2022)

ReLU Fields: How much MLP do you need?



Hybrid Representations

Φ : ℝ3 → ℝn
• Very natural to trade off memory with 

compute.


• Neural network can locally “super resolve” 
discrete representation: Basically acts as 
interpolation kernel.


• Can be the best of both worlds: Fast and 
“continuous”.

Hybrid Representations

̂f

(x1, v1) (x2, v2)

(x3, v3) (x4, v4)

x



Primitive-
based 
approaches



Mean

Primitive-based representations

3D Gaussian Blobs 
floating in Space



Primitive-based representations

3D Gaussian Blobs 
floating in Space



σ = 0

Primitive-based representations

3D Gaussian Blobs 
floating in Space



σ = 0 σ = 0.5

3D Gaussian Blobs 
floating in Space

Primitive-based representations

RGB =



σ = 0 σ = 0.5

σ = 1

RGB =

RGB =

3D Gaussian Blobs 
floating in Space

Primitive-based representations



Rendering algorithm
• Original: 
• Split image into tiles
• Per-tile sorting
• Approximation with 2D flat
• https://repo-sam.inria.fr/fungraph/

3d-gaussian-splatting/

• See for stochastic version: https://
ubc-vision.github.io/
stochasticsplats/

• New version (EVER)
• Ray tracing
• https://half-potato.gitlab.io/

ever/
•

https://ubc-vision.github.io/stochasticsplats/
https://ubc-vision.github.io/stochasticsplats/
https://ubc-vision.github.io/stochasticsplats/
https://ubc-vision.github.io/stochasticsplats/
https://ubc-vision.github.io/stochasticsplats/
https://half-potato.gitlab.io/ever/
https://half-potato.gitlab.io/ever/
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How can we represent unbounded scenes?

Image Source: Wikipedia



How can we represent unbounded scenes?

Image Source: Wikipedia

Scene 
Representation

Φ : ℝ3 → ℝn



Parameterizing Unbounded Scenes: 
Compactification

Come up with nonlinear mapping that “squashes” space, such that infinity is mapped 
to some finite value. Aligns with intuition “further away, less resolution”.

∞
rinner

Source: “Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields”, Barron et al., CVPR 2022



Parameterizing Unbounded Scenes: 
Compactification

Come up with nonlinear mapping that “squashes” space, such that infinity is mapped 
to some finite value. Aligns with intuition “further away, less resolution”.

x′￼ =
(1 + k) − k/ | |u | |

u/ | |u | |
rinner

u =
x

rinner

Example Compactification function from  
“Mip-NeRF 360: Unbounded Anti-Aliased Neural 

Radiance Fields”, Barron et al., CVPR 2022

∞
rinner

Source: “Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields”, Barron et al., CVPR 2022



Parameterizing Unbounded Scenes: 
Compactification

x ̂f

(x1, v1) (x2, v2)

(x3, v3) (x4, v4)

x′￼

Source: “Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields”, Barron et al., CVPR 2022



Light field 
approaches



Do we have to parameterize 3D Scene as 3D Function?

…𝒙 ∈

[]…𝒙 ∈

𝒙 ∈ Free  
Space

[]Free Space𝑥2

Objects

𝑥1

[]……

Φ:ℝ3    ℝ𝑛

120



3D-structured Representation

:ℝ3 → ℝnr
Camera Ray
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3D-structured Representation

:ℝ3 → ℝnr
Camera Ray



:ℝ3 → ℝn

[Adelson et al. 1991, Levoy et al. 1996, Gortler et al. 1996]

Light Field

r
Camera Ray



:ℝ3 → ℝn

Light Field Networks

r
Camera Ray
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Light Field Networks

r
Camera Ray



Light Field Networks

An Alternative Scene Representation

r

r
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An Alternative Scene Representation
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Light Field Networks

Ray Parameterization

An Alternative Scene Representation

r

r
Camera Ray



Just because Scene is 3D, don’t have to store 
information in 3D data structure…

xd

LF : ℝ3 × 𝕊2 → ℝ3, LF(x, d) = c

Light Field is 5-dimensional! What parameterizations are possible…?



Summary

• No “Artificial Intelligence”, “understanding” or “Machine Learning” when fitting a single 
representation to a single 3D thing, even if there are neural networks in them.


• It becomes a lot more interesting when considering inference, i.e., we want representation 
to be output of an encoder! More on that later in “Prior-based reconstruction”.


