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Implicit Representations

• Also called “coordinate-based representations”

• Parametrize a signal as a continuous function

• Exact mathematical function is unknown
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Implicit Representations

• Also called “coordinate-based representations”

• Parametrize a signal as a continuous function

• Neural Implicit Representations: use a neural network!

Intro NeRF Fourier Feat. SIREN NeX
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Occupancy Networks

Learning 3D 
Reconstruction in 

Function Space

CVPR 2019

Lars Mescheder, Michael Oechsle, 
Michael Niemeyer, Sebastian Nowozin, 

Andreas Geiger

DeepSDF

Learning Continuous 
Signed Distance Functions 
for Shape Representation

CVPR 2019

Jeong Joon Park, Peter Florence, 
Julian Straub, Richard Newcombe, 

Steven Lovegrove
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Occupancy Networks DeepSDF

Learning Continuous 
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Occupancy Networks DeepSDF

Intro NeRF Fourier Feat. SIREN NeX
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Scene Representation

“Classic DL”:    The Net == The Task

Single net, Single task

NeRF: The Net == The Scene

Single net, Single scene

Intro NeRF Fourier Feat. SIREN NeX



NeRF
Representing Scenes as Neural Radiance 

Fields for View Synthesis
Ben Mildenhall, Pratul Srinivasan, Matt Tancik, Jon Barron, 

Ravi Ramamoorth, Ren Ng

ECCV 2020, Best Paper Honorable Mention

Slides on NeRF are based on Yoni Kansten’s slides
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Task: Render New Views

Inputs: sparsely sampled images of scene Output: includes new rendered views

matthewtancik.com/nerf

Intro NeRF Fourier Feat. SIREN NeX

https://www.matthewtancik.com/nerf
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Multiview Images of a single scene

Intro NeRF Fourier Feat. SIREN NeX



Inputs

Multiview Images of a single scene

Intro NeRF Fourier Feat. SIREN NeX



Inputs

Camera posesMultiview Images of a single scene
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Scene representation

Intro NeRF Fourier Feat. SIREN NeX



Scene representation
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Multi-Layered 
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(MLP)
9 layers

256 channels
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location

Viewing
direction
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Scene representation

(𝑥, 𝑦, 𝑧, 𝜃,𝜙)

Multi-Layered 
Perceptron

(MLP)
9 layers

256 channels

Spatial
location

Viewing
direction

Output 
color

Output 
density

Input is only coordinates
No latent code

Intro NeRF Fourier Feat. SIREN NeX



Scene representation

Spatial location 
vector

Output 
color 𝒄

Output 
density

(𝑥, 𝑦, 𝑧)

(𝜃, 𝜙)
Viewing Direction

Intro NeRF Fourier Feat. SIREN NeX

𝜎 (spatial location)
𝒄 (spatial location, viewing direction)



Scene representation

Viewing Direction 
3D Cartesian unit vector

𝑑

𝜎 (spatial location)
𝒄 (spatial location, viewing direction)

Spatial location 
vector

Output 
color 𝒄

Output 
density

(𝑥, 𝑦, 𝑧)

Intro NeRF Fourier Feat. SIREN NeX



Viewing Directions as Input

Intro NeRF Fourier Feat. SIREN NeX





Volume rendering

𝒄, 𝜎

Ray 1

𝒓(𝑡)
𝜎

– camera ray 𝒓 𝑡 = 𝒐 + 𝑡𝒅
– volume density

The ray hit 
something

𝑡
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Volume rendering
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Volume rendering

Ray 2
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Ray 1
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Volume rendering

Are you 
present?

– volume density
𝒓(𝑡)
𝜎

Camera 
Ray
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𝛼𝑖 = 1 − e−𝜎𝑖𝛿𝑖



Volume rendering

Are you 
visible?

Are you 
present?

– volume density
𝒓(𝑡)
𝜎

Camera 
Ray
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Volume rendering

Are you 
visible?

Are you 
present?

What is 
your color?

– volume density
𝒓(𝑡)
𝜎

Camera 
Ray

Intro NeRF Fourier Feat. SIREN NeX



The Sampling Method

Uniform sampling with a small 𝑁

→ Low accuracy

𝑡
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The Sampling Method

Uniform sampling with a large 𝑁

→ Inefficient

𝑡
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The Sampling Method

Non-uniform sampling 

→ How/where?

𝑡
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Hierarchical Volume Rendering

𝐹Θ𝑐
Coarse NeRF

Uniform samples

𝑪𝑐 , 𝜎
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Hierarchical Volume Rendering

𝐹Θ𝑐
Coarse NeRF

𝐹Θ𝑓
Fine NeRF

Uniform samples Non-uniform samples

𝑪𝑐 , 𝜎 𝑪𝑓 , 𝜎
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Hierarchical Volume Rendering

Train two networks

𝐹Θ𝑐
Coarse NeRF

𝐹Θ𝑓
Fine NeRF

መ𝐶𝑐 , 𝜎 መ𝐶𝑓 , 𝜎

𝐿𝑜𝑠𝑠 = 
𝑟∈

መ𝐶𝑐 𝑟 − 𝐶 𝑟
2

2
+ መ𝐶𝑓 𝑟 − 𝐶 𝑟

2

2

Intro NeRF Fourier Feat. SIREN NeX



What else?

(𝑥, 𝑦, 𝑧, 𝒅)

Spatial
location

Output 
color

Output 
density

Viewing
direction
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What else?

(𝒑, 𝒅)

Spatial
location

Output 
color

Output 
density

Viewing
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Positional encoding

* Vaswani et al. NeurIPS, 2017

* 𝛾 𝒑 = sin 20𝜋𝒑 , cos 20𝜋𝒑 ,… , sin 2𝐿−1𝜋𝒑 , cos 2𝐿−1𝜋𝒑

𝛾(𝒑), 𝛾(𝒅)

Spatial
location

Viewing
direction

Output 
color

Output 
density
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Positional encoding – 1D

𝛾 𝑥 = 0.125 = 0.383, 0.707, 1.0

1.0

𝑥 = 0.125

0.707

0.383
x

x

x

sin 𝜋𝑥

sin 2𝜋𝑥

sin 4𝜋𝑥

𝛾 𝒑 = sin 20𝜋𝒑 , cos 20𝜋𝒑 ,… , sin 2𝐿−1𝜋𝒑 , cos 2𝐿−1𝜋𝒑
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Results
Synthetic Scenes
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Results
Real Scenes
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Results
Representation Benefits
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Ablation study
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NeRF: Summary
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NeRF: Summary

(𝑥, 𝑦, 𝑧, 𝜃,𝜙)(𝑥, 𝑦, 𝑧, 𝜃,𝜙)

MLP
Architecture
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Importance of Positional Encoding

NeRF

No positional encoding

NeRF

With positional encoding
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Fourier Features Let Networks Learn
High Frequency Functions in Low 

Dimensional Domains
Matthew Tancik, Pratul Srinivasan, Ben Mildenhall, Sara Fridovich-Keil, 

Nithin Raghavan, Utkarsh Singhal, Ravi Ramamoorthi,
Jonathan T. Barron, Ren Ng

NeurIPS 2020



Problem Setting

A simpler example: representing a 2D image

𝒗 = (𝑥, 𝑦)

Coordinate 
of a pixel in 
the image

Intro NeRF Fourier Feat. SIREN NeX

MLP
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Positional Encoding – With or Without?

Feeding a 2D image to a simple MLP doesn’t work

Intro NeRF Fourier Feat. SIREN NeX



Tools

• Theorical:
Input mapping using Fourier features works – why?

• + Experimental:
Dive into different mappings and check what’s important

Intro NeRF Fourier Feat. SIREN NeX



Theory:
Neural Tangent Kernel (NTK)
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Theory:
Neural Tangent Kernel (NTK)
Used the NTK method to show:

• No input mapping → “spectral bias”

• Can overcome this bias using Fourier feature mapping

Intro NeRF Fourier Feat. SIREN NeX

Jacot et al., NeurIPS 2018; Arora et al., ICML 2019; Basri et al. 2020; Du et al., ICML 2019; Lee et al., NeurIPS 2019 and more



Different Experiment Domains

Intro NeRF Fourier Feat. SIREN NeX
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Basic:
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Input Mappings

Basic:
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Gaussian Random Fourier Features (RFF)*:
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Basic:

Positional Encoding:

Gaussian Random Fourier Features (RFF)*:



Distribution Types and Mapping Bandwidth

Gaussian RFF: 1D experiment

𝛾 𝒗 = cos 2𝜋𝑩𝒗 , sin 2𝜋𝑩𝒗 , 𝑩~𝑁 0, 𝜎2 , 𝑩 ∈ ℝ𝑚×𝑑

𝜎

Intro NeRF Fourier Feat. SIREN NeX

is important
is not



𝜎

Distribution Types and Mapping Bandwidth

Gaussian RFF: 1D experiment

𝛾 𝒗 = cos 2𝜋𝑩𝒗 , sin 2𝜋𝑩𝒗 , 𝑩~𝑁 0, 𝜎2 , 𝑩 ∈ ℝ𝑚×𝑑

 is task-specific  

Intro NeRF Fourier Feat. SIREN NeX



Which Mapping is Best Visually?

Intro NeRF Fourier Feat. SIREN NeX
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On/Off-Axis Frequencies

Positional Encoding: Gaussian:

sin 2𝜋𝜎𝑗\m𝑥 , sin 2𝜋𝜎𝑗\m𝑦 sin 2𝜋 𝑏𝑖1𝑥 + 𝑏𝑖2𝑦

u=0, v=0 v=0 v=0v=0 v=0

u=0

u=0

u=0

u=0

u

v

u=0, v=0 v=0 v=0v=0 v=0

u=0

u=0

u=0

u=0

u

v

Images credit: Michal Irani, Intro to Comp. Vision

Intro NeRF Fourier Feat. SIREN NeX



PE vs Gaussian Comparison

Positional Encoding Gaussian

Intro NeRF Fourier Feat. SIREN NeX



PE vs Gaussian Comparison

Positional Encoding Gaussian

Intro NeRF Fourier Feat. SIREN NeX



Try It Yourself!

https://colab.research.google.com/github/tancik/fourier-feature-networks/blob/master/Demo.ipynb (extended)

Gauss 𝜎 = 1 Gauss 𝜎 = 10 Gauss 𝜎 = 100Basic

None PE 𝜎 = 1

GT

Intro NeRF Fourier Feat. SIREN NeX

PE 𝜎 = 70 PE 𝜎 = 250

Underfitting Overfitting

https://colab.research.google.com/github/tancik/fourier-feature-networks/blob/master/Demo.ipynb


Add to Your Code!
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Add to Your Code!
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Summary

Input mapping helps the network learn fine details / high frequencies!
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Any Questions?



Welcome back



Implicit Neural Representations 
with Periodic Activation 

Functions
Vincent Sitzmann*, Julien N. P. Marte*, Alexander W. Bergman, David B. Lindell, 

Gordon Wetzstein

NeurIPS 2020



Implicit Neural Representations with 
Periodic Activation Functions,

aka SIRENs - SInusoidal 
REpresentation Networks

Vincent Sitzmann*, Julien N. P. Marte*, Alexander W. Bergman, David B. Lindell, 
Gordon Wetzstein

NeurIPS 2020



SIRENs - SInusoidal REpresentation Networks

The gist: Neural Internal Representation with sinusoidal activation 
functions.

Intro NeRF Fourier Feat. SIREN NeX



SIRENs - SInusoidal REpresentation Networks

The gist: Neural Internal Representation with sinusoidal activation 
functions.

The interesting part: opens a door for new 
applications/implementations.

Intro NeRF Fourier Feat. SIREN NeX



SIRENs - Motivation

Until now - the network is trained directly by the wanted function.
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SIRENs - Motivation

Until now - the network is trained directly by the wanted function.

But for some tasks - the input’s derivatives are essential. 

Are they also represented well?

Obviously not.. So SIRENs will help!
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SIRENs - Initialization is crucial

Sinusoidal functions are not intuitively good activation functions

To “behave well” and enable deep MLPs, initialization is crucial:

sin(x)tanh sigmoid ReLU
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SIRENs - Initialization is crucial

i i+1 i+2 i+3

Many lemmas, bottom line:

Initializing all weights (except first layer) by uniform distribution in:

They claim (“beyond the scope of this paper”) - with this initialization -

“the frequency throughout the sine network grows only slowly”
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SIRENs - Results

Directly on signal

- Images, Videos, Audio

Only on derivatives

- Poisson (I)
- Helmholtz (I and II)

Spatial & temporal derivatives

- The Wave eq.

Can learn priors

- Inpainting: encoder→SIREN’s params

Signal + derivatives

- SDF

Intro NeRF Fourier Feat. SIREN NeX

http://drive.google.com/file/d/1hV6lG8itAWU6GL92mXe0FiRGrI5dqcnE/view
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SIRENs - Signal + derivatives

Signed Distance Function (SDF):

|grad|→1 grad ∥ normal Penalty on small 
SDF

Everywhere On border Not on border

SDF→0
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SIRENs - The wave equation

The system:

Initial conditions: How to enforce? Inside the loss!

λ≠0 only when t=0

Input: (t, x, y)
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SIRENs - Summary

Simple gist

Impressive application potential
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NeX - Real-time View Synthesis with Neural Basis 
Expansion
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NeX - Contributions

On same NVIDIA RTX 2080Ti:
300 fps VS NeRF: 0.018 (55 spf)

PC with Nvidia GeForce GTX 1650

1. Real time rendering
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NeX - Contributions

1. Real time rendering

2. Better results on reflections/refractions (+ “Shiny” dataset)

3. Representation method: Implicit/Explicit & Learned Basis
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NeX - Implementation

Zhou, Tinghui, et al. "Stereo 
magnification: Learning view synthesis 
using multiplane images.", ACM 
Transactions on Graphics 2018

Use Multi-Plane Image (MPI)
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NeX - Implementation

Use Multi-Plane Image (MPI)

For new angle: Homography

Downside:

Only front facing scenes When too far:
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NeX - Color representation - Questions?

Explicit
ly 

Learne

Implicitly 
Represen

ted
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NeX - Implicit/Explicit

In NeRF: entire scene represented implicitly in the MLP.

In NeX: First order found explicitly by minimizing TV.

“... helps ease the network’s burden ... and leads to sharper 
results”

(Reminds me of external+internal learning)

Explicit
ly 

Learne
d

Implicitly 
Represen

ted

Intro NeRF Fourier Feat. SIREN NeX
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NeX - Learning the basis Functions

Why learn the basis functions?

1. Better results.. Higher frequencies with same rank order.

2. Since global - incorporates Image Prior. 

Less is more. Too many basis vectors → overfit

Spherical 
harmonics

FourierHemispherical 
harmonics

Intro NeRF Fourier Feat. SIREN NeX
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NeX - Real Time Rendering

Why is NeRF rendering so slow?

For each new view synthesis:

For each pixel:

Multiple forward passes on coarse → Where to look

Multiple forward passes on fine → color & density

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Real Time Rendering

Why is NeX faster?

They split (x,y,d) from viewing angle

1. One-time run for each pixel → magnitudes in an unknown basis

2. In test time - single forward pass: viewing angle → basis vectors.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Short-term Nostalgia

Throwback:

Intro NeRF Fourier Feat. SIREN NeX



NeX - Short-term Nostalgia

Throwback:

1. They use positional encoding (for both spatial coordinates and angles)

Intro NeRF Fourier Feat. SIREN NeX



NeX - Short-term Nostalgia

Throwback:

1. They use positional encoding (for both spatial coordinates and angles)

2. They use gradients in their loss.

Intro NeRF Fourier Feat. SIREN NeX



NeX - Short-term Nostalgia

Throwback:

1. They use positional encoding (for both spatial coordinates and angles)

2. They use gradients in their loss. Perhaps SIRENs would help?

Intro NeRF Fourier Feat. SIREN NeX
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● ⍺ uses a sigmoid activation, and the others use tanh activations.

● Positional Encoding: (x,y) → 20 dims, d → 16 , angle → 12

● Scan for optimal number of basis functions

● To be lighter: Multiple planes (4) share color, differ in density
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NeX - (Our) disclaimers

A lot of hypertuning took place:

● ⍺ uses a sigmoid activation, and the others use tanh activations.

● Positional Encoding: (x,y) → 20 dims, d → 16 , angle → 12

● Scan for optimal number of basis functions

● To be lighter: Multiple planes (4) share color, differ in density

Improvement from there? Or “deeper”?
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NeX - (Our) disclaimers

Fishy comparisons:

1. NeRF is 360°, they are front-facing
2. One of comparisons w.o. NeRF:
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NeX - Summary

Realtime new view synthesis.

Do so with “a step back” after NeRF:

1. Some return to global
2. Some return to explicit representation

Intro NeRF Fourier Feat. SIREN NeX
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What did we see today?

Neural Implicit Representation – Representing data implicitly inside a NN
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What did we see today?

3D reconstruction: Implicit representation of a function

NeRF: Implicit representation of a scene

Positional Encoding → Fourier Features

SIRENs: NIR with sine activations → new applications

NeX: (one) Followup of NeRF



Questions?


