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CS231A
Computer Vision:
From 3D Reconstruction 
to Recognition

Neural Radiance Fields for Novel View Synthesis
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Outline

• Recap: Filtering and Genera1ve Observa1on 
Models

• Representa1ons for Novel View Synthesis
• Neural Radiance Fields

27-May-252
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Graphical Model of System to Estimate

27-May-253

State

Observation

Control Input

𝒛(𝒕 − 𝟏) 𝒛(𝒕 + 𝟏)𝒛(𝒕)
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Graphical Model of System to Es5mate

27-May-254

State

Observation

Control Input

𝒛(𝒕 − 𝟏) 𝒛(𝒕 + 𝟏)𝒛(𝒕)

Generative Model

𝒛(𝒕) = 𝒉 𝒙(𝒕)



Lecture 16Silvio Savarese & Jeannette Bohg 

Tracking by Detection

27-May-255

State

Observation

Control Input

𝒛(𝒕 − 𝟏) 𝒛(𝒕 + 𝟏)𝒛(𝒕)

Detections 𝒈(𝑰(𝒕 − 𝟏)) 𝒈(𝑰(𝒕)) 𝒈(𝑰(𝒕 + 𝟏))

Object Detector Input Sensory Data

𝒛 𝒕 = 𝒙(𝒕)
Observation Model
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Our Proposed Method

Mul9-Object Tracking by Detec9on
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Graphical Model of System to Es5mate

27-May-2512

State

Observation

Control Input

𝒛(𝒕 − 𝟏) 𝒛(𝒕 + 𝟏)𝒛(𝒕)

Generative Model

𝒛(𝒕) = 𝒉 𝒙(𝒕)
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Example Observa.on model for 3D object

27-May-2513

Changhyun Choi and Henrik I. Christensen. Rgb-d object tracking: A particle filter approach on gpu. In IROS, pages 1084–1091, 2013

Point Cloud

𝒙𝒕
6DoF Object Pose

Rendered Particles
Importance Sampling
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Novel view synthesis 

• Can be an implementa<on of the genera<ve 
observa<on model  

• A scene learned from a few discrete views
– Let’s say you want to localize the camera rela4ve to the 

scene in new poses 
– Track camera pose with filter

27-May-2514
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Mildenhall et al. ECCV 2020. https://www.matthewtancik.com/nerf 

https://www.matthewtancik.com/nerf


Lecture 16Silvio Savarese & Jeannette Bohg 

One Approach: Reconstruct 3D voxel 
RGB-alpha grid

27-May-2516

Neural Volumes, Lombardi et al. 2019

Multiview geometry for Reconstruction, Shape Carving, … 
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Ways to Render

17

Surface rendering Volume rendering

27-May-25
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Reasons to use volume rendering

● Show smoke / other diffuse effects in scene.

● Generating surfaces from 3D data can 
produce nasty artifacts; volume renderings 
are “soft.”

● Don’t need to reason about *where* surfaces 
are located to reflect light. 
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Physical model

● Ray defines a cylinder in space
which contains particles.

● Particles can:

○ emit light

○ occlude light from behind them

○ reflect  / scatter light from environment
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pixel color at 
coordinates D

Volume rendering equation

densityradiance

transparency
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Predict 3D Voxel RGB-alpha Grid

27-May-2521

Neural Volumes, Lombardi et al. 2019

Single-View Multi-Plane Images, Tucker and Snavely, 2020
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Pros and Cons of RGB-alpha volume 
rendering for view Synthesis 

• Alpha Composi1on is trivially differen1able, 
plays nicely with gradient-based op1miza1on

• Bad storage requirements for 3D grid

27-May-2522
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• Limited rendering model: Difficult to optimize 
(Shape as surface instead of volume)

• Highly compressible 

27-May-2524

Pros and Cons of Neural networks as a 
con5nuous shape representa5on
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NeRF (neural radiance fields)

• Neural network as a volume representa1on 
using volume rendering to do view synthesis 

• 𝑥, 𝑦, 𝑧, 𝜃, 𝜙 → 𝑐𝑜𝑙𝑜𝑟, 𝑜𝑝𝑎𝑐𝑖𝑡𝑦

27-May-2525
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Represent a scene as a con5nuous 5D 
func5on

27-May-2526

No need to instantiate Volume representation



Lecture 16Silvio Savarese & Jeannette Bohg 

Generate views with traditional 
volume rendering

27-May-2527

Mildenhall et al. ECCV 2020. https://www.matthewtancik.com/nerf 

https://www.matthewtancik.com/nerf
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From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.

t = point along ray
C = Color of Pixel
c = color of point

Transparency

Function of segment length 𝛿𝑡" and volume density 𝜎
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Effec5ve resolu5on is 5ed to distance 
between samples 

27-May-2529

From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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Effec5ve resolu5on is 5ed to distance 
between samples 

27-May-2530

From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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Effective resolution is tied to distance 
between samples 

27-May-2531

From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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Viewing direc9on as input

• Color of any point varies as 
func1on of viewing 
direc1on, i.e. Radiance field 

• If points are fixed but 
direc1on varies, the view 
dependent specularity 
comes out

27-May-2532
From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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Loss function

27-May-2534

From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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Training network to reproduce all input 
view of the scene

27-May-2535

From Presentation by Matthew Tancik: Neural Radiance Fields for View Synthesis. 2020.
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Results – Synthe9c data

27-May-2536
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Results – View Dependent Appearance

27-May-2537
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Results – View Dependent Appearance

27-May-2538
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Results – Visualization Geometry 

27-May-2539
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Results – Visualiza9on Geometry

27-May-2540
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Results on Real Scenes

27-May-2541
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Graphical Model of System to Es5mate

27-May-2542

State

Observation

Control Input

𝒛(𝒕 − 𝟏) 𝒛(𝒕 + 𝟏)𝒛(𝒕)

Generative Model

𝒛(𝒕) = 𝒉 𝒙(𝒕)
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Michal Adamkiewicz*, Timothy Chen*, Adam 
Caccavale, Rachel Gardner, Preston Culbertson, 

Jeannette Bohg, Mac Schwager

Vision-Only Robot Navigation in a Neural 
Radiance World 

*denotes equal contribution
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???
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Mesh
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Mesh

Point Cloud
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Mesh

Point Cloud

Voxels
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Mesh

Point Cloud

Voxels

Implicit representations
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density
colour

(𝑥, 𝑦, 𝑧) = 𝜎, 𝑐

position (and view direction)

Implicit Representations
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(𝑥, 𝑦, 𝑧) = 𝜎, 𝑐

Implicit Representations
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Implicit Representations

(𝑥, 𝑦, 𝑧) = 𝜎, 𝑐
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Implicit Representations

(𝑥, 𝑦, 𝑧) = 𝜎, 𝑐
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𝜕
𝜕

𝜕
𝜕

Implicit Representations

(𝑥, 𝑦, 𝑧) = 𝜎, 𝑐
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Vision-Only Naviga5on
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Vision-Only Naviga5on
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. . .

Trajectory Optimization
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𝑢! 𝑢"
. . .

𝑢#

𝐿#$%%&'&$( +𝐿#$()*$%+,,$*)

𝑥!
⃗ 𝑥"

⃗

𝑥#
⃗

Trajectory Optimization

𝐿𝑜𝑠𝑠 =
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𝐿#$%%&'&$(+𝐿#$()*$%+,,$*)𝐿𝑜𝑠𝑠 =

𝑢! 𝑢"
. . .
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Trajectory Optimization
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. . .

Trajectory Optimization

𝐿𝑜𝑠𝑠 = (	 ) + +. . .

+Σ𝐿#$()*$%+,,$*)

(	 ) (	 )+
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|𝑣!
⃗
| |𝑣"

⃗
| |𝑣#

⃗
|

. . .

Trajectory Optimization

+ +. . .

+Σ𝐿#$()*$%+,,$*)

+𝐿𝑜𝑠𝑠 = (	 ) (	 ) (	 )
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Trajectory Optimization

𝐿𝑜𝑠𝑠 = ∑
!"#$%!$&

∑
'()*&("+!

|𝑣",-| ( &,1)

+ ∑
!"#$%!$&

𝐿.(+!/(0$11(/!
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Vision-Only Naviga5on
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State Estimation

onboard camera view
true pose

converging pose estimate

7
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State Es5ma5on

𝐿𝑜𝑠𝑠 = | − 𝑁𝑒𝑅𝐹(𝑥
⃗
)|" + 𝐿𝑜𝑠𝑠#$%&'(((𝑥	)

⃗
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vs

SE(3) Tangent SpaceSE(3) Space

Optimization on SE(3)
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Vision-Only Naviga5on

MPC controller
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𝑢! 𝑢"

𝑢#

Plan

MPC Controller
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𝑢! 𝑢"

𝑢#
𝑢!
̂

Plan
Ground TruthExecute Action

MPC Controller
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𝑢! 𝑢"

𝑢#
𝑢!
̂

Plan
Ground Truth
State Estimate

Estimate State

MPC Controller
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𝑢" 𝑢#𝑢!
̂

Plan
Ground Truth
State Estimate

Replan

MPC Controller
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With Replanning Open LoopMPC controller
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MPC controller
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Next lecture: 
Gaussian SplaTng

CS231A
Computer Vision:
From 3D Reconstruc1on 
to Recogni1on


