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Goal: Novel View Synthesis
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Novel View Synthesis

Learning radiance field representation of scene:

(2,9,2,0,¢) = 11 —>(r,9,b,0)
Spatial Location Fe \—> Output Density

Viewing direction Output Color




Volume Rendering

Given color and density (7, g,b,0) , we calculate the
color of every camera ray using:

o) = Ji e(x(t)d

Cameraray: r(t) = o + th

Near and far
bounds




Volume Rendering in NeRF

Given color and density (7, g,b,0) , we calculate the
color of every camera ray using:

C(r) = Y, T (T="exp(~ a8 )&

Color (r.,g,b) at t;

Unif?rm N samples Distance between adjacent samples
t; NU[tn—l—%(tf—tn),tn—i—%(tf—tn)] 0; = tiv1 —

Alpha(in traditional alpha composting)
Accumulated transmittance along ray a; =1 — eXp(—O'i &-

T; = eXP( D 0j5j)



Neural Radiance Fields

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
(x.,2,60,¢) — — (RGBo)
ﬁ I:IDD _\ % Ray 1 /\ .
e ; /[ | B -zt

/\,f” e

-g.t.

Ray 2 "

2

Training NeRF:

1) March camera rays through the scene to generate a sampled set of 3D points

2) Use those points and their corresponding 2D viewing directions as input to the neural
network to produce an output set of colors and densities

3) Use classical volume rendering techniques to accumulate those colors and densities into @
2D image

4) Minimize error between rendered color and GT color



Neural Radiance Fields

Tannick et al. ECCV 20
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Novel view synthesis using NeRF

Generated results are blurry
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Why blurry resulise

Can coordinate based MLP learn high-frequency detailse
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(a) Coordinate-based MLP Tannick et al. NeurlPS 20
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Why blurry resulise

Coordinate based neural network fail to learn high frequency details for all kind of
data including RGB image, 3D shape, density , etc

Density Radiance
field
(density, color)

(a) Coordinate-based MLP Tannick et al. NeurlPS 20
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Solution:

* In naive setting, the bandwidth of the Neural Tangent Kernel limits the spectrum of
the recovered/learned function.

« Using a Fourier feature mapping tfransforms the neural kernel into a stationary
kernel in our low-dimensional problem domains and increase the spectrum.

v(p) = (sin(207rp), cos(207rp), e sin(2L_17rp), cos(ZL_lﬂp))

Coordinate input e.g. pixel
location for images, 3D
point for NeRF

Tannick et al. NeurlPS 20



Fourier Features | N Coordma’re MLPSs

Density Radiance
field
(density, color)

Tannick et al. NeurlPS 20 o

(a) Coordinate-based MLP



Positional Encoding in NeRF

With fourier features/positional encoding, NeRF learns high frequency details.
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Ground Truth No Positional Encodlng | Complete Model

Tannick et al. NeurlPS 20
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Positional Encoding in NeRF

With fourier features/positional encoding, NeRF learns high frequency details.

Without positional encoding

Mueller et al. SIGGRAPH 22
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Positional Encoding in NeRF

With fourier features/positional encoding, NeRF learns high frequency details.

Without positional encoding

-

-

Position + View dir.

|

Neural network
10 layers
128 neurons

|

Density & Color

With positional encoding

Position + View dir.

|

| Midenhall etal. |

!

Neural network
10 layers
128 neurons

|

Density & Color

Mueller et al. SIGGRAPH 22



Geometry iIn NeRF

Scene geometry can be approximated using threshold
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Rendered Camera Path Expected Ray Termination Depth

Tannick et al. ECCV 20 16



Limitations of NeRF

1. Scene specific and only static scene can be modeled.

N

GT image of a
dynamic scene

Image generated
with NeRF
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Limitations of NeRF

2. No editing and control
Learned scene cannot be modified.
Scene is memorized within the network



Limitations of NeRF

3. Generalization
« Scene specific models.
« Large number of images are needed
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Limitations of NeRF

4. Expensive tfraining:
Training is slow(10 hours-up to few days)
Inference is also not real time



Limitations of NeRF

5. Surface extracted is not accurate and depends on threshold.

GT image NeRF (density threshold o = 50)
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Limitations of NeRF

1. Scene specific and only static scene can be modeled.

N

GT image of a
dynamic scene

Image generated
with NeRF
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Optimize Dynamic Scene

Render New Views at Arbitrary Time

Pumarola et al. CVPR'21
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What about dynamic scenese¢

Learn radiance field given 3d point, viewing direction and time

(z,y,2,0,0,t)— —(7,9,b,0)
Spatial Location Fe \—> Output Density

Viewing direction Output Color

Time



Can we learn this mapping directly
using NeRFe

Learn radiance field given 3d point, viewing direction and time

N
X[
e

Ground fruth NeRF + fime Pumarola et al. CVPR'2]
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Proposed solution: D-NeRF

Learn canonical shape and radiance field in the canonical shape

P

X~AX,}"'A}"aZ'AZ!H’d)) —bDDDD—P(R.GqBJT)

vzl exavan~

Deformed Scene Scene Canonical Space Scene Canonical Space

Pumarola et al. CVPR'21
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Proposed solution: D-NeRF

Learn canonical shape and radiance field in the canonical shape

Ground truth D-NeRF NeRF + time

Pumarola et al. CVPR'21
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Synthesis Results

D-NeRF Closest Input View

Time & View Conditioning:

Time t "—

Azimuth () @——————————————
Elevation () e—— e

Closest Input Time

Pumarola et al. CVPR'21

28



D-NeRF: Visualization of learned scene
representation

RGB Mesh Depth x+Ax Mesh  Depth x+Ax
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Pumarola et al. CVPR'21
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Conclusion:Dynamic Scenes with D-
NeRF

* Disentfangle time dependent deformation from neural
rendering network.



Conclusion:Dynamic Scenes with D-
NeRF

* Disentfangle time dependent deformation from neural
rendering network.

» Correspondence between canonical shape and
deformed shape is defined by

D-NeRF Canonical Mapping
(color-coded as X + AX) 32



Conclusion:Dynamic Scenes with D-
NeRF

* Disentfangle time dependent deformation from neural
rendering network.

» Correspondence between canonical shape and
deformed shape is defined by

* Time varying shading effects are modeled.

t=0.5 Canonical Space =1

D-NeRF Canonical Mapping
(color-coded as x + Ax) 33



Limitations of NeRF:

2. No editing and control
Learned scene cannot be modified.
Scene is memorized within the network



Limitations of NeRF

3. Generalization
« Scene specific models.
« Large number of images are needed

YAvwaARrRgSeAary

EhMOA R, ‘ s ”
FYAMNIEFg SN Ry : -
TEHENAINRTES il A
P REFTECGEY oy Sy e X
SRAREY ST B in m 4o
LS IELZETEDT T
LHTHGE TR g 7 2
E B T I 8 o ‘q”r"; IR
G

PEBE RIS

35



Control-NeRF

Control NeRF for scene manipulation and rendering

a) Original scenes

T-rex inserted inside the garden scene

b) Inserting objects from one scene into another

Second T-rex added to the scene

¢) Copying and moving objects within the scene

Lazova et al. WACV'23
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Control-NeRF

 Prior Work: Scene is memorized within the neural network, which makes
compositing of scenes and editing hard.

» Key Idea: Decouple scene representation from neural rendering network.

(x, ) Z) - . -
|

0

Renderlng Lazova et al. WACV'23
network 37



Control-NeRF

1. Scene representation:

« Given aset of inputimages Z = {I§ }fil from M training scenes

Volumetric scene

representations « Where s € Sis set of training scenes and M = |S]
« Scene representation network learns a volumetric feature
« where WXHXD is the spatial resolution of grid which feature vector of
length F.
HDF -
V. € RW WxHxD is the
Learned S spatial resolution
volumetric feature Fis length of feature
for scene s vector

Lazova et al. WACV'23
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Control-NeRF

2. Neural rendering network with feature volumes

Feature Volumes and
Multiresolution Training

Volumetric scene
representations

Vs (p) :Volumetric feature at query point p

Lazova et al. WACV'23
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Control-NeRF

Training and Inference

Volumetric scene
representations

Feature Volumes and
Multiresolution Training

Training

Fg

Novel Scene Optimization

Gradient flow

Gradient flow

-
Volume
Rendering "

— -
—»E

Lazova et al. WACV'23
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Control-NeRF: Training

1. Mulii-resolution Volume training
« Hierarchical training process is used to compute the volumes in a coarse-to-fine manner.
 Train low resolution(16A3) volume till convergence.
« Upsample the learnt feature volume and train till convergence

 Improved training time.
« High-quality image synthesis and manipulation.

Lazova et al. WACV'23



Control-NeRF: Training

2. Multi Scene training

« Efficient training strategy: Sample one training scene and train for N
iterations, before saving the volume grid

Lazova et al. WACV'23



Control-NeRF: Training

3. Generalization to Novel Scenes
* Fix neural rendering network and learn feature volume for novel scene.

« Given sufficient training scenes, the learnt radiance function can be
applied to optimize for novel scenes more efficiently.

Lazova et al. WACV'23



Control NeRF: Scene editing and manipulation

« Scene editing and composting with Control-NeRF:

Scene Editing

n
S2
{

™~

Lazova et al. WACV'23
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Control NeRF: Scene editing and manipulation

« Scene editing and composting with Control-NeRF:

Scene Editing

View 1

Original Scene Removing objects Multiplying objects

View 2
Lazova et al. WACV 23
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Goal: Scene Editing

46



Limitations of NeRF:

4. Expensive tfraining:
Training is slow(10 hours-upto few days)
Inference is also not real time



Neural Graphics Primitive

An object (shape and appearance) represented by queries to a neural network.
e.g. images, SDF, NeRF

o
Ve

Position X

“Attributes”

. color

+ density
Extra parameters é

= view direction

= signed distance

« albedo & roughness

« displacement

Mueller et al. SIGGRAPH'22
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Making NeRF(NGPs) taster

1. Smaller neural network

Standard MLP with L layer, M neurons each, RelLU activations and no biases .For a
constant batch size, the cost is:

Compute: O(M2)

Memory:  O(M)

Mueller et al. SIGGRAPH'22



Making NeRF(NGPs) faster

1.

Smaller nevural network

Standard MLP with L layer, M neurons each, RelLU activations and no biases .For a
constant batch size, the cost is:

« Compute: O(M2)

+ Memory:  O(

M)

Entire neural network implemented as sinale (CUDA) kernel

Elements per second

Inference throughput

= Fully fused
TensorFlow

2 2 2 2 2 2
Batch size

8.6x

Training throughput

ow Version 2.5.0 with XLA ena

bled

Batch size

Mueller et al. SIGGRAPH'22
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Positional Encoding in NeRF

2. Input encoding

Without positional encoding With positional encoding

o

Position + View dir.

Position + View dir. | Mildenhall et al. )
Neural network Neural network
10 layers 10 layers
128 neurons 128 neurons
! !

Density & Color Density & Color

Mueller et al. SIGGRAPH'22
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Positional Encoding in NeRF

2. Input encoding

Without positional encoding With positional encoding
Position Ji View dir.
Position + View dir.
' !
Is it possible to further improve the results with input ot

encoding?

<AnviDIA

Mueller et al. SIGGRAPH'22
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Making NeRF(NGPs) taster

2. Input encoding: Multiresolution Hash Encoding

Mueller et al. SIGGRAPH'22



Making NeRF(NGPs) taster

2. Input encoding: Multiresolution Hash Encoding

Multiresolution grids:
Automatic level of details

Mueller et al. SIGGRAPH'22



Making NeRF(NGPs) taster

2. Input encoding: Multiresolution Hash Encoding

F « Task agnostic
Fast query and computation
Table size T control quality vs. memory

I

NOnMpbhWwWN—=O N WwWN—=O

Mueller et al. SIGGRAPH'22



Making NeRF(NGPs) taster

2. Input encoding: Multiresolution Hash Encoding

F « Linear interpolation for continuous query.

[\
(=]
NOAnMBbhWwWN—=O NP WwWN—=O

Mueller et al. SIGGRAPH'22



Instant NeRF fraining

<A NVIDIA

Mueller et al. SIGGRAPH'22
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Instant SDF training

INSTANT SIGNED DISTANCE FUNCTION TRAINING

“ANVIDIA.

Mueller et al. SIGGRAPH'22
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Conclusion: Instant-NGP

Rendering/training algorithm Small neural network

Task-specific Fully fused implementation
GPU implementation

10-100x faster than naive 5-10x faster than TensorFlow
tensor-based approach

“Good” input encoding

v

Input encoding

!

Neural network

v

Multiresolution hash encoding

Better speed-vs-quality
tradeoff than prior work

Task agnostic

Mueller et al. SIGGRAPH'22
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Limitations of NeRF

5. Surface extracted is not accurate and depends on threshold.

e N A
GT image NeRF (density threshold o = 50)
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Surface Rendering v/s Volume Rendering

Surface Rendering
(Implicit Surfaces)

High quality geometry
Clear surface definition

== Mask supervision required
==Texture mapping is blurry

Input image Input mask IDR

61



Surface Rendering v/s Volume Rendering

Surface Rendering Volume Rendering
(Implicit Surfaces) (Radiance fields)

- High quality geometry

- Clear surface definition == Surface is approximated
== Mask supervision required -+ Without mask supervision
==Texture mapping is blurry High quality novel views and sharp

textures/colors

Input image Input mask IDR

62



Best of both worlds

Surface Rendering Volume Rendering
(Implicit Surfaces) (Radiance fields)

- High quality geometry
+ Clear surface definition Surface-isapproximated

-+ Without mask supervision
High quality novel views and sharp
textures/colors

Input image Input mask IDR

63



Unifying Implicit Surfaces and Radiance Fields

(Surface Rendering N ( Volume Rendering\
OQ(XS) =T
. F N v,

v

(" Our Unified Rendering\

Oechsle et al. ICCV 21
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Unifying Implicit Surfaces and Radiance Fields

NeRF Volume rendering:
C(r) =30, Ti(1 — exp(—0id;) e

NeRF Volume rendering with density

C(r) = 2.5 ailli_ (1 — aj)c;
a; =1 — exp(—0;9;))

Oechsle et al. ICCV 21



Unifying Implicit Surfaces and Radiance Fields

NeRF Volume rendering with density

O(r) = YN, ol (1 - o)e

Oechsle et al. ICCV 21



Unifying Implicit Surfaces and Radiance Fields

NeRF Volume rendering with density

Cr) = X0 alll (1 — e

Key Idea: For solid objects, a; = 1 — exp(—0;9;)) ., corresponds to an
occupancy field O3 ati™ sample.

é’v(r) = Zz 1 OZHZ 1 (1 —05)c;

Oechsle et al. ICCV 21



Unifying Implicit Surfaces and Radiance Fields

NeRF Volume rendering with density
2 N
Clr) =2 i o i 1 (1 —aj)c;

Key Idea: For solid objects, a; = 1 — exp(—0;9;)) ., corresponds to an
occupancy field O3 ati™ sample.

év(r) = Z?J,\il o115 _1(1—oj)c;

Given occupancy of surface, we can now render the same scene with surface
rendering. Oechsle et al. ICCV*2]



Unifying Implicit Surfaces and Radiance Fields

Key Idea:

« Volume rendering in early stage:
«  Optimization without mask

« Surface rendering in later stage:
* Level-set surfaces

Oechsle et al. ICCV 21



Unifying Implicit Surfaces and Radiance Fields

Rendering Procedure

» Find surface along a ray: uniform sampling + iterative secant method

Oechsle et al. ICCV 21



Unifying Implicit Surfaces and Radiance Fields

Rendering Procedure

» Find surface along a ray: uniform sampling + iterative secant method
op(x,) =7
o }XS = » o—I{ ]
; I | o

» Define interval at the surface

Oechsle et al. ICCV 21

/1



Unifying Implicit Surfaces and Radiance Fields

Rendering Procedure

» Find surface along a ray: uniform sampling + iterative secant method
op(x%,) =7
o }XS @ ® o—I{ ]
; I | o

» Define interval at the surface

» \olume rendering with occupancies

i ) {xi}
ﬁv‘: | ° —i(]

Oechsle et al. ICCV 21




Unifying Implicit Surfaces and Radiance Fields

Rendering Procedure

Transition from Volume rendering to Surface rendering

» Exponential decay of interval Ay wrt. iterations &

Volume Rendern e —
Rendering Ak

decreases

Surface

Oechsle et al. ICCV 21
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Unifying Implicit Surfaces and Radiance Fields

Rendering Procedure

Transition from Volume rendering to Surface rendering

» Exponential decay of interval Ay wrt. iterations &

Volume and surface rendering become equivalent when reducing the interval and increasing the

number of samples.

iiino Colz)i= ()
N—oo

v

Oechsle et al. ICCV 21
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Unifying Implicit Surfaces and Radiance Fields

Comparison on the DTU MVS dataset

Oechsle et al. ICCV 21
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More on NeRF

Dynamic NeRFs:
« TORF Aftal et al., NeurlPS 2021
* NSFF, Liet al.,, CVPR 2021

NeRF from few images:
» PixelNeRF, Yu et al., CVPR 2021

NeRF + implicit surfaces:
 NelUS, Wang et al., NeurlPS 2021
* VOoISDF, Yariv et al., NeurlPS 2021

I Many more
Checkout NeuralFields: htips://neuralfields.cs.brown.edu/

/76


https://neuralfields.cs.brown.edu/

