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1) NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis (ECCV 2020)

Background

» NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis

= Overview process
-(DRay tracing, @Point sampling, @Positional Encoding, “MLP layer

Input View Direction

% (1) (2) 3) |
' og; : volume density

Input Image ) a
= 2D R|xel Sampling voxel coordinates ; & c; : radiance
""“1 Coorc:;nates on the ray from the view direction . }D
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Repeat each 2D pixel
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<NeRF process = 4| $}>
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1) Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields(CVPR 2021)

Background

» Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields

- Abstract
-7|= NeRFQ| &X||

2 72 FOlM = X|LEK[ A = &l5t e M 70| M= aliasing artifactE £ 2t
2| 135 o)

v A2l 2= train H test O|O|X|7F AHo| Y7ot AZ|0M FH &S 2tASCHD 7517 | &
v Aliasing artifact: 7222 H H RO|M =H0| S &|= A4

-Sf{ 4 BIeF XA
: HEX Ol scaled 7H0| CHSH prefiltering=! radianceS S A|Of| LIEHH
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1) Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields(CVPR 2021)

Background

» Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields

- Cone tracing 3 Conical frustum T+ =2}

-Process
e 7| Z= NeRF2l & LSHA rayOl M t, t,, = sampling2t
;= Sampled point t;, t,,, 2t 7t 2} ¥ o, view direction d, Bt X| & r2 7HX| 1 conical frustume =3}
v O] BEX|ZE r2 0|0|X| 2] Bt pixel 2| widthS 2/v/12 2HE scaledt 2t S AHE
-Problem :
= Conical frustum2| volume= MLP layer2| input2 £ featurized representation= Sl OF 2t
- Solution :

= Conical frustum= multivariate gaussian2 = At} &

Length

T
’—I

Ty _
F(x,0,d, #, to, 1) =[1{ (tu <4 |(|Z||§ °) . tl)J
dT(x — o) 1
' [1dllzllx —ol, ~ I+ (f-/ndnz)?) }] ¥
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1) Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields(CVPR 2021)

Background

» Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields

- Multivariate gaussian = A3}
- Ht3 ray01| CHot distance B

2. rayt o] 2K/ Q1 B4 o2 rayihEtol TSt 2 A
_pofte 58 45
[(" = (4 TR T BEE+8) : y
E (x = tl = (to+1t1)/2
h( )] ts = (t1 —to)/2

dd”
) ke St (1o )
=1, + £ d|5

%|F gaussianl| o, 24t

2 3 4tg(12t] — 3)
T3 15(3t2 +12)2

<Multivariate gaussian = At2}>
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1) Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields(CVPR 2021)

Background

» Mip-NeRF: A Multiscale Representation for Anti-Aliasing Neural Radiance Fields

- Integrated positional encoding

~Multivariate gaussian2| E o 1} 24H2 F2|0f HEHZ S5ff featuredf CHe HEE =
Z B Ol featureZ AL

7| E Positional Encoding

100200 2Lt o 01" sin(Px)
P={010020--- 0 2F71 IUI \ '}(x):[;:os(Px)} Integrated Positional Encoding ﬁ
100 2 0o 0 2%

Y, X) = xm'k(u BN }[" X}]

l _ sin(p.,) o exp(— (lfz} diag(2., ))}

cos(p.,) o exp(—(1/2) diag(3,))

dod
Id|

Gaussian Positional Encoding diag(2) = o2(d o d) + o2 (1 _
E:I:N.a'\f{p,._ﬁz) [Sill(ﬂf)} - Sill(ﬂ.) exp(—(l/g)gz) \

B A (u,02)[cos(z)] = cos(p) exp(—(1/2)a?)

>

<Integrated positional encoding>
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1) Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields (CVPR 2022)

» Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields
- Abstract

-7|& NeRF, Mip-NeRF2| 2H|H

_I_

O
d

 Unbounded scene= realisticSHA| renderingSHA| &

vParameterization: Bounded scene Li{ 0| A{ 2+ 3D coordinateOl| CHSH query &

vEfficiency: 311 detail?t scene= ¢8| MLP capacity7t 74 M Of St=0|, 28 st& Al
HAFZFO| BOHE

v Ambiguity: Unbounded scene2| = 4|

= o8 AZ|0N = H2
M= 0f of H HEHZ = ambiguity 7} Zd e

OFA

Of ray2 5 E observed | 7|

(a) mip-NeRF [3], SSIM=0.526

<Unbounded scene®l Ci 8t Mip-NeRF, Mip-NeRF 360
AV

(b) Our Model, SSIM=0.804
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1) Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields (CVPR 2022)

Background

» Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields

- Normalized integrated positional encoding

-Mip-NeRF2| IPEE}A S E8f| encoding®! feature| 442 contract functionOf £ Of
normalize®!

- 5] CHE view direction= 7FX| = 8%, EH 2| A 7|7t 7+l X[ X| 27| =0 encoding=| =
70| AXBHR| U2

<2t 2| B E pointS 2 distance/} OF &l disparityE 7| =2 2 @SSt HiX[Z = RUCH=
NDC(Normalized Device Coordinates)E Xt-&

N
L

== Camera
Euclidean Gaussians
Contracted Domain
Unaffected Domain
<> Contracted Gaussians

-
L

X x|l <1

contract(x) = {(2 B ﬁ) (ﬁ) x| > 1 i

<Contract function>

-2

-4 -3 -2 -1 0 1 2 3 4

<Normalize IPEQ]| 2|8} gaussian featureE Al Zt2l>
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1) Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields (CVPR 2022)

Background

» Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields

= Online distillation

-Proposal network

=

- Ray 9 Ml A &S samplingS T2 510 proposal network2| Z 12 volume density2tS =&
;= Volume densityS B 2 2 weightE A4S, =& 2= g <=(PDF)E #H2t5H0] NeRF
network®| inputS £=

s+ SF5 Al NeRF network 2t backprop=| ™, proposal network-= NeRF network 2| weightZ distillation
t”o (Teacher: NeRF / Student: Proposal)

mip-NeRF .
Coarse: c I E . i
t @ CL recon |:|
n (Y,
I ‘Crecon C*
Fine: f i Z D
t wo,c Cf
Our Model .
Prop. 1: - ep Lprop
t Stop Grad
NeRF: E |:| -Crec,on |:|
t C*

MLP: (—) Weighted Sum: E Resample: — 7N Loss: £

<MLP network H| >
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1) Instant Neural Graphics Primitives with a Multiresolution Hash Encoding (SIGGRAPH 2022)

Background

« Instant Neural Graphics Primitives with a Multiresolution Hash Encoding
- Abstract

-TaskO| =2tE| X| &

1 CHYSH taskOf Al ALE R
- Keyword

st 4= Q= encoding”| &S H| ot

- Multiresolution hash encoding

o 22 3712 MLP networkE AHESHY 22 d5 HiH| 2 £ 2 B0 S
Al MLP2| weight2} hash table2| valueZt I H|O| E. &

. (b) Frequency
A2y NBEnEoHT [Mildenhall et al. 2020]

ook A
,:—||=|

(c) Dense grid

(d) Dense grid
Single resolution
B

Multi resolution
*

(e) Hash table (ours)

(f) Hash table (ours)

411k + 0 parameters

438k + 0
11:28 (mm:ss) / PSNR 18.56

10k +33.6 M
12:45 / PSNR 22.90

1:09 / PSNR 22.35

10k + 16.3M
1:26 / PSNR 23.62

10k + 494k 10k + 12.6M
1:48 / PSNR 22.61 1:47 / PSNR 24.58
<X 2 Ct& Encoding Z 1} H| 1>
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1) Instant Neural Graphics Primitives with a Multiresolution Hash Encoding (SIGGRAPH 2022)

Background

« Instant Neural Graphics Primitives with a Multiresolution Hash Encoding

- Multiresolution Hash Encoding

-(1) Hashlng of voxel vertices : 2 = x7f O X[H, Zt Level2| F=H voxelz= &
hashing”| 21 2 £ corner0f| |nd|ce 2t

!

~(2) Lookup : 2= corner?| indice& hashing table & &5l F-dimensional feature 2
QI x| A| 2

~(3) Linear interpolation : Z+ZF2] i-th voxel Of| M x2| ACHA Q1 | X|Of| [Tk2F linear
interpolation= A| &

- (4) Concatenation : Z} level & feature vector=1} auxiliaryas(view direction)== concatotOq

X|ZE vector£ Bt =
%J_
% !

(1) Hashing of voxel vertices (2) Lookup  (3) Linear interpolation  (4) Concatenation (5) Neural network
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

“Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field”
ICCV 2023
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Abstract

» Key idea

- Instant NGP2| grid-based representation 24/ 2 rendering = E 22|41 Mip-
NeRF 3602] conical frustum& 4 @ 2 aliasing =Xl & SH 2 SHAt

e Problem

- Encoding &}/ 9| X}0|

~ Instant NGP: Ray?| 2| 3D point0f| 2173t grid2| 3D points& encoding®t & MLP2)
AUHO Z ALES D MLPZADZ LE2 42 interpolation®

- Mip-NeRF 360: Ray?|2| Zt2+2| 2175t 3D point AFO| & gaussian & Ef 2 encodingdtl
MLP2| o = ALE

- Z-aliasing
-7t 27 252 = O|55tH, 5 EF 9| density/F AFEHX = A&
« Solution
- Encoding &4 X}0| =5 : Multisampling, Downweighting

- Z-aliasing == : Anti-aliasing interlevel loss
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Methods

« Multisampling
- Process

~Interval [t.t.,,]0l CHSHA 670 2] pointsE samplingStLL, O 2t pointE AIO|Q] Zt= &
60°2 Bt

0|2 229} X E 7|HO 2 rotationS RIS world coordinate=2 B =+t

2 X ZSHO 2 FHO Zl 6702 multisamples {xj}E isotropic gaussian2| Bt 1} 2AC 2 AL

Conical frustum

Angle 6 =[0,2n7/3 473 37 /3 573 ’f/:;]]

p
ts (f‘f Fort 4 (% 1) T )
Points ti=to+ Z+302
fo) where ¢, =(to+11)/2, ts = (t1 —to)/2 2)
60 L
4 Rotation
7t; cos(6;)/v2
it;sin(6;)/v2| |1 =10,1,...,5
o i (a) Training (b) Testing
<Multisampling process>
R ABTHE D | VDS \
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Methods

« Multisampling
- Process

-67H 2] multisamples {x;}0ll CHSH Mip-NeRF 3602] contract function= %!

- Contract function2 = normalized ! 671/ 2| multisamples {x;}0fl T3l ZtZ trilinear
interpolation= 3

< O|2{et HAIO 2 | stant NGP2| grid-based representation 0| A| Mip-NeRF 3602/ prefilter =
feature% AS 4 QL (encoding2A! At 2H 2£

oe—t

- Problem
- Multisampling©| aliasing= 2t3tA|743X| 2t high frequency Ol A= aliasingO| Of T 5| A4

=
&
L) |
= \//\/
2 P
o — — T~ | — - — e — T _ P _—
=] — — ———— — — ———
e W
I _— OO _—
L — = _ | AN~ AN r A
(a) Input / Baseline, 14.6 dB (b) Ground-truth (c) Downweighting, 24.3 dB (d) Multisampling, 25.2 dB (e) Our Approach, 26.5 dB

<Multisampling, Downweighting 50l [I}2 encoding Al Zt2}>
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Methods

« Downweighting
- 2} featureOf| CH$F multisample’s isotropic gaussianO| € OFLt grid cellOff et oHX| &
7| =2 2 feature S re-weight2
-Gaussian2| E 0| interpolation| = cell 2 Ct f Z0tOF &} 7| [ -2
- Process
~Vertex2| 20| H= 02! normal distribution2 % =5 weight decayS A& 4|
;= Zero-mean 7t : Z+2HOf multisample2| gaussianO| grid feature 2 T AFSHA &

-EFH O 2 Z} multisample2| interpolated featureO| CH 2F weighted meandt< conical
frustumOl| CHSF expected feature ZALX| S AlAtE = U A E

wj-fir+(1—w;j)-0=w; ;¢ £ =mean;(w;, - trilerp(n, - x;; V)

<scale-dependent downweighting factor> <#*|% MLP input features>
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Methods

e Problem

- Z-aliasing

rir

-Mip-NeRF2| proposal network(teacher)E NeRF network(student)2| inputdi| s =5}
sampling interval= 0| 5%t

=+ O volume density=S & 5= MLP2| 23 coordinate0l CHSH £ =& X| & A mapping =l =
7O:|'c'>'k2 EO|
o = d

= Solution

-Blurring a step function
- Anti-aliasing interlevel loss

Vertical slice as camera moves forward

Basel

Rendering weight w 3¢

=

} ]

e (6
Proposal w

NeRF w

a
! . - . ; — —
(a) mip-NeRF 360 (b) Our Approach

<z-aliasing =M Al Z2}> <Piecewise constant PDF>

R 447 T8 I VDS \
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Methods

« Blurring a step function & Anti-Aliased Interlevel Loss

« Process
-(1) WE interval 2 nomalize &, O|l PDFS| M & ZtO| 10|57t E| =& &
- (2) Radius r& ™3}1, 2r2t3 convolution SH0] AICHE| B HEfO| A5t

-(3,4) PDFE M 25} piecewise-quadratic CDFZ 44 =, S OFC} piecewise quadratic
interpolation2 £ H2 =
-(5) A EA = 53t weightzf(Z=FAH) 1} proposal network S & off Al 4tz
weightZf (L= 2HM)7HO] JossE Al LS proposal networkE €10 O| Egt

1 : I

a
W 2r ,

(51 W) @(ST m) ~—=  blur_stepfun (s s[l 7= S[ l/ -u:ﬁ

(] w T

sk o . D> H”‘}jw diff (interp(-))
‘an I wn |_

<Anti-aliasing loss process>
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Methods

« Blurring a step function & Anti-Aliased Interlevel Loss

- Result

o 5
N

- ol 'q'-'

-0 ?7'
S
s

N

PSNR

“ -y

4, 20.62db

2

—

—— mip-NeRF 360's Loss
—— Qur Anti-Aliased Loss

10

2 4 8 16 32
Number of NeRF Samples

4
-

<Interlevel loss G5 Z1} H| 11>
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Results
- HYE Fo}

- 360 datasetOf| CHf &+ Mip-NeRF, Mip-NeRF 360, Instant NGP H| 1
-PSNR (Peak Signal-to-noise ratio)
;s MSER pixelZte| the @AHE A4 2 normalizeE T SHY H 7t
-SSIM (Structural Similarity Index Measure)
oo & O[O K| Zho| &t A =5 2| =, OiH|, T+ & 371X STHO| M B}
-LPIPS (Learned Perceptual Image Patch Similarity)

:'= Classification task S supervised, self-supervised, unsupervised 2 & £ st&dst0, H
270 E 22t S5l R 2 ALE Y featureS FE 610 features2| FALEE It

PSNR+ SSIM+ LPIPS | |Time (hrs)

NeRF [19, 10] 23.85 0.605 0.451 12.65
mip-NeRF [2] 2404  0.616 0.441 9.64
NeRF++ [36] 25.11 0.676 0.375 28.73

Instant NGP [21, 32] 25.68 0.705 0.302 0.15
mip-NeRF 360 [3, 20] 27.57 0.793 0.234 21.69
mip-NeRF 360 + iNGP | 26.43 0.786 0.225 0.30

Our Model 28.54 0.828 0.189 0.89

<Zip-NeRFRE ‘4 & H| >

A szuta | VDS \
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Results
- HAE EL

- Unbounded scene(test dataset)Ofl CHH scale= 2|5t E7t

MA 21. 32db 23. 73db
-l‘ -l&mdb m77db

26.01db [ 127.87db

- 28.51db 30.51db 21.03db

(a) Ground Truth  (b) mip-NeRF 360 (¢) Our Model (d) mip360 + iNGP

20.65db

21.04db

” BTN VDS
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1) Zip-NeRF: Anti-Aliased Grid-Based Neural Radiance Field (ICCV 2023)

Results

» Ablations

- 7t 5! 1 E methodsOf| CHSH A4S &2 T1A

Scale Factor: 1x 2x 4x 8x
Error Metric: | PSNR+ SSIM 1 LPIPS | | PSNR+ SSIM1 LPIPS | |PSNR* SSIM*1 LPIPS| | PSNR{ SSIM 1 LPIPS || Time (hrs)
Instant NGP [21, 32] 24.36 0.642 0.366 25.23 0.712 0.251 26.84 0.809 0.142 28.42 0.877 0.092 0.15
mip-NeRF 360 [3, 20] 27.51 0.779 0.254 29.19 0.864 0.136 30.45 0.912 0.077 30.86 0.931 0.058 21.86
mip-NeRF 360 + iNGP 26.46 0.773 0.253 27.92 0.855 0.141 27.67 0.866 0.116 25.58 0.804 0.160 0.31
Our Model 28.25 0.822 0.198 30.00 0.892 0.099 31.57 0.933 0.056 32.52 0.954 0.037 0.90
A) Naive Sampling 27.93 0.797 0.233 29.70 0.880 0.114 29.24 0.887 0.094 26.53 0.820 0.144 0.53
B) Naive Supersampling (6x) 27.48 0.803 0.224 29.03 0.881 0.109 28.42 0.881 0.097 25.97 0.810 0.151 2.54
C) Jittered 2791 0.797 0.233 29.60 0.879 0.116 29.45 0.893 0.090 27.58 0.855 0.120 0.55
D) Jittered Supersampling (6x) 27.50 0.810 0.212 28.99 0.884 0.105 28.91 0.896 0.086 27.65 0.870 0.109 3.04
E) No Multisampling 28.15 0.817 0.208 29.87 0.886 0.105 31.33 0.927 0.061 32.12 0.948 0.043 0.54
F) No Downweighting 28.22 0.818 0.205 29.94 0.889 0.102 31.25 0.928 0.060 31.67 0.944 0.046 0.88
G) No Appended Scale w 28.23 0.820 0.200 29.98 0.890 0.101 31.48 0.931 0.057 32.19 0.951 0.041 0.89
H) Random Multisampling | 28.09 0.816 0.207 29.75 0.886 0.106 31.18 0.928 0.061 32.03 0.950 0.042 0.95
I) Unscented Multisampling 28.27 0.822 0.198 30.03 0.891 0.100 31.57 0.933 0.056 32.46 0.954 0.038 1.11
J) No New Interlevel Loss 28.12 0.824 0.196 29.82 0.892 0.098 31.31 0.932 0.056 32.23 0.953 0.039 0.86
K) No Weight Decay 27.34 0.814 0.203 28.91 0.881 0.109 30.29 0.921 0.067 31.23 0.941 0.050 0.90
L) Un-Normalized Weight Decay | 27.99 0.821 0.196 29.65 0.889 0.100 31.10 0.930 0.058 32.09 0.951 0.040 0.91
M) Small View-Dependent MLP 27.41 0.811 0.207 28.98 0.882 0.109 30.32 0.924 0.065 31.11 0.944 0.047 0.63

<Zip-NeRFR A /45 H| >
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