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Recap. Previous Presentation
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Recap. NeRF

® Render 3D object using 2D Images with camera matrix by optimizing radiance field
equation via neural network

Ray Distance

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
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Recap. NeRF (conti.)

® NeRF can even generate unobserved view of trained object

Result of NeRF
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Aliasing in multi-resolution images

® Aliasing occurs when NeRF learns low resolution(1/2, Y4, ...) images

mipNeRF

Ground Truth




Mipmap

mipmap

® Aliasing effects can be reduced by using
pre-computed gaussian filtered images
(prefiltering)

No MipMapping
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Cone tracing

® mipNeRF uses cone tracing that acts like mipmap in rendering

4 )

Ray cone
footprint

interpolated
samples

Sparse MipMap pyramid
Voxel-Based cone of pre-integrated values
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Ray casting in NeRF

® NeRF casts a ray for sampling the points

Rendering
Loss

P
= el v(x)

Positional Encoding
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Cone casting in mipNeRF

® Instead, mipNeRF casts a cone to samples

® But sampling all points in the cones is extremely time
consuming

'
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Cone casting in mipNeRF (cont.)

® Divide cone as multiple conical frustum
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Cone casting in mipNeRF (cont.)

® Use the expectation of each conical frustum as samples!
® Suppose all samples follow the Gaussian distribution
® Applying positional encoding to the expectation (IPE)

o Exon[y(x)]

—_— Integrated Positional Encoding
Suppose

[Samples follow Gaussian distribution along a ray}

direction and it vertical one (multivariate Gaussian
distribution)
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Cone casting in mipNeRF (cont.)

Achieve higher performance with

simple changes
the of samples!!

Exon[v(x)]

Integrated Positional Encoding

Suppose
[Samples follow Gaussian distribution along a ray]

direction and it vertical one (multivariate Gaussian
distribution)
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Integrated Positional Encoding (IPE)

Positional Encoding

" 7 I
1 00200 2 0 0 -
P=[0 1 00 2 0~ 0 2 0 |. »x :{Sm( X)}
001002 0 o0 2 cos(Px)
N - J

Expectation Positional encoding

EXNN(ﬂ’Gz)[y(X)] ~

Normal distribution

x are the member of

conical frustum

Conical frustum equation

/
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Integrated Positional Encoding (IPE) (cont.)

® Mean and Var is determined by the distance between samples!

Mean, Covariance matrix of conical frustum
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Result of IPE

® Get the samples including variance information implicitly

Encodings  Samples

Encoded Samples
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Importance Sampling

® Increase the number of samples predicted to be important
® The important samples distance would be really short!

Uniform Sampling Weights Importance Sampling
(PDF)

Weights $
(PDF)

ﬂk

Important place
(predicted)

Importance
Sampling
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Result of IPE (conti.)

® The distance between samples is large
-> cut off the high freq. (details)

® The distance between samples is short
-> maintain the high freq. (details)

Mean, variance of spatial region Integrated positional encoding features

KAIST
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Result of IPE (conti.)

® The distance between samples is large

-> C .
® The dist: the of important
S samples and the details of

samples

Mean, variance of spatial region Integrated positional encoding features

_KAIST



Ground-Truth

0.837

0.861

NeRF + Area, Center, Misc Mip-NeRF
PSNR 1 LPIPS |

Full Res. 1/2Res. 1/4Res. 1/zsRes. | FullRes. 1/2Res. 1/4Res. 1/aRes. | FullRes. 1/2Res. 1/4Res. 1/sRes | Avg. | | Time (hours) # Params
NeRF (Jax Impl.) [11, 30] 31,196 30.647 26252 22533 | 09498 09560 09299 0.8709 | 0.0546 0.0342 0.0428 0.0750 305 £ 004 LIOIK
NeRF + Area Loss 27224 29578 29.445 25039 | 09113 09394 09524 09176 | 0.1041  0.0677 0.0406 0.0469 303 +£0.03 L191K
NeRF + Area, Centered Pixels | 29.893  32.118 33399 29463 | 09376  0.9590 09728 09620 | 0.0747  0.0405 0.0245 0.0398 3.02+005 LI19IK
NeRF + Area, Center, Misc. | 29.900  32.127 33404 29470 | 09378 09592 09730 09622 | 0.0743 0.0402 0.0243 0.039%4 294 +0.02 1,191K
Mip-NeRF 32.629 34336 35471 35602 09579 09703 09786 09833 | 0.0469 00260 00168 0.0120 | 0 284+ 001 612K
Mip-NeRF w/o Misc. 32610 34333 35497 35638 | 09577 09703 09787 09834 | 0.0470 00259 00167 00120 | 0.0114 | 2.82 £ 003 612K
Mip-NeRF w/o Single MLP | 32401  34.131 35462 | 35967 | 09566 09693 09780 | 09834 | 0.0479 0.0268 0.0169 | 0.0116 | 0.0115 | 340+0.01 1.191K
Mip-NeRF w/o Area Loss 33059 34280 33.866 30714 09605 09704 09747 0.9679 | 00427 00256 0.0213 0.0308 | 0.0139 | 2.82+001 612K
Mip-NeRF w/o IPE 29876 32,160  33.679 29.647 | 09384 09602 09742 09633 0.0393  0.0226 0.0378 | 0.0186 | 2.79 £0.01 612K
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Result

® mipNeRF shows better performance in reducing aliasing!

Lego Ship




Summary of mipNeRF

® Use cone tracing instead of ray for mipmapping
® Compute expectations of samples without sampling whole data

® Propose Integrated Positional Encoding (IPE) which
autonomously adjusts the details of samples according to the
Importance
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Obstacles in NeRF at 360° Scene

® Parameterization

Samples of 360°scene would be located from
0 to infinity (0,) (Unbounded scene)

Scene and ray

® Efficiency Coarse-to-Fine

Huge model would be required but need Online
long training time

® Ambiguity
Since the sample range is too broad, for Interval-
predicting object geometry is challenging Based Models

KAIST



NeRF++: Unbounded scene (2020, arXiv)

® If sample distance > 1:
use the color&density of samples projected to the sphere

Use the color and density of
red points when computing
white samples

t
00'(0+sd)ds

C(r) :[j:_'o o(o+1d)-c(o+1d.d)-e -

—[:;00(0+sd)ds 00 J d.d _I:‘taout(0+5d)d5d

e t_faout(o—i—t )-c,,(o+td,d)-e z.
Outside
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DONeRF: Unbounded scene (2021, Eurographics)

® Sampling logarithmically and then warping the samples

Uniform sampling

X(dj) =0+d;-r

Logarithmic sampling

log(d; — diin +1)
log(dmax = dmin + 1)

[ d: — dmfn 5 : (dmax = dmin)- ]

Log + Warping
f= PE.(x(cZ. —¢)-W(x(d, - c))

1 (a) uniform (b) logarithmic (c) log+warp

AR KAIST
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mipNeRF360: Rescaling for Unbounded scene

® Similar to NeRF++, set the boundaries (but two). If samples exceed the
1t boundary then would be converged on 2"d boundary!

Contraction function f (linear transformation)
\

] amera (
2 o Euclidefm Gaussians f(X) ~ f(/,l) + Jf (IU)(.X - IU)
1St Boundary Congacteg Doma_in ,

1 = gt | | S D=6, I, T W)
xR

0 f = contract(x)=1 2__L (iJ‘ISt Boundary

TR
\_ 2"d Bounda

PE of
contractio(r)w: 7/(c0ntract(,u,2))
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mipNeRF360: Sampling for Unbounded scene

® Similar to DONeREF, the farther away the wider the samples are
- Uniform sampling on the inverse of distance
® Define s-distance to generalize sampling distance equation

s € [0,1] - [ty tf]

24 = (Camera (t) - (t )
Euclidean Gaussians S é g g n

Contracted D i ?
i — gt,)—gl(t,)
tp:near t, t: fart

tég‘l(s-g(tf)+(1—S)'g(tn))

1
g(x)= . g(x) =log(x)
mipNeRF 360 DONeRF spacing

-2 A

-4 -3 -2 -1 0 1 2 3 4
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mipNeRF360: Sampling for Unbounded scene

® Similar to DONeRF, the farther away the wider the samples are

- Unifor
® Define s coordinate effectively

using and

. [tn: tf]
~C normalized

P (s-g(t,)+(1-5)-g(t,))

tp:near t, t: fart

1
g(x)= - g(x) =log(x)
mipNeRF 360 DONeRF spacing

-2 A
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mipNeRF: Importance sampling
C Effidency g

® First, uniformly sample the points and calculate PDF by its weight
® Second, perform Importance sampling based on the PDF of previous

samples
mip-NeRF .
Coarse: .o . Z . r
t W .,C CC recon
@fn, N\
l Lrecon (j>!<
Fine: o, ' ' TVEE Z
t/f w’, c C/
MLP: @ Weighted Sum: Z Resample: — A\J Loss: E
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mipNeRF360: Online distillation
C Effidency g

® Distillation: train a small model to imitate the huge model
- Reduce the evaluation of huge model!

Our Model .
Prop. 1:~  ~  ~ = ®p 5 EPI’OP
. t M\ W. Stop Grad
NeRF: C + t: + 4 (l—)n ' w . 1 Z Lrecon 3
’ C C
MLP: @ Weighted Sum: Z Resample: — AN\J Loss: ﬁ



mipNeRF360: Online distillation
C Effidency g

® Separate MLP as proposal MLP and NeRF MLP (proposal <<« NeRF)
® Proposal MLP does not predict the image directly
- Only estimate the weights of samples

Our Model .
Prop. 1|~ ~—  ~ @'p 5 EPI’OP
; Teaching' Y W . Stop Grad
NeRF: | : t: ’ ‘ @n W o ‘ ¥ Lrecon
’ C C*
MLP: @ Weighted Sum: Z Resample: — AN\J Loss: £
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mipNeRF360: Online distillation
C Effidency g

® Using weights on proposal network performs importance sampling

® Prevent the teaching MLP’s update using “Stop Gradient” while updating
student MLP

Our Model .

Prop. 1:' A : Eprop
t
: Importance sampllng .
NCRF I + t: + i 1 Z C Erecon C*
MLP: @ Weighted Sum: Z Resample: — AN\J Loss: £
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mipNeRF360: Online distillation
C Effidency g

® Using we
® Prevent t

ampling
ile updating

Online distillation enable
mipNeRF360 to perform

student ,
while
Our of huge MLP!
Prop. 1: Eprop
~

: Importance sampling .

NeRF: ' % On " & 2B Lrecon *

; C C

MLP: @ Weighted Sum: Resample: — A\ Loss: E



mipNeRF: Characteristic Artifacts
© Ambiguity g

® mipNeRF does not have special function to discriminate the surface or
accurate geometry -> 2 types of artifacts

1. Floater: Floating discontinuity on a scene

2. Background Collapse: predicting background as a set of semi-
transparent cloud

N floatel‘ ’

Depth Result of mipNeRF
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mipNeRF360: Regularization

® Compress the samples and its coefficients by adding new loss
® Make the weight distribution much sharper like delta function
-> Clarify the surface of contents

weight -

ol

L

Normalized s-distance

=)

Distribution loss
term

[Edist(saw) = ]7 W (u)Ws(v)|u — v| dy dy ,]

wal-)

Normalized s-distance
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mipNeRF360: Regularization

® Successfully eliminate those artifacts!

mipNeRF mipNeRF

360



mipNeRF360: Result

® Shows outstanding result in 360 scene!

Ar

mipNeRF360, SSIM: 0.804

PSNR
Outdoor Indoor

bicycle flowers garden  stump  treehill | room  counter  kitchen  bonsai
NeRF [13,33] 21.76 19.40 23.11  21.73  21.28 | 2856  25.67 26.31 26.81
NeRF w/ DONeRF [34] param. 21.67 19.48 2329 2338 21.70 | 28.28 2574 2542 2732
mip-NeRF [3] 21.69 19.31 23.16  23.10 21.21 | 2873 2559 26.47 27.13
NeRF++ [51] 22.64 20.31 2432 2434 2220 | 28.87 2638 27.80  29.15
Deep Blending [17] 21.09 18.13 2361 2408  20.80 | 27.20  26.28 2502  27.08
Point-Based Neural Rendering [26] | 21.64 19.28 2250 2390 2098 | 2699 2523 2447 28.42
Stable View Synthesis [41] 22.79 20.15 2599 2439 21.72 | 2893 2640 2849  29.07
mip-NeRF [3] w/bigger MLP 22.90 20.79 2585 23.64 21.71 | 3067 2861 29.95 31.59
NeRF++ [51] w/bigger MLPs 23.75 21.11 2591 2543 W2 3013 2 27.79 29.85 30.68
Our Model 24.37 2173 2698 2640 22.87 | 31.63 2955 3223 33.46
Our Model w/GLO 25.93 21.60 2509 2598 2199 | 2824 2840 30.81 30.27

SSIM
Outdoor Indoor

bicycle  flowers  garden stump  treehill | room  counter kitchen bonsai
NeRF [13,33] 0.455 0.376 0.546 0453 0459 | 0.843  0.775 0.749  0.792
NeRF w/ DONeRF [34] param. 0.454 0.379 0.542 0.522 0461 | 0.841  0.776 0.678  0.813
mip-NeRF [3] 0.454 0.373 0543 0517 0466 | 0.851  0.779 0.745  0.818
NeRF++ [51] 0.526 0.453 0.635 0594 0530 | 0.852  0.802 0816  0.876
Deep Blending [17] 0.466 0.320 0.675 0.634 0523 | 0.868 0.856 0.768  0.883
Point-Based Neural Rendering [26] | 0.608 0.487 0.735 0.651 0579 | 0.887 0.868 0.876 0919
Stable View Synthesis [41] 0.663 0.541 0.818 0.683 0.606 | 0905 0.886 0910  0.925
mip-NeRF [3] w/bigger MLP 0.612 0.514 0.777 0.643 0577 | 0.903  0.877 0.902  0.928
NeRF++ [51] w/bigger MLPs 0.630 0.533 0761  0.687 0597 | 0.883  0.857 0.888 0913
Our Model 0.685 0.583 0.813 0744 0632 | 0913 0.894 0.920  0.941
Our Model w/GLO 0.687 0.582 0.800  0.745 0.619 | 0.507 0.890 0.916  0.932
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mipNeRF360: Result
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Summary of mipNeRF360

® Use contraction and warping to normalize the sample distance
® Use online distillation for efficient training

® Use regularization for solving ambiguity in unbounded scene

Total Loss : [ﬁrecon(C(t%C ﬂ{)\ﬁdm s W] [Z Lprop (s, W, 8* W’“)]

k=0

Ordinary image recon loss Regularization for
ambiguity Loss for online distillation

KAIST



Thank youl!
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Quiz

1. IPE in mipNeRF can improve the performance without increasing
the number of samples if they are sampled by importance sampling
( True / False)

2. Why mipNeRF360 uses regularization in 360" scene? ( )

For parameterization

For importance sampling
For efficiency

For resolving the ambiguity

®» wE e
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Reference

1. Jonathan T. Barron, et al. Mip-NeRF: A Multiscale Representation for Anti-Aliasing
Neural Radiance Fields

2. Jonathan T. Barron, et al. Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance
Fields

https.//jonbarron.info/mipnert/
https.//jonbarron.info/mipnerf360
5. https//www.youtube.com/watch?v=zBSH-k9Gb V4
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Integrated Positional Encoding (IPE)

Positional Encoding

" 7 I
1 00200 2 0 0 -
P=[0 1 00 2 0~ 0 2 0 |. »x :{Sm( X)}
001002 0 o0 2 cos(Px)
N - J

Expectation Positional encoding

EXNN(ﬂ’Gz)[y(X)] ~

Normal distribution

x are the member of

conical frustum

Conical frustum equation

/

F(xaoadal;atoatl) =

d"(x-o0)

E

1

A\ >
[Ild I I =oll, 1+ G /lla],)?

| e



Integrated Positional Encoding (IPE) (cont.)

Mean, Covariance matrix of conical frustum

P

2
2t t;

W=t +

5¢t;

u 2 27
3t, +1;

2
2 _ s

‘3

4t

4t (12tf, —12) \

1585 +15)°

\_

l_2
ol =77 L+ —
412 1532 +12)

cone dir

T
u=o+ud, X=c,(dd")+o, [1— dd”2
2

radius dir

)

|4

KAIST.



Proof of IPE

PDF
4 N\

(/)(r,t,@) = (rt cosl, rt sin@,t)
for 0 € [0, 272'),t > 0,

r| <r

dxdydz =| det(D,, )(r,1,0) | drdtd 0

tsind 0

1|drdtd@
—rtsin@ rtcos@ 0

= (rt* cos” @+ rt* sin @) drdtd 6

= rt’drdtd 0

tcosd

=|rcos@ rsinéf

2z ¥ 3 3
£-t

V= j j j redrdtd = i -

010
1
e

P:

.

1 27 t;_ T
Elt] = / f / t-rt*drdtdd
0 ty 40

27 t1 1
= — / rt> dr dt df
0

Var(t)= o’ = E[t’]- (E[t])’
)

t

5(6 —13)
J

2
f 3t4/ cos® 0 df dr dt
t

T

5 5
l_tO

E[x]= % joz” j jo (rtcos0)-rt drdtd0

=0.

Var(x) = o’ = E[x*]-(E[x])*

=,;z( 3@ =) j
208" - 1)

/ f /(rtcosef rt? dr dt df
/.

~

,/
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Proof of IPE (conti.)
%ﬂ.

Positional encoding

E_\uon[sin(x)]=sin(u)exp(—(1/ 2)c?),

\
J

Loo0o200 29 0o ol | E .o c0s(x)]= cos(u)exp(—(1/ 2)c?)
P=[0 1 002 0-- 0 2 ;/(X):{SIH(PX)}
001002 0 o0 2~ cos(Px) d B
\_ J
l (1.2 =B, iy 2 [y @)] )
~
" ipx { sin(g, ) o exp(—(1/2)diag (2., )), }
Cov[Ax,By] = A Cov[x,y]B" > = .
R L costu)oexp(-(1/ 2diag (3, )]

Applying PE to )
X diag(2,) = [a’iag(Z), 4diag(Y), -, 4" diag(Z)]

diag(Y)=oc,(dod)+0. [Id"dJ

<. KAIST



Proof of expectation of sin, cos following normal dist.

/elx = cos(x) +isin(x) Euler formula
E[e"]= E[cos(x)]+iE[sin(x)]
© . 1 (x—,u)z

ix — ix 252
E uonle’] je —Gme dx

Characteristic

=@, ety =) function of
i,,_laz LY normal dist.
—e 2 (... e 2 )
= {cos( ) +isin( ,u)}e_éaz
" E[cos(x)] = cos(,u)e_la2 Ex~N(,u o2) [sin(x)] = sin(u) exp(—(1/ 2)0‘2 ),
w[sin(x)] sin(u)e 2 g / h E (0% [cos(x)] = cos(u)exp(—(1/2)c?)
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NeRF in Unbounded scene

@ 7| = NeRF datasetd| A& “facing forward” 2= unbounded datasetO| ZX{
¢ 0|5 ¥ o=z TS| 2[5l rayQ| A™ HS A Lot 2,
(NDC) #i2ts AZE Ch3 PEE T

= - o

Normalized device coordinate

(-1,1,1)

NeRF applied to
“facing forward scene”

- 0
0o
= r
—(f+n) 2fn
00 f-n f-n (1,'1,‘1)
00 -2 0

Normalized Device Coordinate (NDC)
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NDC in NeRF (©+t:d - o+1d)

-

~

r = right, t= top, / ogttdy . oy 0z (0s+tds)—0sz (0 +tdy)
n = near, f = far o 0 0 - noy \ Hd x5, tid, Gy, z (02+td>)ox
r T
i 0 0 Y Ty ! 73 oy+tdy Oy 0z (oy+tdy)—oy(0:+td:)
s _ I a
0 6 —(f4+n) —2fn s1= —(f+n)tz _ —2fn t,d;; - Ay 0,+td, Ay 0, Y (02+4td-)o-
f—n f—n f—n —n t'd =
— _ z b, b. Oz (Oz+tdz)
e I 0 I @ a s o.+td. s Z bz (Oz+tdz)oz
NDC projection matrix n.x
T —2Z
project — - )%_%f g —tds (d_m _ o_,_.)
n 2fn 1 &
K = Tn_—z/ o:t+td; \d. 0.
= a td. _d_y . O_y
n n . Yy Oz+tdz dz (%
S A - . _tds 1
__ S, 2fn Oz ttdy —b, Oz‘l“;dz o
a. = f_n,bz— Ton A g 0.+td. \ /
(x,y,2)=0+t-d Oy+tdy _ ‘
Yo.+td, -
b, / \
e T i ‘ g W g
0, + td, 0, + td,
Suppose if t=0, then t'=0 (dz Oz)
Ox a.| 52 — 2=
’ Gz d, 02
O, & . 3
o =|o,| = a3t [=n(o) = ay(d; - %)
/
Z b 1
: @z + 0. _bzz

https://blog.naver.com/PostView.naver?blogld=wnxodnr&logNo=10122064855&parentCategoryNo=26&categoryNo=&viewDate=&isShowPopularPosts=true&from=search NDC matrix proof
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NDC in NeRF (cont.)

, ay 2% T o, +td, = o0,+td,
r = right, t= top, n = near, f = far , 0, zz
/ 1
o =|d | =] ot w (% - 2)

’ z z

:—ﬁ :—ﬁ :—f+n b = — 2fn & a'z—{_z_f d/: (_l}i_ﬂa

ax ’ ay ’ az > Yz B gl 0z

r t f—n f—n )

Supposing f S o0 /
pinhole camera , td.,
o fca,m Ox

WJ/2 o,
0,: _MEE fca,:rn (d_i,_o__l‘)

7 ; H/2 o, —w/2 \ d, 0=

= —ﬂ, = i — = / — Carn d?} y
[“x Wiz’ Ty % =hb=an Jﬁ 1+ = | g (2 - 2)
N B,

NDC Projection  0+¢-d — o'+t"d' (0> =>t~01) paIST
5

https://blog.naver.com/PostView.naver?blogld=wnxodnr&logNo=10122064855&parentCategoryNo=26&categoryNo=&viewDate=&isShowPopularPosts=true&from=search NDC matrix proof

=1 —
0, +td. 0, +td,

2



