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Review

Rendering Equation
Monte Carlo Path Tracing



L: a radiance
. . X a point
Rendering Equation w:a directior
Q: the hemisphere
n,. the normal vector at x
fs: the BSDF (material)

« Rendering equation i- inward
[Immel et al. 1986; Kajiya 1986] O o ing

* Lo (X, (‘)o) — Le (X: 0.)0) + f_Q Li(x: (‘)i)ﬁs*(xy Wi, wo)(wi ) nx)dwi

Outgoing Self-emitting Inward BSDF = Material
radiance radiance radiance
l‘lX

Ly(x, w,)




L: a radiance

. X a point
Monte Carlo Ray Tracing w: a direction

Q. the hemisphere

n,. the normal vector at x
: . . . .. the BSDF (material)
« MC integration of rendering equation. { - ward (
o: outward
e: self-emitting

 (Lo(%,0)) = Le(x, @) + = T, Heudl oo oy

p(wik)
r#x
L;(x w;
LO(XI wo) wli(x wl,l)Li(X, wi,Z)




Monte Carlo Path Tracing

« MC integration of rendering equation.

« Set N = 1 for intermediate bounces
* (Lo(x; (1)0)> — Le(X; (1)0) +

L: a radiance

X. a point

w: a direction

Q. the hemisphere

n,. the normal vector at x
fs: the BSDF (material)

i: inward

o: outward

e: self-emitting

(LiX,0)) fs(X,0;,w,)(w; ny)

p(w;)

LO(Xr wo) Li(X,(A)i)

e




Path Guiding



Variance in Path Tracing

o (Lo (X, wa)) = Le (X, (l)o) + %ZIIX=1 <Li(x’wi’k))fsz(9)zf))iif)jw0)(wi,k.nX)

. Var[(Lo (X’ wo))] = Var [%21]‘\;1 (Li(X,wi,k))fsz(;E::iif),wo)(wi,k°nx)]

(Li( X,0;))fs(X,0;,0,) (0; ny)
r [ p(w;) ]

1
=—Va
N

e If p < L;f,cosO;, Var[{L,(X,w,))] =0
« Shoot more rays to the direction with intense light

 Path guiding: estimation for incident radiance



Path Guiding — 1D example

« MC integration for fon sin“ x dx

Number of samples
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Path Guiding — 1D example

« MC integration for fon sin“ x dx

« Sampling pdf p

1. uniform distribution 0 05

0000000
0.000001
0.000000 1

1E-08

256



Path Guiding — 1D example

» MC integration for fon sin“xdx /\
« Sampling pdf p N / \

1. uniform distribution 0 05 : 15 ) 25 3
2. triangle-shaped pdf

Number of samples
1 2 4 8 16 32 64 128 256 512 1024

1
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Path Guiding — 1D example

» MC integration for fon sin“xdx /\

« Optimal pdf: %sinz x &« sin® x 'O / \

0.01 )" /\ ‘
0.001 v V V‘ kv
2 00001 y
00001
0.000001




Path

(c) MAZE (b) Box

(d) Ajar

Guiding Results

T NASG (Ours) PPG

NIS PAVMM Reference

Huang, Jiawei, et al. "Online Neural Path Guiding with Normalized Anisotropic Spherical Gaussians." ACM Transactions on Graphics 43.3 (2024): 1-18.
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Traditional Methods
iIn Path Guiding



GI’Id-BaSGd Path GUldlng [Jensen 1995]

 Represent radiance fields with grid structure
PDFvalue: 0 I 0 W 250

. (a) Jensen 8x8 . (b) Jensen 32x32 §*_:

s =

(c) Hey and Purgathofer A (d) Our GMM
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Vorba, Jifi, et al. "On-line learning of parametric mixture models for light transport simulation." ACM Transactions on Graphics (TOG) 33.4 (2014): 1-11



GMM-BaSEd Path GUIdIﬂg [Vorba et al. 2014]

» Used Gaussian mixture model (GMM) to represent radiance
fields PDFvalue: 0 I

. (a) Jensen 8x8

W 250

(c) Hey and Purgathofer

:h '.-_ r "_’:.I
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Vorba, Jifi, et al. "On-line learning of parametric mixture models for light transport simulation." ACM Transactions on Graphics (TOG) 33.4 (2014): 1-11



Tree-Based Path GUIdlﬂg [Miller et al. 2017: Maller 2019]

 Used hierarchical structures
 k-d tree for spatial subdivision
 Each spatial leaf node contains a directional quadtree

(a) Spatial binary tree (b) Directional quadtree

16

Miiller, Thomas, Markus Gross, and Jan Novak. "Practical path guiding for efficient light-transport simulation." Computer Graphics Forum. Vol. 36. No. 4. 2017.



VMM-BaSGd Path GUldlng [Ruppert et al. 2020]

- VMM-based radiance representation
* Variance-based merge/split
» Parallax-aware representation

L]

relMSE: 0.181 Jio RS . . relMSE: 0.104
Avg. K: 8.0 Rt Avg. K:  16.4

Ruppert, Lukas, Sebastian Herholz, and Hendrik PA Lensch. "Robust fitting of parallax-aware mixtures for path guiding." ACM Transac tions on Graphics (TOG) 39.4 (2020): 147-1. 17



VMM-BaSGd Path GUldlng [Ruppert et al. 2020]

« Von Mises-Fischer (vVMF) distribution (spherical Gaussian)

g = K K(,Lt-a))
v(a)lu, K) ATT sinhice
 u€ES?
k=0

 VYMF mixture model (VMM)
* V() = Xjo myv(wlw;, ;)

* Yiom =1

18



VMM-BaSGd Path GUldlng [Ruppert et al. 2020]

* Overall procedure
« Sample rays under VMM V(w|0) = Ya_1 mpv (| py, ki)

e § = {Sl, "',SN}, Sn = {xn; Wy, P((Unlxn)» Z:i(xnr wn)}

« Compute weight for each sample
o _ 1 Zi(xn:wn) 3~ _ l N Zi(xn:wn)
n- D (x) p(wn|xn)' CD(.X') B NZn:l p(wnlxn)

« Compute sufficient statistics for updating VMM parameters

N _ |7l
* T, = —1 W Wy )Wy, 1T, =
k Zn—l lek ( n) nr 'k Zg=1 Wnyk(wn)

« Update VMM parameters from sufficient statistics

_ 3
Tk A 37k—Th ~ _  Yh—q wnyr(wn)

~y

e I, = Ki, =~ A
M = i " T e T S SNy i(wn)




VMM-BaSGd Path GUldlng [Ruppert et al. 2020]

» Parallax-aware representation for incident radiance
« VMM is shared in each spatial region
« Parallax causes additional estimation error

e Later, solved in MLP-based methods

Radiance Sample Data Fitted Lobes Queried Radiance Estimates
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Ruppert, Lukas, Sebastian Herholz, and Hendrik PA Lensch. "Robust fitting of parallax-aware mixtures for path guiding." ACM Transac tions on Graphics (TOG) 39.4 (2020): 147-1.
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Variance-Aware Path GuIdINg it et al 2020
« Recall: If p < L;f; cos 0;, Var[{L,(x,w,))] =0

« Can we get exact value of L;(x, w;)?
* No!

* How can we compensate estimation error for L;(x, ;)?



Variance-Aware Path GuIdINg it et al 2020

» Goal: Finding a pdf p* minimizing variance Var[{L,(x, w,))]

« From Euler-Lagrange equation,

e p* o JE[(L;(%, 0))2]f;(X, 0, ®,) |w; - n|
= JE[L;(x, @))% + Var[{L;(x, o)) fs (X, 0;, w,)|0; -




Machine Learning
Approaches in Path Guiding



Neural Importance Sampling muier et al. 2019,

* Learns sampling functions with normalizing fl
 Piecewise-polynomial coupling transforms
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Mdiller, Thomas, et al. "Neural importance sampling." ACM Transactions on Graphics (ToG) 38.5 (2019): 1-19.
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Primary Sample Space [Zheng and Zwicker 2019]

 Learn a bijective warping ¥, in primary sample space
« ®&,: a mapping from a canonical parametrization of paths with
length k, Q,, over 2(k + 1)-dimensional hypercube [0,1]2(*+D

Uniform PSS » Geometric path, length &
e D -
T - _“;———__.\
::::::::::::: ) L~ X
< Pt pat N\
T '1 * contribution f;

(a) Conventional approach, uniform primary sample space (PSS)

Uniform PSS —» Warped PSS —> Geometric path, length &

N qur e (I}k T
SRR R S o o
SeiaaeidyaEas rara M iy ¥y VPixel j, path \.
ENEEEER b SWE A L b g JHT ~ R ;
Y A - contribution f:

...... ¥ EAnSEE SSema, “J

(b) Our approach, PSS importance sampling using non-linear warp

Zheng, Quan, and Matthias Zwicker. "Learning to importance sample in primary sample space." Computer Graphics Forum. Vol. 38. No. 2. 2019.
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Offline Path GUIdlﬂg [Bako et al. 2019]

 Scene-independent method with supervised learning

* Learns incident radiance fields from local neighbor samples
« Can be considered as denoising for incident radiance fields

For every pixel to reconstruct

Radiance
el e = reconstruction e
4y network

samples

Our output

Estimated

Initial samples sampling map

Valid bin mask

Network input

Bako, Steve, et al. "Offline deep importance sampling for Monte Carlo path tracing." Computer Graphics Forum. Vol. 38. No. 7. 2019.



Reinforcement Learning o et al. 2020

* Define two kinds of actions
* Refine: subdivide a node
« Resample: double the pdf value of a node

e Reward

(a) Image-direction space

Huo, Yuchi, et al. "Adaptive incident radiance field sampling and reconstruction using deep reinforcement learning." ACM Transactions on Graphics (TOG) 39.1 (2020): 1-17.

: reduced noise after radiance field denoising

(b) Sampling in
direction space

(c) Q-values of (d) Adaptive sampling and

adaptive actions partition in direction space
6=0
. . et cos~ 1405
L 0.5m
p=0 2m

(d) Reconstruction
and rendering result

=
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Hierarchical CNN zn et al 2021

e Used hierarchical CNN to

£

Mext bou ncx

Sample
8

Spatial Caching Node
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f Input Quadtree Oy
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Mormalized
Photon Features
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deal with quadtree

Skip Links

Top-Level Feature
MD

(Z, )

Reconstructed Quadtree O

(c)

Zhu, Shilin, et al. "Hierarchical neural reconstruction for path guiding using hybrid path and photon samples." ACM Transactions on Graphics (TOG) 40.4 (2021): 1-16.

Renderer

(Fath guiding)
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MLP-Based Representation ivong et 203

« Estimate parameters of VMM through MLP
 Implicit representation helps solving parallax problem

O O(x) | | e _/ Wi

_— C.-[x]——/ (Glx)

Q0O
0000

a ¢ e —d Viw: | ©) =D Nwjlw; |, 55)
i=1
(1) Implicit Spatial Representation (2) Encoded Inputs (3) Decoder MLP (4) Decoded Parameters (5) Learned Parametric Mixture

Dong, Honghao, Guoping Wang, and Sheng Li. "Neural parametric mixtures for path guiding." ACM SIGGRAPH 2023 Conference Proceedings. 2023. 29
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