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Review for previous presentation

* “Microfacet Model and Material Appearance” by Hakyeong Kim
Microfacet theory

Surface light transg
» Assumption: Sui

« Surface normal .
[1] Multiple Scattering N

» Described by no . -
w_'th _the Smith MOd [2] A Two-Scale Microfacet Reflectance Model
Eric Heitz, Johannes Hanika, E

SIGGRAPH 2016 Combining Reflection and Diffraction
Nicolas Holzschuch, Romain Pacanowski, SIGGRAPH 2017
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Machine Learning in Rendering

1. Deep shading (2D frame based learning)

| Decomposition  Information of model as input, output actual full image
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» From position, normal information
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Preprocessing

s Diffuse components

Good Jarvis
(Know how to shade)
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From CheolMin’s slides From Saehun’s slides
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Nillic 1. Gross, J. Novak

by S. Kallweit, T. Mdller, B.

Slides and images from “Deep Learning for Light Transport” by Jan Novak, Disney Research




Remind previous presentation

Volume scattering process

Q: How do lights interact with volumes?

->P—=D—=D—D~>

(a) Absorption (b) Out-scattering (c) In-scattering (d) Ermisston
dL dL dL dL
T= m(Lew) T = —a(Lw) L= mLow) = Ha(X)Le(x,w)
i, - absorption s - scattering L. -in-scattered L. - emitted
. coefficient coefficient radiance radiance
\

Extinction coefficient )

A (X)L(%,w) 105 |y (x) = paalx) + a(x)

L(y.w) = [ e @)L(y,2)dm
A\- Phase function

From Hyunsoo's slides



Single scattering
1 minute




Up to 4 bounces

53 minutes




Up to 64 bounces

16 hours




Unconstrained transport

34 hours

INTERACTIVE???




Rendering Clouds

L(x,w) = f

0

oo

p(YIX) @ fs p(w|w) L(y, W)dwdy

Predict using a network

<
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Rendering Clouds

e Scattered direct illumination
 Estimated using MC



Rendering Clouds

e Scattered direct illumination
 Estimated using MC

e Scattered indirect illumination
 Predicted using NN



Radiance Predicting MLP

« Uses hierarchical stencil for sampling.
 for both local details and overall shape

e Feeds into the network.




Radiance Predicting MLP
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(a) PT reference (b) RPNN (ours) (c) PT  (d) RPNN (e) PT reference (f) RPNN (ours) (g) PT  (h) RPNN




Side-lit CLoup 3

Front-lit CLoup 4

Back-lit CLoup 1

(a) PT reference

(b) RPNN (ours)

(c) Flux-limited Diffusion

(d) PT reference

(e) RPNN



Bayesian online regression for adaptive
direct illumination sampling

Petr Vévoda, lvo Kondapaneni, and Jaroslav Krivanek

Render Legion, a.s.
Charles University, Prague
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Noise in MC Rendering
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Noise in MC Rendering

Non-adaptive samplmg
[Wang et al. 2009] -

Reference
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Noise in MC Rendering

Non-adaptive samp_li_ng_'__ s
[Wang et al. 2009] .- <= °

Adaptive sampling
Donikian et al. 2006]
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Direct lllumination

Less important —

Occluded
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Light Clustering




Direct [llumination
* Lx,w) = [, F(y » x> w)dy
*F(y»x->w)=L(y > x)B(y » x> w)lV(y & x)G(y © X)

. _ F(y—x-w) 4
(Lx,w)) p(ylxw) y *
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Probability Density Function

* p(ylx,w) = P(c|x)P(l|c)p(yll, w)
* P(c|x): selecting a light cluster c € C
* P(l|c): selecting a light Il € ¢, P(l|c) = D,/ Xy Py

» p(y|l,w): selecting a point y € I, using standard techniques in [Pharr
et al. 2016; Shirley et al. 1996].

* Only need to predict P(c|x).



Optimal Cluster Selection

1 F(y-x)"
 Var[(LeON = —LO0? + Seecros f, ao) g

(F(y-x)”
c P(l|c)p(y|D)

F(y—x)
P(llc)p(y|l)

emy. = |, dy: second moment of (L.(x)) =

¢ P, (c|x) o \/L2(X) + Var[{L.(x))]



Bayesian Online Regression

 D: training data
e 0. parameters
* p(D|8): a model describing the likelihood of D given 8

« Maximum likelihood (ML) estimate
« Finding 8 maximizing p(D|8)
» Prone to overfit when data is scarce
« Gives poor approximations in early stages of rendering

 Maximum a posteriori (MAP) estimate
* Finding 8 maximizing p(6|D) « p(D|8)p(H)
 More robust than ML estimate



Bayesian Online Regression

¢ & = &, = éC0S
azxy)Plcpl) " ¥ X

» Data D consists of tuples (&;,d;).

* p(D16) =17 p(éxild:, 6)

+ p(éx1d,8) = 86 Ipo + (1 = poIN (&l 25, 35)
* 0 = (po, k, h)

* p(6) = B(polNo, Ny )N = I'*(k, hlo, N, No, B)




Bayesian Online Regression
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Summary

o Light preprocess (clustering)

* During each Next event estimation:
« Obtain cached clustering.
« Compute distributions of estimates for each cluster. (mean, variance)
e Build distribution over clusters.
« Sample direct illumination.
« Record new data for sampled cluster.




Results

(a) Proportional (b} Scalable {c) ML (overfitting) {d) MAP for mean

RMSE 0.0124 RMSE 0.0057 RMSE 0.0096 RMSE 0.0045
AT R r. ¥ =

L

Reference {h) g + control variate {Ours) (g) f + visibility model (f) & + regression {e) d + MAP for variance
RMSE 0.0030, 3.6x speedup RMSE 0.0031 RMSE 0.0035 RMSE 0.0037
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esults

Reference

Living room
Fs |j T’

Scalable Donikian et al. Ours Refarence Scalable . Donikian t'al. Dl..'llrs
(0.0014) (0.000074) (0.000062, 510x) (0.0347) (0.0119) (0.0114, 9.3x%)
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Thank you!

Any questions?



Quiz

Fill in the blanks with words in the box. (a) Direct
(b) Indirect
(c) Diffuse
(d) Specular
1. In "Deep Scattering ..." paper, scattered ( ) llumination

Is predicted using a neural network.

2. In "Bayesian online regression ..." paper, authors aim to
reduce noise in ( ) llumination with Bayesian online
learning.
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