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I Monte Carlo light transport simulation
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I Monte Carlo path tracing (adjoint)
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Define the macroscopic shape

Surfaces: Triangle Mesh




Define the macroscopic shape

Surfaces: Triangle Mesh Volumes: Voxel Density Grid
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Define appearance
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Statistics at microscopic scale



Statistics at microscopic scale

BRDFs, microfacet models,

normal distribution functions



BRDFs, microfacet models,
normal distribution functions

150°

165°

180°

195°

210°

Statistics at microscopic scale

90°

75°
le2 60°

45°

1e0 30°

le-2

315°

300°
285°

270°

scattering + extinction coefficients,
ohase function (Mie, Henyey-Greenstein)




Two modeling scales

Surfaces Volumes

Shape e.g.triangles e.g. voxel grids

Appearance microfacet BRDFs coefficients, phase functions
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Different representations & equations

Surfaces Volumes

[Dupuy et al. 2013]

Transport egn. L:Lemi+J Dsca * Line d€2 (V-QL=X_L. +ZL.;— 2L
H?2

sca‘—sca abs ext

Shape e.g.triangles e.g. voxel grids
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Path tracing in Production: The Path of Water



Can we reason about
everything with one
representation &

equation?
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This talk: intuition + summary
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For math: see papers & chat with me
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A Unified Theory for Volumes, Surfaces and In-between
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A Unified Theory for Volumes, Surfaces and In-between
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Gaussian Process
Implicit Surfaces



Implicit Surfaces
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IAn Implicit Surface

P Zero level set

flz) =0

Implicit function

f(x)
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IAn Implicit Surface

P Zero level set =,

Implicit function Implicit surface

f(x)
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Gaussian Process
Implicit Surfaces



I Gaussian Distribution

f~N(p k)

Covariance

VC I_XIOSI\l/IjéleTING 24 DARTMOUTH

LAB Department of Computer Science

N

©



I Gaussian Distribution = Gaussian Process

f(@) ~ N(u(x), vz, "))
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f(@) ~ N(u(x), vz, "))
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I Any N points jointly distributed as N-D Gaussian
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Gaussian Process
Implicit Surfaces



I Implicit Surface

P Zero level set =

Implicit function Implicit surface

f(x) = u(x)
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I Gaussian Process Implicit Surface (GPIS)

_p Zero level set =

flz) =0

Implicit function Implicit surface

f(@) ~ N(pu(x), sz, z'))
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I Gaussian Process Implicit Surface (GPIS)

P Zero level set =,

g f(x)=0

Implicit function Implicit surface

f(@) ~ N(pu(x), sz, z'))
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I Gaussian Process Implicit Surface (GPIS)

P Zero level set =,

flz) =0

Implicit function Implicit surface

f(@) ~ N(pu(x), sz, z'))
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IA distribution of random surfaces

f(:l?) ~ N(,U(ZE), /ﬁ:(.’L‘, ZB,))
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I Light transport with one realization
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I Ensemble-averaged light transport

V—Y
"quenched disorder” 4(}5
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I Ensemble-averaged light transport

VA |
"quenched disorder” 4(}5 Rendering
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Appearance Space
of GPISes




I GPISes with different parameters

Covariance

JX) ~ W (%), k(X, X))
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I GPISes with different parameters

Covariance

JX) ~ W (%), k(X, X))

Surtace-like
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I GPISes with different parameters

Covariance

JX) ~ W (%), k(X, X))
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I GPISes with different parameters

Covariance

JX) ~ W (%), k(X, X))

Surface-like In-between Volume-like
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isotropic with

decreasing corr. length
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GPISes can approximate classical media

transmittance

GPIS
— (Classical

Volume-type GPIS

33



and include non-classical transport
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random porous media
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random heightfields
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GPISes include microfacet surfaces

Surface-type GPIS
Classical







Rendering GPISes




¥ How can we render GPISes?

Correlated “function-space”

sampling of f(x) ~ #(u(x), k(x, X))
at NV locations Xx;...Xy is expensive:
O(N)

— VISUAL
@ VClomgmne 43



¥ How can we render GPISes?

Correlated “function-space”

sampling of f(x) ~ #(u(x), k(x, X))
at NV locations Xx;...Xy is expensive:
O(N°)

Also: hard to design valid (PSD)
non-stationary covariance function «

@ \/C L 13




¥ How can we render GPISes?

Correlated “function-space”

sampling of f(x) ~ H (u(xX), K(x, X))
at NV locations Xx;...Xy is expensive:

O(N?)

Also: hard to design valid (PSD)
non-stationary covariance function «

And that’s just for one realization!
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I Convolution view of Gaussian processes
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I Convolution view of Gaussian processes
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I Convolution view of Gaussian processes

White noise Convolved process

Kernel h
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., VC Lgsh%l']TlNG 44 DARTMO UTH

eeeeeeeeeeeeeeeeeeeeeeeeee




I Convolution view of Gaussian processes

White noise Convolved process

Kernel h

aY
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I Convolution view of Gaussian processes

White noise Convolved process

Kernel h

aY

N(O, ) Positive semi-definite!
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I Procedural noise = Gaussian process

Sparse convolution noise Convolved process
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Procedural noise =

Gaussian process

Convolved process
-

N(O,h® h(xz,z"))
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I Procedural noise = Gaussian process

Sparse convolution noise Convolved process

g

Directly control covariance via h

Il
:

Evaluation time @O(/V) for V points

@ Naturally supports non-stationarity

Lewis 11986 1989] N(0,h® h(x,z"))
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¥ GPISes via Procedural Noise

Mean Procedural noise Single realization
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¥ GPISes via Procedural Noise

Mean Procedural noise Single realization
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IThe Mean Implicit Function
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IThe Mean Implicit Function
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8 Ray March a GPIS
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I A Single Realization
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I Ensemble-averaged Light Transport
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I Ensemble-averaged Light Transport
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Single realization Ensemble Average Microfacet model
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Single realization Ensemble Average Microfacet model
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Single realization



Quenched-disorder ensemble average



I Full realizations lock everything down
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Specular
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I Full realizations lock everything down

&

Can't trace shadow rays!
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I Compare to: specular microfacets

V1 4
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I Only lock down along the ray
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I Only lock down along the ray

Only need 1D noise evaluations: Faster!

L -
RS
3
v\
{ "
- N = - .~
. g
b, v )
‘ <8 N . o
. ol {
. ) .
R
B RN ,
i e 9
) & o
y, 2 g
.\ ! d % d
5 7 S
o 4 -
" N S 4 {
Ly ) . & A
~ORELE e o & o o~
{ &
ll‘ a'; A
R -, b N
[+
4
Y P ><,-—-‘ N
P al A\
B +3 ~_— = =
N - S e o Y
" " -
L N
. 4 6
D & g
s‘- > - b
N, T ., \
. o~
-
S &, )
i ’

DARTMOUTH

Department of Computer Science




I Still have a distribution of surfaces
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I Still have a distribution of surfaces
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Surface normal distribution? “\.
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I Distribution of normals
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I Distribution of normals

2D Gaussian ;o
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I Distribution of normals

2D Gaussian @

Gradient distribution .
of noise ',

<

| Surface normal |
| distribution |
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I Distribution of normals

2D Gaussian @

Gradient distribution .
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ITracing a Full Path
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ITracing a Full Path
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ITracing a Full Path
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Conditioning!
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I TraCing d FUII Path Conditioning via "pathwise updates”

[Journel and Huijbregts 1978, Wilson et al. 2020]

<§ Geostatistics Machine Learning
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<§ k‘ Geostatistics Machine Learning

@ \/C 55ipmme 70 DARTMOUTH

tttttttttttt puter Science



I TraCing d FUII Path Conditioning via "pathwise updates”

[Journel and Huijbregts 1978, Wilson et al. 2020]

<§ k‘ Geostatistics Machine Learning

@ \/C 55ipmme 70 DARTMOUTH

tttttttttttt puter Science



I MemOry m0de|5 Conditioning via "pathwise updates”

* [Journel and Huijbregts 1978, Wilson et al. 2020]

<§ “ Geostatistics Machine Learning
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I MemOry m0de|5 Conditioning via "pathwise updates”

* [Journel and Huijbregts 1978, Wilson et al. 2020]
:<< “ Geostatistics Machine Learning
\

Full memory: preserve
entire history of

correlations, but
conditioning cost grows
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I MemOry m0de|5 Conditioning via "pathwise updates”

* [Journel and Huijbregts 1978, Wilson et al. 2020]

<§ “ Geostatistics Machine Learning
\

Instead, can forget things

from long ago.

Renewal+
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Ensemble average



Single realization
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Equal-time (20 Mins)
Mean Squared Error

[Seyb et al. 2024]
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Equal-time (20 Mins)
Mean Squared Error

[ Xu et al. 2025] (1937x)



Equal-time (20 Mins)
Mean Squared Error

[Seyb et al. 2024] - [Xu et al. 2025] (1937x)
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§ What's next?

* | ots of interesting work remaining

- fturther theory, speed, inverse
problems, downstream tasks

e Applications in other domains?

- glacier science

- nuclear engineering, remote sensing?
Kehan Xu Eugene d’'Eon

Interested? Let's chat & collaborate! Thanks!
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