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FORWARD VS. INVERSE RENDERING " Sl6GRAPH }llé%lﬁﬂ

Rendering

—_—

y = f(x)

Inverse rendering

,‘\e\\ .

Geometry, materials, emitters, ... -

Scene: "bed classic" from jiraniano
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INVERSE RENDERING IN COMPUTER VISION OSIGGRAPHEQ{,NHIM

OpenDR: an Approximate
Differentiable Renderer Neural 3D Mesh Renderer Unsupervised Geometry-Aware Representation for
[Loper et al. 2014] [Kato et al. 2017] 3D Human Pose Estimation
[Rhodin et al., 2016]

i:FF
(a) ground truth (b)c = 0.01
Soft Rasterizer: Differentiable Rendering for HoloGAN: Unsupervised Learning of 3D BlockGAN: Learning 3D Object-aware Scene
Unsupervised Single-View Mesh Reconstruction Representations From Natural Images. Representations from Unlabelled Images
[Liu et al. 2019] [Nguyen-Phuoc et al. 2019] [Nguyen-Phuoc et al. 2020]
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PHYSICS-BASED INVERSE RENDERING OIGGRAPH Hk.

Focus on inverse rendering for realistic functions f(x)

Global illumination, complex materials, participating media,
polarization, color spectra, efc.
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SHAPE & MATERIAL RECONSTRUCTION 7 SIGGRAPH

2020 52020.51GGRAPH.ORG

Target Target

Target Target

Reparameterizing discontinuous integrands for differentiable rendering [Loubet et al. 2019]



CAUSTIC DESIGN 72 SIGGRAPH i

Optimized geometry  Projected caustic

A\

Schwartzburg et al. 2014 Directional area hght
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RIAL DESIGN

Mitsuba 2: A Retargetable Forward and Inverse Renderer [Nimier-David et al. 2019]



(META-) MATERIAL DESIGN

Mitsuba 2: A Retargetable Forward and Inverse Renderer [Nimier-David et al. 2019]



FABRICATION: 3D PRINT OPTIMIZATION ‘-~ SIGGRAPH [t
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Elek et al. 2017 : T niform illumination
\ /
Y 4
~» View—— s
N &

P

N

~

Target Naive print Optimized albedo voxels
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Mitsuba 2: A Retargetable Forward and Inverse Renderer [Nimier-David et al. 2019]

Reference: diffuse surface texture



WHY DIFFERENTIABLE RENDERING - Jl6GRAPH Hwﬁﬂ

Integrating physics-based rendering into machine learning & probabilistic inference pipelines

Inverse subsurface scattering [Che et al. 2020]

Ot

; 1

1mage encoder parameters differentiable renderer 1mage

Utilizing image loss (provided by a volume path tracer) to regularize training

Use the trained encoder to solve inverse problems during testing
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DIFFERENTIABLE RENDERING MAKES RENDERING FASTER - S|6GRAPH ﬁﬂ"ﬂ'ﬁn

Derivatives reveal neighborhood information of light paths
useful for interpolation & guiding samples

light

T ——

irradiance gradient path&iﬁerentials - H2MC Langevin MC
[Ward 1992] [Suykens and Williams 2001]  [Lietal. 2015] [Luan et al. 2020]
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BEYOND GRAPHICS: A WORLD OF APPLICATIONS ‘- SIGGRAPH

Many disciplines rely on understanding or controlling the behavior of light in images or other kinds
of measurements.

Floor12

Dﬂ}" ight Floor B A.nl'luﬂl Sun Iight /

Autonomy sl s Exposure y;
>300 lux hours =1000 lux
: oG
3 ' /
Sl ] Floor 5 B =250 /
100% S| Fioor 250
t-_'? 1 Floor 3

oor 2

IWSP USAl.

o

[Solar Carve Tower - Studio Gang]
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Cangeht rendering



OBJECTIVE FUNCTION (A.K.A. “LOSS"”)  “~SIGGRAPH [t

S\ s ) =

Rendering Target

Scene parameters

/
The problem: minimize g

"/ \

Objective Rendering algorithm
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DIFFERENTIABLE RENDERING

7~ SIGGRAPH

The problem: mmlmlze g( f(x (x))

X

- meshes

- material (BSDF) parameters
- textures, etfc.
- parameters of procedural models

fX)

—

- volumes, light sources, ...
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[HINK
BEYOND
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DIFFERENTIABLE RENDERING 7 SIGGRAPH 2.

The problem: minimize ¢(f(x))
XEX

f)
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DIFFERENTIABLE RENDERING 7 SIGGRAPH 1.

C Vector ( Matrix )

: By CHAIN RULE
0X




DIFFERENTIABLE RENDERING JIGGRAPH .

B_z .0z | dy
ox Jdy OX
Challenges

1. Differentiating f

2. Matrix multiplication

3. Efficiency?

4. How to deal with edges?

IIIIIIIIIIII



HOW TO DO THIS (AT ALL?) - JIGGRAPH i,

useless accuracy

Use finite differences!

dy f(x+ee;)—f(x—ee) “#

— 10 14

axi 2¢€

10-1°
10 16 1012 10 °® 104 10

[Wikipedia]

Potential problems:

- Bad approximation (big ), rounding error (small )

- Need to correlate Monte Carlo samples

- Extremely slow when many there are many parameters.
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AUTOMATIC DIFFERENTIATION S|6GRAPH H%‘h"

K 9

f(x) _’AD x

(%)
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ISSUES WITH AUTOMATIC DIFFERENTIATION (AD)

hsum [s]
#628 [E/I: 0/1]

mul
#627 [E/I: 0/1]

sub
#626 [E/I: 0/1]

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE

add
#624 [E/I: 0/1]

gather
#622 [E/I: /1]

gather
#623 [E/I: 0/1]

scatter_combine
#618 [E/I: 0/1]

scatter_combine
#621 [E/I: 0/2]

scatter_add
#620 [E/I: 0/1]

INTRODUCTION

S|GGRAPH

[HINK
BEYOND

mul
#616 [E/I: 0/1]

scatter_add
#617 [E/I: 0/1]

mul

scatter_add

#614 [E/17 0/1] #613 [E/I: ©/1]

scatter_combine
#612 [E/I: 0/1]

scatter_combine
#615 [E/I: 0/1]

scatter_add
#608 [E/I: 0/1]

scatter_combine
#606 [E/I: 0/1]

mul
#607 [E/I: 0/1]

scatter_combine
#609 [E/I: 0/1]

scatter_add
#605 [E/I: 0/1]

scatter_combine
#603 [E/I: 0/1]

mul
#610 [E/I: 0/1]

mul
#619 [E/I: @/1]

al
=

mul
#604 [E/I: 0/1]
scatter_combine
#600 [E/I: 0/1]

scatter_add
#602 [E/I: 0/1]

mul
#598 [E/I: 0/1]

scatter_add
#599 [E/I: 0/1]

scatter_add
#596 [E/I: 0/1]

scatter_combine
#597 [E/I: /1]

scatter_combine

#594 [E/I: 0/1]

mul
#601 [E/I: 0/1]

mul
#595 [E/I: 0/1]

scatter_add
#590 [E/I: 0/1]

scatter_combine scatter_combine
#591 [E/I: 0/1] #588 [E/I: 0/1]

scatter_add
#593 [E/I: o/1]

mul
#592 [E/I: @/1]

mul
#589 [E/I: 0/1]

scatter_add
#587 [E/I: 0/1]

scatter_combine
#585 [E/I: 0/1]

INTRODUCTION



WHY IS DIFFERENTIABLE RENDERING DIFFICULT SIGGRAPHE'E%'&"

Precautions must be taken to ensure correctness
Symbolically differentiating a Monte Carlo estimator path tracer does not always work!

Example 1: Distributional parameters

Estimate J f(4,x)dx Estimate —J' f(4,x)dx = J —(4, x)dx
) da J, , 02
(Single-sample) Monte Carlo estimator: Il: (Single-sample) Monte Carlo estimator:
Draw x ~ Exp|[4] Draw x ~ Exp[A]
f < f4.x) e L)
P < /16_/1)C D« /le—/lx
Return f/p

Return f'/p
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WHY IS DIFFERENTIABLE RENDERING DIFFICULT SIGGRAPHE'E%'&"

Precautions must be taken to ensure correctness
Symbolically differentiating a Monte Carlo estimator path tracer does not always work!

Example 1: Distributional parameters,

| * ' f(2, %) od (" ' 9 fA,x)
Estimate f(4,x)dx = dé Estimate — | f(4,x)dx = dé
0 0o A da J, o 0N AL
(Single-sample) Monte Carlo estimator: :1I> (Single-sample) Monte Carlo estimator:
J < (4, %) J <4, x)
p «— le™ p «— le™

Return f/p Return
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WHY IS DIFFERENTIABLE RENDERING DIFFICULT

Precautions must be taken to ensure correctness

Symbolically differentiating a Monte Carlo estimator path tracer does not always work!

7

Example 1: Distributional parameters

* 0
—f(/l, x)dx
oA

d J’ =
Estimate —
da J,

f(4,x)dx = J

0

(Single-sample) Monte Carlo estimator:

Draw x ~ Exp|[4]

, o
f e ()
—AX

p < Ae
Return f'/p

; Whether to differentiate the sampling and l‘
the pdf should be consistent!
)

_—— = = e e — — —— —— P ) = — = == =

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION

f < fa
p < /e

Return

Estimate —

d/

(Single-sample) Monte Carlo estimator:

, X)
—Ax

[HINK

SIGGRAPH 1.

' 0 f(4,x) |

f(4,x)dx = J YR

S

INTRODUCTION



WHY IS DIFFERENTIABLE RENDERING DIFFICULT SIGGRAPHE'E%'&"

Precautions must be taken to ensure correctness
Symbolically differentiating a Monte Carlo estimator path tracer does not always work!

Example 2: Discontinuities

1 1
. . d
Estimate J x<p?1:05)dxwithO<p<1 Estimate d_,[ x<p?1:05)dxwith0<p<
0 P Jo
(Single-sample) Monte Carlo estimator: (Single-sample) Monte Carlo estimator:
Draw X ~ U[O, 1) > Draw X ~ U]0, 1)
Retun X <p ?1:0.5 Returnd(X < p ?71:0.5)/dp
Ground-truth: Ground-truth:
"1 r'p r'l 1 f'l
x<p?1:05)dx=]| dx+ | 0.5dx= TP i x<p?1:05)dx= d 1+p=l
JO JO Jp 2 dp Jo dp 2 2

//" S e = SErT—————————————
i More on this example later

. e e e e — == —— = — —
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COURSE OUTLINE 7 SIGGRAPH it
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Basics State-of-the-art theories Implementation
and algorithms details
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DIFFERENTIATING (RENDERING) PROGRAMS '~ Sl6GRAPH Ellé%lﬁll

a crash course on automatic differentiation
differentiating discontinuities in rendering
discussions & limitations

auto scatter_contrib = Vector3{e, 0, 0};
auto scatter_bsdf = Vector3{a, @, 0};
(bsdf_isect.valid()) {
auto &bsdf_shape = scene.shapes[bsdf_isect.shape_id];
auto dir = bsdf_point.position - p;
auto dist_sq = length_squared(dir);
auto wo = dir / sqrt(dist_sq);
auto pdf_bsdf = bsdf_pdf(material, shading_point, wi, wo, min_rough);
(dist_sq > 1le-20f && pdf_bsdf > 1le-20f) {
auto bsdf_val = bsdf(material, shading_point, wi, wo, min_rough);
(bsdf_shape.light_id >= 8) {
auto &light = scene.area_lights[bsdf_shape.light_id];
(light.two_sided || dot(-wo, bsdf_point.shading_frame.n) >
auto light_contrib = light.intensity;
auto light_pmf = scene.light_pmf [bsdf_shape.light_id];
auto light_area = scene.light_areas[bsdf_shape.light_id];
auto inv_area = 1 / light_area;
auto geometry_term = fabs(dot(wa, bsdf_point.geom_normal)
auto pdf_nee = (light_pmf % inv_area) / geometry_term;
auto mis_weight = Real(1l / (1 + square((double)pdf_nee /
scatter_contrib = (mis_weight / pdf_bsdf) * bsdf_val x lig
}
I3
scatter_bsdf = bsdf_val / pdf_bsdf;
next_throughput = throughput * scatter_bsdf;

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION BASICS



A CRASH COURSE OF AUTOMATIC DIFFERENTIATION " SI6GRAPH i

automatic differentiation v.s. symbolic differentiation

function f(x):

result = x
for 1. = 1 to 8:
result = exp(result)

return result

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



A CRASH COURSE OF AUTOMATIC DIFFERENTIATION " SI6GRAPH i

automatic differentiation v.s. symbolic differentiation

symbolic differentiation (37 exponents):

ee ee ex X
df () — ex+eeee +eeee +eeee +eeee +eeex+e€x+ex
function £ (xX): dx
result = x
for 1 = 1 to 8:
result = exp(result)

return result

PHYSICS-BASED DIFFERENTIABLE RENDERIN G: ACOMPREHEN SIVE INTR ODUCTION BASICS



A CRASH COURSE OF AUTOMATIC DIFFERENTIATION " SI6GRAPH i

automatic differentiation v.s. symbolic differentiation

symbolic differentiation (37 exponents):

X

df () — ex+eeee +eeee +eeee +eeee +eeex+e€x+ex
function f (x): dx
result = x
For 4 = 1 to 8- forward-mode automatic differentiation
result = exp(result) (8 exponents);
retlirn result function d f (x):
result = X
d result = 1
for 1 = 1 to 8:
result = exp(result)
d result = d result * result

return d result

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION BASICS



A CRASH COURSE OF AUTOMATIC DIFFERENTIATION " SI6GRAPH i

kKey Idea: chain rules, but applied In a smart way

N R
[
Q Hh
< X
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A CRASH COURSE OF AUTOMATIC DIFFERENTIATION " SI6GRAPH i

kKey Idea: chain rules, but applied In a smart way

N
[
Q +h
< X
=-

1
|
|
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MENTAL MODEL: COMPUTATIONAL GRAPH "= SIGGRAPH i

y = 1 (X)

z = g(y)
ay az
dx dy

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



MULTIVARIATE EXAMPLE S|6GRAPH H%‘ﬁ"

f(x0, x1)
g(y)

N R
I

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



MULTIVARIATE EXAMPLE S|6GRAPH H'Y'Hﬁ"

y = £(x0, x1) 0z _ 929y
7 = g(y) aX() aan()

X0 |« TN
—=E

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



MULTIVARIATE EXAMPLE 7 SIGGRAPH 1t

v = £ (x0, x1) oz 0z 0y
/. — ( ) a.X() ay aXO
o 0z 0z dy

Ox 8 ox

# Z

SSSSSS



MULTIVARIATE EXAMPLE S|6GRAPH HE%'&"

Vo= f(xO x1) oz 0z 0y
> = V) 8x0 0y 0Xx;
dz B 82 dy

Q 0x1 dy 0X1

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

can be factored out and be only computed once!



AUTODIFF = A PATH FINDING PROBLEM OIGGRAPH Hk.
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AUTODIFF = A PATH FINDING PROBLEM OIGGRAPH Hk.
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AUTODIFF = A PATH FINDING PROBLEM OSlﬁﬁRAPH}]ﬂ"ﬂ'ﬁ"

2020 352020 .OIGGRAPH.ORG
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AUTODIFF = A PATH FINDING PROBLEM OSWGRAPH}]*["Y""%
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = SIGGRAPH THINK
A GREEDY PATH FACTORIZATION ALGORITHM BEYOND
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = o SIGERAPH THINK
A GREEDY PATH FACTORIZATION ALGORITHM BEYOND

07
0 WO
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = SIEGRAPH THINK
A GREEDY PATH FACTORIZATION ALGORITHM BEYOND

07 07 O 07 O0x
_ %2 9y 0z ox

aW() B G_yo aW() 8_)6 aW()
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REVERSE-MODE AUTOMATIC DIFFERENTIATION = SIGGRAPH THINK
A GREEDY PATH FACTORIZATION ALGORITHM BEYOND

aZ B aZ ay() dZ 0x

oW B 6_y0 owy | 0x dwy
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REVERSE-MODE AUTOMATIC DIFFERENTIATION PRODUCES SIEGRAPH THINK
EFFICIENT GRADIENTS BEYOND

gradient complexity: number of edges * constant
same as directly computing the function (“cheap gradient principle™)

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION BASICS



TRANSFORMING LOOPS WITH REVERSE MODE ‘- dl66RAPH },'g%

remember every intermediate values in the forward pass, then run the loop backward
also works for recursion
unbounded memory usage

(x) :

function d_:

function £ (x): result = x

result = x results = []
for i = 1 to 8: > for i = 1 to 8:
result = exp(result) resu;vs.push(resu;:)
return result result = exp(result)
for 1 = 8 to 1:
d results = d result *

exp (results|[1])
return result

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION BASICS



SOURCE TRANSFORM V.S. TAPING SIGGRAPH it

a spectrum: how much is done at compile time
similar to (tracing) JIT v.s. static compile

source transform
function £ (x): —_—

function d f (x):

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



DIFFERENTIATING CONDITIONALS 7 SIGGRAPH i

1t (hit the red triangle)
return red

eli1f Chit the blue triangle)
return blue

else
return white

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



DIFFERENTIATING CONDITIONALS 7 SIGGRAPH i

1f (hit the red triangle)
return red

eli1f Chit the blue triangle)
return blue

else
return white

derivative of color w.r.t. triangle vertex is O

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



DIFFERENTIATING CONDITIONALS 7 SIGGRAPH i

1f (hit the red triangle)
return red

eli1f Chit the blue triangle)
return blue

else
return white

derivative of color w.r.t. triangle vertex is O
oris it?

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



RENDERING = COMPUTING INTEGRALS OSlﬁﬁRAPH}]*["YN"'fm

pixel color is defined by the average color over an area

aka anti-aliasing
pixel filter support

|
“I ...
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RENDERING = COMPUTING INTEGRALS OSWGRAPH{]*["YN"'&"

pixel color is defined by the average color over an area

aka anti-aliasing shutter time camera aperture
(motion blur) (defocus blur)

pixel filter support

|
“I ...

]
.......
.....
““““““
e®

e

.
“‘
Y

wavelength
area light global illumination participating media

and more!

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION BASICS



THE RENDERING INTEGRALS ARE DIFFERENTIABLE! - SIGGRAPH It

While the integrand is discontinuous, the integral is differentiable!
the average color changes continuously as triangles move

pixel filter support

o, 1f (hit the red triangle)
return red

elif (hit the blue triangle)
return blue

else
return white

more blue,
less white

]
O %
N ||
°® L J
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RENDERING = SAMPLING INTEGRALS 7 SIGGRAPH

We evaluate these integrals by sampling them

more blue,
less white

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION @8 . BASICS



7 [HINK
DIFFERENTIATING INTEGRAL SAMPLES < olGRAPH 7,

GIVES WRONG DERIVATIVES

ENy
o * ¥y

00‘ e é)
more blue, o _ O
less white ot ‘ —
A o’ op

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION @8 . BASICS



KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES ‘- SIGGRAPH

2020 52020.5166RAPH.ORG

s LERy,
o’ Yo

.0
more blue, %

less white
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES ‘- SIGGRAPH

2020 S2020.SIGGRAPH.ORG
0
é) °

— more blue, %
a less white

s LERy,
o’ Yo
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES ‘- SIGGRAPH

0

— more blue,
a less white

|
“" ",
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES ‘- SIGGRAPH

0 ’

— more blue, %
a less white

gL BNy,
“‘ v,
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LET’S DERIVE THE DERIVATIVES IN 1D OIGGRAPH Hk.

(the blue area)
x=1

Y x <p?1:0.5
x=0

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



LET’S DERIVE THE DERIVATIVES IN 1D OIGGRAPH Hk.

(the blue area)

. x=1
y derivative w.r.t. p =
this purple infinitesimal area X <p ?21: 0.5
(0.5 dp)
x=0

P

-

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



LET’S DERIVE THE DERIVATIVES IN 1D OIGGRAPH Hk.

Trick: move the discontinuities to the integral boundaries

(the blue area)
x=1

Y x <p?1:0.5
x=0

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



LET’S DERIVE THE DERIVATIVES IN 1D OIGGRAPH Hk.

Trick: move the discontinuities to the integral boundaries

(the blue area)
x=1

Y x <p?1:0.5
x=0
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SIGGRAPH 1.

x=1
J X <p 721 : 0.5

x=0

DISCONTINUITY DERIVATIVES =
DIFFERENCES AT DISCONTINUITIES

(derivative of blue area w.r.t. p)

P a X= x=1
e e
ap x=0 xX=

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS



[HINK
DISCONTINUITY DERIVATIVES = SlWGRAPH i

DIFFERENCES AT DISCONTINUITIES

0

0
A
“the Leibniz’s integral rule” Z

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION — BASICS
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DISCONTINUITY DERIVATIVES = SlWGRAPH i

DIFFERENCES AT DISCONTINUITIES
Interior derivative

0

0
) |5 +
2[: fo=f

boundary derivative
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GENERALIZE TO 2D 7 SIGGRAPH it
Interior derivative

P
op

op

Reynolds transport theorem
[Reynolds 1903]
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GENERALIZE TO 2D 7 SIGGRAPH it
Interior derivative

P
op

op

Reynolds transport theorem
[Reynolds 1903]
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2020 $2020.51GGRAPH.ORG

* boundary derivative = infinitesimal volume change w.r.t. parameter
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DERIVING THE 2D BOUNDARY DERIVATIVE -~ SIGGRAPH }]*["Y'ﬂh"

2020 52020.51GGRAPH.ORG

* boundary derivative = infinitesimal volume change w.r.t. parameter

3D view around the purple sample
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DERIVING THE 2D BOUNDARY DERIVATIVE -~ SIGGRAPH IIJ}EHYI{I%HI

2020 52020.516GRAPH.ORG

* boundary derivative = infinitesimal volume change w.r.t. parameter

rnnnns

red - blue

anndp

3D view around the purple sample
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DERIVING THE 2D BOUNDARY DERIVATIVE = SIGGRAPH it

V — boundary movement w.r.t. param

ox A

n-yv
(width)




THE INFINITESIMAL BOUNDARY VOLUME SIGGRAPH 11t
A V

{«dt=[(f_—f+)(n-v)dt Yy .

height width length

red - blue *
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RECAP 7 SIGGRAPH .

RENDERING = COMPUTING INTEGRALS

shutter time camera aperture
(motion blur) (defocus blur)
pixel filter support
e B "Ny, 4 L e T
. a0, A& [ e e
.‘ o**
wavelength
area light global illumination transmittance
and more!
g B
, x .."n. ““0"
.’0 : .".. 0‘
e [ ....‘
e " Ty,
e & o ‘.‘
¢ N & "
.. ““
_‘_ _L
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While the integrand is discontinuous, the integral is differentiable!
the average color changes continuously as triangles move

more blue pixel filter support

less white
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DIFFERENTIATING INTEGRAL SAMPLES
GIVES WRONG DERIVATIVES

ENy
o * ¥y

00‘ e é)
more blue, o _ O
less white ot ‘ —
A o’ op
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KEY IDEA: EXPLICITLY INTEGRATE THE BOUNDARIES

sREEN,
* S

\ g

L 4

\ g
4

more blue, K
less white <

A

‘ >
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RECAP 7 SIGGRAPH .
Interior derivative

P
op

op

Reynolds transport theorem
[Reynolds 1903]

u |
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DISCUSSION SIGGRAPH .

Ray tracing vs rasterization
Approximated solutions
Geometry representation

Limitations
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RAY TRACING VS RASTERIZATION 7 SIGGRAPH i

* The boundary sampling is not very compatible with z-buffer rendering

EDEEP”
® O
® O
9
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RAY TRACING VS RASTERIZATION 7 SIGGRAPH i,

Ray tracing is not significantly slower than rasterization
The interior derivatives can be computed using rasterization

from Gruen 2020

1080p, ~19M triangles

raster: 2.7 ms

raytrace: 8.6 ms (2.5 ms for animation)
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RAY TRACING VS RASTERIZATION -~ Jl6GRAPH H%ﬁlﬂ

Ray tracing is not significantly slower than rasterization
The interior derivatives can be computed using rasterization
Visibility queries may not be the main bottleneck

from Gruen 2020 ~10k faces, 256x256 (Titan Xp)
1080p, ~19M triangles PyTorch3D (raster) 220ms
raster: 2.7 ms redner (raytrace) 60ms

raytrace: 8.6 ms (2.5 ms for animation) (BVH 20ms, forward 7ms, backward 2/7/ms)
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RAY TRACING VS RASTERIZATION S|6GRAPH Illfl%lﬁ[l

23823 vertices, 44702 faces

1024x1024 at 2 spp (Titan Xp)
forward + backward

Ray tracing + edge sampling:
0.05—0.1 sec

PyTorch3D:
0.15 sec

initial target
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RAY TRACING VS RASTERIZATION S|6GRAPH HE'Y%I]

23823 vertices, 44702 faces

initial edge sampling abs. error
optimization video
(1 view over 20)
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RAY TRACING VS RASTERIZATION S|6GRAPH }llé%lﬁll

23823 vertices, 44702 faces

initial ' PyTorch3D . abs. error
optimization video
(1 view over 20)
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RAY TRACING VS RASTERIZATION S|6GRAPH IT]ﬂ!Nﬂlﬁll

Optimization results after 5000 iterations (with identical settings)
Low High

optimized (ray tracing) target optimized (PyTorch3D)
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APPROXIMATED SOLUTION SIGGRAPH it

Our boundary integral is correct, i.e., when the number of samples grows it
converges to the integral.

Two other kinds of approximation:

Keep the rendering model, approximate the derivatives (de La Gorce 2011,
OpenDR 2014, Kato 2018, ...)

Change the rendering model
(Rhodin 2015, SoftRas 2019, PyTorch3D 2020...)

Blend closest K faces Consider faces which
in the Z direction fall within a blur radius

— . Kato 2018

PyTorch3D [Ravi 2020]
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GEOMETRY REPRESENTATION S|6GRAPH H%‘ﬁﬂ

Need boundary extraction — easier for meshes, harder for
implicit representations and fractals

point cloud

fractal

Control
Polygon

iy 4 e e e images courtesy of

- ./ Py B Carlson et al., Vladsinger,
control roint Y T Agarwal et al,
N et Pso, Solkoll, Zottie,
Drummyfish
NURBS B-rep SDF y
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LIMITATIONS 7 SIGGRAPH it

2020 52020.516GRAPH.ORG

- Non-differentiability of parallel edges of two separate triangles
—can be resolved by applying a small perturbation to the vertices

cannune

P R
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2020 52020.3516GRAPH.ORG

> Non-differentiability of parallel edges of two separate triangles
—can be resolved by applying a small perturbation to the vertices
* Interpenetration

need to extract this edge
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LIMITATIONS SIGGRAPH it

Non-differentiability of parallel edges of two separate triangles

can be resolved by applying a small perturbation to the vertices
Interpenetration

If/else conditions in procedural shaders (bitmap texture is 100% fine)

+ O

4 Shader Inputs
nN+=+

p=fract(p
if(neighbors/me
if(n==0) return C(fract(p
if(neighbors|u]&&neighbors|d
float o = T(p,0.
if(neighbors|l])o+=EL(p+vec?2 177

if(neighbors r])o+=EL(p-vec2(.1
return o

5,0),0.
5,0),2.

if(neighbors|l]&&neighbors|r

floato=T(p,]1.
if(neighbors|u|))o+=EL(p-vec2(0,.25),1.
if(neighbors|d | )o+=EL(p+vec2(0,.25),3.
return o
K Il 584 60.0fps 800 x 450 o @ <4 I L . . .
if(neighbors|u &&!neighbors|d]&&!neighbors|1]&&!neighbors|r
Ancient Symbols = 95 float o = EL(p-vec2(0,.3),1.
Views: 44, Tags: procedural, noise, random, fonts, symbols Created by BackwardsCap in 2020-07-29

if(neighbors|dl]) o+=CL(p-vec2(.175),7.
if(neighbors dr|) o+=CL(p-vec2(-.175,.175),5.

What could they mean?
return o

Any advice on fixing the inconsistency on the connecting edges when you resize the screen would be very welcome

if(neighbors|d]&&!neighbors u]&&!neighbors|1]&&!neighbors|r

Comments (4) float o = EL(p+vec2(0,.3),3.

Sign in to post a comment. /bl e TN . P e oA AT AN A
} Compiled in 0.1 secs (analyze) 3778 chars S wv|l ?

[ | Exanncia 20IN_N7.70
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https://www.shadertoy.com/view/wl2yDc
https://www.shadertoy.com/view/wl2yDc

LIMITATIONS SlGGRAPH 1t

BEYOND
Non-differentiability of parallel edges of two separate triangles
can be resolved by applying a small perturbation to the vertices
Interpenetration
If/else conditions in procedural shaders (bitmap texture is 100% fine)
Local minimum
107 =2t —
L, =
0 Ot2 0.‘4 0?6 O.L8 1
v
(a) original objective function L (b) modified objective function L William 1963

Kawaguchi and Kaelbling 2019
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THEORY &
ALGORITHMS
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DIFFERENTIABLE RENDERING THEORY & ALGORITHMS " Sl6GRAPH it

Warm-up: differential irradiance

Differentiable path tracing with edge sampling
Differential radiative transfer

Another way of dealing with discontinuities
Radiative backpropagation

Path-space differentiable rendering
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WARM-UP: DIFFERENTIAL IRRADIANCE SIGGRAPH i,

Je(@)

rm—
Irradiance at X: FE = J L(w) cos do(w)
H2



WARM-UP: DIFFERENTIAL IRRADIANCE -~ SIGGRAPH 1kt

- emitter size fr(w)

High

F(@) Interior integral = (0

(——— emm— Reynolds dE de
J > J d—(w) do(w) + [ Vap(@) Afg(w) dZ (@)
H? p2 G oH?2
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WARM-UP: DIFFERENTIAL IRRADIANCE -~ SIGGRAPH 1kt

- emitter size fr(w)

Scalar normal “velocity” of @

dw
V(@) = <n(a)), d—ﬂ>

Difference of the integrand f
across the boundary

Af(@) = fz (@) — (@)

S ___ General result

fE(w) i Inter}or integal | | ‘ \ \

— e Reynolds ' dE de :

E = J L(w) cos do(w) > — = j —(w) do(w) + [ Vap(@) Afg(w) df (w) ‘
H? dz  Jgp dr OH? )

——e——— e ———— — — — e — — — — — _ — P e ——
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DIFFERENTIAL RENDERING EQUATION OIGGRAPH Hk.

fE(m) Interior integral
— e Reynolds dE de
E = J L(w) cos fdo(w) > — = J —(w)do(w) + [ V(@) Afp(w) d (w)
H?2 dz  Jyp d7 OH?
This can be generalized easily to obtain the differential rendering equation:
JRe(@;)
Rendering
equation Llw,) = Lz L(w,) | @;, ®,) do(@;) + L (@)
Reynolds
_ | | _ ~ — —
co ~ Interior integral ? " Boundary integral -
' Differential d d d
| rendering —L(w,) = [ — frp(®;) do(w;) + J Vi) Afpp(w,) df (w;) + —L (@)
\ equation Y7 S2 dz 9S2 drm

e _ = — e — e — —— e —_— — - — — _— ——



SOURCES OF DISCONTINUITIES SIGGRAPH 1t

Assumptions:

No zero-measure (point and directional) lights
No perfectly specular surfaces

Continuous BSDFs

T — ————————————
bk These limitations are largely practical and can be easily mitigated \’

- — — — — - - = — — = = e == —— _— _
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SOURCES OF DISCONTINUITIES 7 SIGGRAPH i,

Boundary edges Sharp edges Silhouette edges

(Topological) boundary of an object Surface-normal discontinuities View-dependent object silhouettes
(e.g., face edges)
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING - SIGGRAPH [,

Path tracing can be generalized to estimate L and dL/dx jointly

— = _ _ s _ . — =—_ _ — ——— P

[ Jre(@;) ’
Rendering | ‘ \ *
equation Lw,) = sz(wp w,) L(w;) do(w;, ) ‘ L. (w,)

Interior integral

/// o
|
[
i
?
[ J\ S
\

Standard pathtracmg

Differential d 1 d
rendering —L(w,) =|| — frp(®;) do(w; ) [ Vie(®,) Afrp(®;) d€ (w;) + —L (@)
equation 47 , dr s drx
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING - SIGGRAPH [,

Differentiable Monte Carlo Ray Tracing through Edge Sampling

TZU-MAO LI, MIT CSAIL

MIIKA AITTALA, MIT CSAIL

FREDO DURAND, MIT CSAIL

JAAKKO LEHTINEN, Aalto University & NVIDIA

Differentiable Monte Carlo Ray Tracing

Lo through Edge Sampling

(f) cur fitted result

(a) initial guess (b) real photograph  (c) camera gradient (d) table albedo gradient (e) light gradient

(per-pixel contribution} (per-pixel contribution) (per-pixel contribution)

Fig 1. We develop a general-purpose differentiable renderer that is capable of handling general light transport phenomena. Our method generates gradients
with respect to scene parameters, such as camera pose (c), material parameters (d). mesh vertex positions, and lighting parameters (e}, from a scalar loss
computed from the output image. (¢} shows the per-pixel gradient contribution of the L- difference with raspect to the camera moving into the screen. (d)

shows the gradient with respect to the red channel of table albedo. (€) shows the gradient with respect to the green channel of the intensity of one light source.
As one of our applications, we use our gradient to perform an inverse rendering task by matching a real photograph {b) starting from an initial configuration
(a) with a manual geometric recreation of the scene. The scene contains a fisheye camera with strong indirect illumination and non-Lambertian materials. We
oplimize for camera pose, malerial paramelers, and light source intensily. Despile slight inaccuracies due Lo geomelry mismalch and lens distortion, our

method generates image (f) that almost matches the photo reference.

Gradient-based methods are becoming incressingly important for computer
graphics, machine learning, and computer vision. The ability to compute
gradients is erucial to optimizaticn, inverss prceblems, and deep learning, In
rendering, the gradient is required with respect to variables such as camera
paramelers, light sources, scene geonelry, or malerial appearance. However,
compuling the gradient of rendering is challenging because the rendering
integral includes visibility terms that are not differentiable. Previous work on
differzntiable rendering has focused on approximale solulions. They often
do not handle secondary effects such as shadows or global illumination, or
they do not provide the gradient with respect to variables other than pixel
courdinaltes.

We introduce a general-purpose differentiable ray tracer, which, to our
knowledge, is the first comprzhensive solution that is able to compute deriva-
tives of scalar functions over a rendered image with respect to arbitrary scene
parameters such as camera pose. scene geometry, materials, and lighting
parameters. The key to our method is a novel edge sampling algorithm that
directly samples the Dirac delta functions introduced by the derivatives of
the discontinuous integrand. We also develop efficient importance sampling
mcthods basced on spatial hicrarchics. Our method can generate gradients in
times running from seconds to minutes depending on scene complexity and
desired precision.

Authors’ addresses: ‘lzu-Mao L., MI'T CSAILL, zumzo@mitedu; Miika Aittala, Il
CSAIL, miitka@csail.mit.edu; Frédo Durand, MIT CSAIL, fredo@mit.edy; Jaakko Lehti-
nen, Aalto Un:versity & NVIDIA, jaakko.lehtinen@aalto.fi.

© 2018 Copyright keld by the owner/aushor(s).

This is the author’s version of the work. It is posied here for your persoral use. Not fcr
redistribution. The definitive Version of Record was published in ACM Transactions on
Graphics. https://dci.org/10.1145/3272127.2275109.

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE

We interface our differentiable ray tracer with the deep learning library
PyTorch and show prototype applications in inverse rendering and the
generation of adversarial examples fer neural networks.

CCS Coneepts: « Computing methodologies — Ray tracing; Visibility:
Reconstruction

Additional Key Words and Phrases: ray tracing, inverse rendering, differen-
tiable programming

ACM Reference Format:

Tzu-Mao Li. Miika Aittala, Frédo Durand, and Jaakko Lehtinen. 2013. Dif-
ferentiable Monte Carlo Ray Tracing through Edge Sampling. ACM Trans.
Grapi. 37, 6, Article 222 (November 2013), 11 pages. https://doLorg/10.1145/
3272127.3275109

1 INTRODUCTION

The computation of derivatives is increasingly central to many areas
of computer graphics, computer vision, and machine learning. It
is critical for the solution of cptimization and inverse problems,
and plays a major role in deep learning via backpropagation. This
creates a need for rendering algorithms that can be differentiated
with respect to arbitrary input parameters, such as camera location
and direction, scene geomelry, lights, material appearance, or lex-
ture values. Unfortunately, the rendering integral includes visibility
tenms that ate not differentiable at object boundaries. Whezeas the
final image function is usually differentiable once radiance has been
integrated over pixel prefilters, light source areas, etc., the integrand
of rendering algorithms is not. In particular, the derivative of the
integrand has Dirac delta terms at occlusion boundaries that cannct
be handled by traditional sampling strategies.

ACM Trans. Graph., Vol. 37, No. 5, Article 222. Publication date: Navember 2318,

Tzu-Mao Li, Miika Aittala, Fredo Durand,

Jaakko Lehtinen

SIGGRAPH Asia 2018
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING - SIGGRAPH [,

dPT(x, m,):
sample @; ;| € S? with probability Pi1 Rendering equation
y < raylntersect(X, @; ;) Jre(@;)
L.,L) < dPT(y, — w. — e
Lo ) = dPTO, = 0, Congarser L0y = | F@0) Lw) dot@)
7 < fs(Xv @; 15 600) Li W/ sympo!ic S?
Pi1 differentiation Differential rendering equation
d .
—|f X, W, o)L+ (X w: o) L. d d
L . dr [fs*( 1,1 o)] 1 fs( 1,1 0) 1 —L(O)O) — J _fRE(a)i) dG(O)i)
D dﬂ' S2 dﬂ'
1,1
sample w. , € 0S? with probability p.
ple @, , P Y Pi2 + J Vasa(@;) Afgg(@;) A7 (@;)
, . VieX,w,,) (X, w; ,,®,) AL(X, ®; ») 0S2
L« LA : : :
Pi2
return (L +L.(x,w,), L+ d% L.(x, 0)0)> Afrg = A(f L) = [, AL
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MONTE CARLO EDGE SAMPLING -~ Jl6GRAPH }]ﬂ'ﬂﬁﬂ

A new sampling procedure introduced by

dPT(x, w,): Li et al. [2018]
sample w; ; € S with probability p; Key: determining dS?, the discontinuity points
y < raylntersect(x, @; ;) of AL
1

(L, Li) <~ dPT(y, — w; )

Boundary edge

L < ]CS(X’ a)i,l’ a)O) Li _; '

" Silhouette

pi, 1 edge
d |
—[fi(X,0; |, 0 )] L; + (X, 0; 1, 0,) L;
e For polygonal meshes, 0S* can involve:

Boundary edges (associated with only one face)
Face edges (when not using smooth shading)

L <

Samp|e a)i,2 < 082 W|th prObab|||typl’2

Vagz(X, O)iaz)fg(x, a)i,z, wo) ALi(X, wi,z)

[« A Silhouette edges (shared by a front and a back face)
Pi2 Requires traversing a 6D BVI
return (L + L.(X,w,), L+ diﬂLe(X, a)o)> Expensive for complex scenes

To be addressed later!
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COMPUTING AL, olbGRAPH

Y2
dPT(x, m,): ;
sample @; ;| € S? with probability p; | D
y < raylntersect(X, @; ;) v L(y,, — wi,z)
(L, Li) <~ dPT(y, — w; )
X, ®:,0,) L
I < fs( 1,1 0) 1 | Y,
Pi1
d o 'l
— X @ 1, 0,)] L + (X, @ 1, @,) L ¥ L(y, — w;,)
L < Wi > ’
Pi1
7. .l ALi(Xa wj,z)
sample @; , € dS~ with probability p; ,
X

Vagz(X, a)i,z)f;,(x, a)i,z, wo) ALi(X, wi,z)
Pi2

return (L +L.(x,m,), L+ d%Le(x, a)o)) Radiance values L(y, — @, ,) and L(y,, — @, »)
can be computed by tracing additional “side” paths

L« LA AL(X,w;,) = * [L(Yp — ;) — L(y,, - mi,2)]
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DIFFERENTIABLE PATH TRACING WITH EDGE SAMPLING - SIGGRAPH [,

dPT(x, m,): ]
sample @; ;| € S? with probability p; |

y < raylntersect(X, @; ;)
(L, Ly) < dPT(y, — w; ;)
Standard PT

X 0,0, L w/ symbolic
Di 1 differentiation
1,

d °
—[fi(X,0; |, 0 )] L; + (X, 0; 1, 0,) L;

Pi1

I, <

L «

sample W;, € 0S? with probabilitypi,2

Visa(X, @; ) f(X, @; 5, ®,) AL(X, ®; ») %
Pi>2 0@/}5

return (L + L(x,w,), L+ d%Le(x, a)o)>

L<—LI
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DIFFERENTIAL RADIATIVE TRANSFER BEVIND

A Differential Theory of Radiative Transfer

CHENG ZHANG, University of California, Irvine

LIFAN WU, University of California, San Diego

CHANGXI ZI IENG, Columbia Universily

IOANNIS GKIOULEKAS, Carnegie Mellon University
RAVI RAMAMOORTHI, University of California, San Diego
SHUANG ZHAOQ, University of California, Irvine

op Ot loss (log)  Parameter diff.
98: ‘
) l)‘h.
0.4/
"l 0.0
o 100 0 100
Ttcration # Ttcration #

Fig. 1. We introduce a new differential thecry of radiative transfer, which lays the foundation for computing the derivatives of radiometric measures
with respect to arbitrary scenz parameterizations (e.g.. material properties and object gecmetries). The ability to evaluate these derivatives can facilitate
gradicnt based optimization for many diverse applizaticns. As an example, here we optimize the pose of a dodecahzdron emitting colored heams inside
a participating medium. Given a target image (d) and an initial configuration (a}, the optimization uses derivatives estimated by our methaod (b] to find
parametets that praduce rendered images (c) closely matching the target. Per-iteration optimization loss and difference between true and estimated parameters

A Differential Theory of Radiative Transfer

(both mecasured in Ly) arc plotted en the right.

Fhysics-based differentiable rendering is the task of estimating the deriva-
tives of radiometric measures with respect to scene parameters. The ability to
compute these derivalives is necessary for enabling gradient-based optimiza-
tion in a diverse array of applications: frcm solving analysis-by-synthesis
prablems to training machine learning pipelines incorporating forward
rendering processes. Unfortunately, physics based differentiable rendering
remains challenging, due to the complex and typically nonlinear relation
between pixel intensities and scene parameters.

We introduce a differential theory of radiative transfer, which shows
how mdividual components cf the radiative transfer equation (RTE) can
be differentiated with respect to arbitrary differentiakle changes of a scene.
Our theory encompasses the same generality as the standard RTT, allowing
differentiation while accurately handling a large range of light transport
phenomena such as volumetric absorption and scattering, anisctropic phase
functions, and heterogeneity. To numerically estimate the derivatives given
by our theory, we introduce an unbiased Monte Catlo estimator supporting
arbitrary surface and volumetric configurations. Cur technique differentiates
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path contributions symbclically and uses additional boundary integrals to
capture geometric discontinuities such as visibility changes.

We validate our method by comparing our derivalive estimaticns to
those generated using the finite-difference method. Furthermore, we use
a few synthetic examples inspired by real-world applications in inverse
rendering, non line of sight (NLOS) and biomedical imaging, and design, to
demonstrate the practical usefulness of our techmque.

CCS Concepts: « Computing methodologies — Rendering.

Additional Key Words and Phrasss: radiative transfer, differentiable render-
ing, Monte Carle path (racing
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17 INTRODUCTION

A fundamental task of physics-basad light transport simulation is
to campute the radiant power (generally measured using radiance)
at certain 2D locations and directions in a virtual scene, e.g., those
corresponding Lo radiometric sensors. Such forward evaluations of
light transport have been a focus of research efforts in computer
graphics since the field’s inception. These efforts have resulted in
mature forward rendering algorithms, including Monte Carlo tech-
niques, that can efficiently and accusately simulate complex light
transport effects such as interreflections and subsurface scattering.

Mathematically, it is convenient te be capable of evaluating not
only a given function but also its various transformations. One such

ACM Trans. Graph., Vol. 38, No. 5, Article 227. Publication date: November 2019,
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Interior integral

By applying Reynolds transport theorem
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Reparameterizing Discontinuous Integrands for Differentiable Rendering
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(@)

A scene with complex geometry and visibility (1.8M triangles)

Gradients with respect to scene parameters that affect visikility

Fig. 1. The solution of inverse rendering problems using gradient-based optimization requires estimates of pixel derivatives with respect to arbitrary scane
parameters. We focus on the problam of computing such derivatives for parameters that affect visibility. such as the position and shape of s2ene geometry
(a, c) and light sources (b, d). Our renderer re-paramelerizes integrals so that their gradienls can be estimated using standard Monte Carlo integration
and automatic differentiaticn—even when visibility changes would normally make the integrands non-differentiablz. Our technique produces high-quality
gradients at low sample counts (64 spp in these examples) for changes in both direct and indirect visibility, such as glossy reflections (a, b) and shadows (c, d).

Differentiable rendering has recently opened the door W a number of chal-
lenzing inverse problems involving photorealistic images, such as com-
putational material design and scattering-aware reconstruction of geome-
Lry and materials from photographs. Differentiable rendercing algorithins
strive to estimate partizl derivatives of pixels in a rendered image with re-
spect to scene parameters, which is difficult because visibility changes are
inherently non-differentiable.

We propose a new technique for differentiating path-traced images with
respect to scene parameters that affect visibility, including the position of
cameras, light sources, and vertices in triangle meshes. Our algorithm com-
putes the gradients of illumination integrals by applying changes of variables
that remove or strongly reduce the dependence of the position of discontinu
ities on differentiable scene parameters. The underlying parameterization is
created on the fly for each integral and enables accurate gradient estimates
using standard Monte Carlo sampling in conjuncticn with automatic differ-
entiation. Importantly, our approach does not rely on sampling silhcuette
edges, vhich has been a bottleneck in previous work and tends to produca
high-variance gradients when important edges arc found with insufficient
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prebability in scenes with complex visibility and high-resolution geomelry.
We show that our method only requires a few samples to produce gradients
with low bias and variance for challenging cases such as glossy reflections
and shadows. Finally, we use our differentiable path tracer Le reconstruct
the 3D geometry and materials of several real-vorld objects from a set of
reference photographs.

CCS Concepts: « Computing methodologies — Rendering: Ray trac-
ing.
Additional Key Words and Phrases: differentiable rendering, inverse render-

ing, stochastic gradient descent, discontinuous integrands, path tracing
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1 INTRODUCTION

Physically based rendering algorithms generate photorealistic im-
ages by simulating the flow of light through a detailed mathematical
representation of a virtual scene. Historically 2 one-way transforma-
lion [rom scene W rendered mage, the emergence of a new class of
differentiable rendering algorithms has enatled the use cf rendering
inan inverse sense, W find a scene thal maximizes a user-specified
objective function. One particular choice of objective leads Lo inverse
rendzring, whose goal is the acquisition of 3D shape and material
properties from photographs of real-world objects, alleviating the
tedicus task of modeling photorealistic content by hand. Other kinds
of objective functions hold significant untapped potential in areas

ACM Trans. Graph., Vol. 38, No. 5, Article 228 Publication date: November 2019,
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Radiative Backpropagation: An Adjoint Method for Lightning-Fast

Differentiable Rendering
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=g

Ours(biasedI- L)
Fig 1. Grose: Dur method is able to reconstruct the texture of a globe seen through a bell jar in this interior scene with complex materials and interreflection.
Starting from a different initialization (Mars), it affempts to match a reference rendering by differentiating scens paramereis with respect to Iy image distance.
The plot on the right shows convergence over time for prior work [Nimier-David et al. 2019] and multiple variants of radiative backpropagation. Our method
removes the severe overheads of differentiation compared to ordinary rendering, and we demonstrate spzedups of up to ~1000x compared to prior work.

Fhysically based differentiable rendering has recently evolved into a power-
ful tool for solving inverse problems involving light. Methods in this area per-
form a differentiable simulation of the physical process of light transport ani
seattering to estimate partial derivatives relating scene parameters to pixels
in the rendered image. Together with gradient-based optimization, such al-
gorithms have interesting applicaticns in diverse disciplines, e.g., to improve
the reconstruction of 3D scenas, while accounting for interreflection and
Lransparency, or Lo design meta-materials witl specified oplical properlies.
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The most versatile differentiable rendering algorithms rely cn reverse-
mode differentiation to compute all requested derivalives at once, ¢nabling
optimization of scene descriptions with millicns of free parameters. How-
ever, a severe limitation of the reverse-mode approach is that it requires
a detailed transcript of the computation that is subsequently replayed to
back-propagate derivatives to the scene parameters. The transcript of typical
renderings is extremely large, exceeding the available system memcry by
mwany orders of magnitude, hence current mwethods are limited Lo simple
scenes rendered at low resolutions and sample counts.

We introduce radiative backpropagation, a fundamentally different ap-
preach Lo diferentiable rendering thal does nol require a transcripl, greatly
improving its scalability and efficiency. Our main insight is that reverse-
mode propagation through a rendering algorithm can be interpreted as the
solution ol a continuous transporl problem involving the partial derivative of
radiance with respect to the optimization objective. This quantity is “emitted”
by sensors, “scattered” by the scene, and eventually “received” by objects
with differentiable parameters. Differentiable rendering then decomposes
into two separate primal and adjoint simulation steps that scale to complex
scenes rendered at high resolutions. We also investigated biased variants
of this algorithm and find that they considerably improve both runtime
and convergence spead. We showcase an eflicient GPU implementation of
radiative backpropagation and compare its perfermance and the quality of
its gradients to prior work.

ACM Trans. Greph., Vol. 39, No. 4. Article 146. Publication cate: July 2)20.

INTRODUCTION

SIGGRAPH 1.

Radiative Backpropagation: An Adjoint
Method for Lightning-Fast Differentiable
Rendering

Merlin Nimier-David, Sébastien Speierer,
Benoit Ruiz, Wenzel Jakob

SIGGRAPH 2020

RADIATIVE BACKPROPAGATION



MOTIVATION: ADJOINT SENSITIVITY METHOD -~ SIGGRAPH [,

For problems with

a time dimension
(ODEs, ..)

Pontryagin et al.
1962

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION

[ ; 2 7]
| KL
MATHEMATICAL
THEORY

OF

OPTIMAL

PROCESSES

L. . PONTRYAGIN, V. G. BOLTYANSKII,
R. V. GAMKRELIDZE, E. F. MISHCHENKO

Recipierts of the 1962 Lenin Prize
ror Sceace and Technology

Authorized Translation from the Russian

Translafor: K. N. TRIRDGOFF Editar: L. W. NEUSTADT
Aercspace Corporation

Ll Sezando, California .s‘

INTERSCIENCE PUBLISHERS :
a dwision of JOHN WILEY & SONS Naw York « London e Sydney !

RADIATIVE BACKPROPAGATION



“"ADJOINT” — THAT SOUNDS FAMILIAR! "~ SIGGRAPH /'

) )

Bidirectional Estimators for Light Transport
Veach & Guibas, 1994

| | | | Oa,b a, Ob

(Underlying principle: self-adjoint operators)

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION RADIATIVE BACKPROPAGATION






Derivatives projected into the scene




Gradients

Deriv. from objects

Deriv. from sensor

Product integral






v

fs (Wi, wo, x1,X%2,...) = R

parameters




ANOTHER PERSPECTIVE OIGGRAPH Hk.

Normal rendering {:k ’/
R

- Transporting from sensor/light adiance Importance
may yield lower variance.

Differentiable rendering

- Transporting from objects is ~ i
completely impractical. ﬂ/ \J\ —_—

@&

d from objects d from sensor

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION RADIATIVE BACKPROPAGATION



Surface texture optimization 7 SIGGRAPH }]*[%';m

Initial state Target state

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION RADIATIVE BACKPROPAGATION



o e
..-.t.'? '\\’ W

AT

5

N
o
LY
d

e pa—— S,

R aralii®
i g 8 Y
et

R
Y R

- -
S B

)

[y A
.\- > - ..
Pl ,.u.u

.«~.....




- . - -
] TR PR LT 4 = i
R SV 'L Foyine
- >
T . TS .
b ————
ey T ot}

b L X

i 4y

-.r .d

- S A"
i e AL o e
. - s o N




Surface BSDF optimization 7 SIGGRAPH M.

2020 52020.516GRAPH.ORG

10~

Method
- Autodift-based
Ours

Ours (biased II)

Ours (biased I)

Ours (biased I+II)

Ours (biased I+II)

0 20 40 60 30
Time (min)

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION RADIATIVE BACKPROPAGATION



Surface BSDF optimization 7 SIGGRAPH M.

2020 52020.51GGRAPH.ORG

10" 10~
Method
> - Autodift-based
§ Ours
o0 === Qurs (biased II)
"_: = Qurs (biased I)
._8 \ = Qurs (biased I+II)
Q
-
2
D)
2 107° 102
3
QL
o
O
3 0 20 40 60 30 100 120 0 20 40 60 30
Ours (biased I+1I) Iteration count Time (min)
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Volume density optimization ol6GRAPH 15,

Mitsuba 2 (AD-based) Radiative Backprop. Target
(biased | + II)
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Volume density optimization 7> SIGGRAPH M.

0.030
0.025
0.020
0.015
Method
0.010 ——  Autodiff-based
Ours
Ours (biased II)
0.005 = Qurs (biased I)
Ours (biased I+1I)
0.000

101 102 103 104
Time (s, log scale)

Ours (biased I+II) Ours
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Relative speedups vs autodiff-based 7 SIGGRAPH

Surface texture optimization Relative speedup
Ours
180 930 % Ours (biased II)

4
205 X N |
L 57 mE Ours (biased I

Bl Ours (biased I+II)
40 %
50 X

512 A5
56x

. Volume density optimization

Samples per pixel

— 402 X

Xy 486 X

- .

‘3& 608 X
E 454 %

=512 o1l X

3

992 x
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TL;DR < SIGGRAPH e,

Radiative Backpropagation is “just” another kind of light transport
simulation with weird sensors and emitters.

Orders ot magnitude faster (up to ~1000x in our experiments)
Lifts memory limitations entirely
Only need to differentiate BSDFs etc. (“easy”)

Can build on decades of research
targeting such problems!

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION RADIATIVE BACKPROPAGATION



CHALLENGES REMAIN 7 SIGGRAPH Jit,
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Complex light transport
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PATH INTEGRAL FOR FORWARD RENDERING " SIGGRAPH it

1= | f@® du@
Q)

Introduced by Veach [1997]

Foundation of sophisticated Monte Carlo

algorithms (e.g., BDPT, MCMC rendering) Light path x = (xg, x{, X5, x3)

/ - S . s — S P = —___ _—— — _——_—— ===
/

i\
|

Can we have something similar for differentiable rendering? J

e — e —— e ——— e R ————— — _— = — = — — N S _ S N
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PATH-SPACE DIFFERENTIABLE RENDERING

Path-Space Differentiable Rendering

CHENG ZHANG, University of California, Irvine
BAILEY MILLER, Carnegie Mellon University
KAI'YAN, University of California, lrvine

IOANNIS CGKIOULEKAS, Carnegie Mellon University
SHUANG ZHAO, University of California, Irvine

Original

Derivative with respect to sun location

Fig 1. We intioduce path-space differentiable rendering, a new Lheorelical lrarnework Lo eslirnate derivatives ol radiormetric rneasurernents with respect
to arbitrary scene parameters (e.g.. material properties and object geometries). By directly differentiating full path integrals, we derive the differential path
integral framewcrk, enabling the design of new unbiased Monte Carlo methods capable of efficiently estimating derivatives in virtual scenes with complex

geormnetry and light transport elfects. This exarnple shows a dinning rocrm scene it by the sun from outside the window. On the right, we show the corresponding
derivative image with respect to the vertical location of the sun. (Please use Adobe Acrohat to view the teaser images to see them animated.)

Physics-based differentiable rendering, the estimation of derivatives of ra-
diomeltric measutes with respect o arbilrary scene paramelers, has a diverse
array of applications from solving analysis-by-synthesis problems to train-
ing machine learning pipelines incorporating forward rendering processes.
Unfortunately, general-purpose differentiable rendering remains challenging
due to the lack of efficient estimators as well as the need to identify and
handle complex discontinuities such as visibility boundaries.

In this paper, we show how path integrals can be differentiated with
respect to arbitrary differentiable changes of a scene. We provide a detailed
theoretical analysis of this process and establish new differentiable rendering
formulations based on the resulting differential path integrals. Our path-
space differentiable rendering formulation allows the design of new Monte
Carlo estimators that offer significantly better efficiency than state of the art
metheds m handling complex geometric discontinuties and hght transport
phenomena such as caustics.

Authors’ addresses: Cheng Zhang, University of Celifornia, Irvine, chengz20@uci.edu;
Bailey Miller, Carregie Mellon University, baileymark.miller@gumail coa; Kai Yan,
University of Califcrnia, Irvine, kyang@uci.edu; loannis Giculekas, Carnegie Mellon
University, igkioule@andrew.cmu.edu; Shuang Zhao, Universily ct California, lrvine,
sazidics.aci.edu.
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on the first page. Copyrights for components o7 this work owned by others than the
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PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE

We validate our method by comparing our derivative estimates to those
generated using the finite-difference method. To demonstrale the effective-
ness of our technique, we compare inverse-rendering performance with a
few state-of-the-art differentiable rendering methods.

CCS Concepts: « Computing methodologies — Rendering.

Additional Key Words and Phrases: Lifterentiable rendering, path inte-
gral, Monte Carlo rendering

ACM Reference Format:

Cheng Zhang, Bziley Miller, Kai Yan, [oannis Gkioulekas, and Shuang Zhao.
2020. Path-Space Differentiable Rendering. ACM Trans. Graph. 39, 4, Arti-
cle 143 {July 2020), 19 pages. hiips://doiorg/10.1145/3336369.3392383

1 INTRODUCTION

Physics-based light transport simulation, a core research topic in
computer graphies since the field's inception, focus on numerically
estimating radiometric sensor responses in fully specified virtual
scenes. Previous research efforts have led to mature forward ren-
dering algoeriltuns that can efliciently and accurately simulate light
transport in virtual environments with high complexities.

Differentiable rendering compules the derivatives of radiometric
measurements with respect to differential changes of such environ-
ments. These techniques can enable, for example: (i) gradient-based
optimization when solving inverse-rendering problems: and (ii) ef-
ficient integration of physics-based light transport simulation in
machine learning and probabilistic inference pipelines.

ACM Trans. Greph., Vol. 39, No. 4. Article 143. Publication cate: July 2)20.
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Path-Space Differentiable Rendering

Cheng Zhang, Bailey Miller, Kai Yan, loannis
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DIFFERENTIAL PATH INTEGRAL S|6GRAPH }ilé%lhll

Path integral

S ff(f)du(f)
()

dl

— =7
dm
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DIFFERENTIAL PATH INTEGRAL

Path integral

[ = ff(f)du(f)
()

We now derive 2Ix/ax in Eq. (25) using the recursive relations pro-
vided by Eqgs. (21) and (24). Let

(0)
hy " = [ﬂ,, —ne1 9(Xns X2, Xy —l)l“/(xN_’xN 1), (52)

(1) ._ ©N i
hy " = zn'=n+l K(xp) V(xp), (53)
(0 (0
Ahnr)z = h" ) A“I‘Xn'ixn'f:-xntx)/g(x,,::x,,:_z.x,,,_l ), (54)

for 0 < n < n” £ N. We omit the dependencies of h(o) h‘”, and

(0)
Ah" nt ON Xn4l, ..., x N for notational convenience.

We now show that, for all 0 < n < N, it holds that

hn(xn; xn—l) - /:~(\ n h:)O) n;?f-——rH-l dA(xn')' (55)

and

d/

hn(xnl Xn-1) = [\(;\'-.. (hLO)) - h:,mh:,”l Fl;',‘ﬁz,m dA(x,’)

0
+ 3N ey [ AR Vot (xw) de(xp) [ dA(xi),  (56)
9 - n<i S.V
i#n’

where the integral domain of the second term on the right-hand
side, which is omitted for notational clarity, is M(x) for each x;

with i # n” and aM, (), which depends on x,_1, for x,,.
It is easy to verify that Eqgs. (55) and (56) hold forn = N — 1. We
now show that, if they hold for some 0 < n < N, then it is also

the case for n — 1. Let g,,—1 = g(xp; xp—2,xp—1) forall0 < n < N.

Then,

hp-1(xXp-1; Xpn-2) —f\(gn 1/.\‘\ -n (0) ﬂ:_,,,,ldA(xn')dA(xn)
_ (0) N
= [vinenes By [T, dA(xp), (57)

/\(.\ n+l

dr g

d .. _
Ef(x)dli(x) +

Interior integral

and
hn-1(Xn-1; Xn-2)

= [u [9n-1hn + gn-1(hn = hn x(xn) V(xn))] dA(xn)
+ f)—“ Agn-1 hn V557 de(xp)

. (0) 0\’ (0) m
= Syowenes {on B+ gucn [ () = O, } T dA o)
+Zn n+lfg" 1/\}1:'0'; vd\( (x",)d”x"')n<li1<\vdA(xi)
izn’

+ [ Agn-1 by Vazg de(xn) TIN_ 4y dA(xw)

(0) (0) 11)
= /:'\(-\'*"“ I(hn—l) = hy,yhy, II n
N (0)
+Zn1:n/Ahn L "o\‘ (xn')d[(x,]')

dA(xn’)

[T dA(x;). (58)
n<i<N

i#n’
Thus, using mathematical induction, we know that Egs. (55) and
(56) hold for all0 < n < N.

Full derivation in the paper [Zhang et al. 2020]

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION
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BEYONT

Differential path integral (for meshes)

g(x)du'(x)
0

Notice that h(()o’ = f and Ah(()'on), = Af,y, where Af, follows the

definition in Eq. (28). Letting n = 0 in Eq. (56) yields

ho(x0) = [y [f(2) = f(2) Zy_y k(xw) Vixw)| TTy_; dA(xw)

+ Zpey [ Do () Vg deCxw) T1 dAGxi).  (59)
0<i<N
i#n’
Lastly, based on the assumption that hg is continuous in xg, Eq. (25)
can be obtained by differentiating Eq. (23):

%1}} = 2)07 _/;“ ho(xo) dA(xp)

- f\( [ii(,(x(,) — ho(xp) x(xp) V(x(,)l dA(xp)

+j[)_$ h()(X())‘)M (x0) df(xp) (60)
= Jon @ = f(2) ZF_o x(xi) V(xx)] du(2)

+ I ofsz Afi (%) Vagg duy g (%).
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DIFFERENTIAL PATH INTEGRAL -~ Jl6GRAPH }ilé%lhll

Path integral Differential path integral (for meshes)

_ _ d/ d _ oy
= | E@auce - | @@ + | g@iw e

=

Interior integral

Original
light path

N,

X2

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE



DIFFERENTIAL PATH INTEGRAL SIGGRAPH it

Path integral Differential path integral (for meshes)

_ _ d/ d _ oy
= | E@auce - | Gr@u + | g@dw e

=

. same as original light path except having exactly one
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RECAP: DIFFERENTIAL IRRADIANCE " dl66RAPH Eﬁ%‘ﬁ"

- emitter size fr(w)

High

F(@) Interior integral = (0

——— mm— Reynolds dE de
[ > j d—(a)) do(w) + [ V(@) Afp(w) df ()
H? p2 G oH?2




CHANGE OF VARIABLE OIGGRAPH Hk.

Spherical integral Surface integral

E = [ L(w) cosOdo(w) E = [ L(y — x) G(x < y)dA(y)
H]2 Z(r)
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CHANGE OF VARIABLE 7 SIGGRAPH 11

Spherical integral Surface integral

Discontinuous Continuous
E = [ L(w) cos@do(w) E = [ L.(y = x) G(x < y)dA(y)
H2 L(r)
Constant domain Evolving domain
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DIFFERENTIAL IRRADIANCE -~ Jl6GRAPH }ilé%lhll

- emitter size f E(Y)
Low IR High
fE(Y) Interior integral
r— N — dE df
E = J L.y = x) G(x < y) dA(y) > — = { —(y) dA(y) + J VoY) Afp(y) d(y)
L) dr P A7 0L ()
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REPARAMETERIZATION S|6GRAPH Eﬂ%‘hﬂ

Before F— 7 <) Glx 1A
reparameterization Lf(@ (Y = X) G(x < y) dA(y)

e X(p/my)
i o X(p, )
P Parameterize £’ () using fixed £,
y = X(p, 7)
Lo = ZL(m,)
X X X( -, m) Is one-to-one and continuous
Z(m))
Z(m,)
Reparameterization dA(y)

E = L(v - X)GX <« dA
LZO Yy =2 x)G(x o y) S (p)

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING
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REPARAMETERIZATION S|6GRAPH Ellé%lhll

Je(y)

ZL(r)

L(y = x) G(x < y)dA(y)

| * Interior integral = (0
dE dfy
_ = —=(y) dA(y) + VoY) Afe(y) dZ(y)

y = X(p, 7)
\/ T(P)

f_/\_\

E = J L(y - x)G(x < y) bl dA(p)
P dA(p)

m Interior integral # (O
' dE df;.
— = J —(p) dA(p) + J Voo, (P) Afg(p) dZ(p)
4 0Z

dx
0
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REPARAMETERIZATION

Reparameterization for irradiance

y = X(p, )

E = J L(y = x)G(x < y)dA(y)
ZL(7)

Reparameterization for path integral

> E

I = J J(X) du(x)
Q(r)

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION

0

SIGGRAPH 1.

dpu(X)

du(p)
1

H dA(x;)
+ | dA(p))

J L(y = x)G(X < y)
%

du(p)

dA(y)

dA(p)

dA(p)

PATH-SPACE DIFFERENTIABLE RENDERING



DIFFERENTIAL PATH INTEGRAL S|6GRAPH H%‘ﬁ"

Path integrals

X =24(p,7) du(X)

I = X) dyu( I = X du(p
LM AR) du(x) > L fR)| Gy | )

0

Differential path integrals

d/ df _ _ _ o d/ d | du(x) ) ) o
— = —(X) du(X) + gX)dp'x) —=| — /X - du(p) + [ &) du'(p)
drz () drz Q) drz Q, drz du(p) o0,

Pro: no global parameterization required Pro: fewer types of discontinuities

more types of discontinuities requires global parameterization X

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING



DIFFERENTIAL PATH INTEGRAL 7 SIGGRAPH }ff%‘h"

2020 52020.51GGRAPH.ORG

Spatial form Differential path integrals Material form
dr aF N dI d [ |du®) ) N
— = —(X) du(x) + gX)du'®X) —=| — (/X — | Jdu®@) + | g(P)du'(p)
drz Q(n) drz Q) drz 0, drz du(p) o0,

Boundary edges Sharp edges Silhouette edges

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING



PATH-SPACE MONTE CARLO ESTIMATION OIGGRAPH Ji,

E—J < (10| <X ) g <'>+J ) du'(P)
rriall N o) | P s DWE

Interior integral

*\_ Estimated "

separately

Differential path integral

Original
light path

Can be estimated using identical path
sampling strategies as forward rendering

Unidirectional path tracing
Vo
Bidirectional path tracing

X2

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING



ESTIMATION OF BOUNDARY INTEGRALS SIGGRAPH 1t

dl d _ | du(x) e e
Differential path integral ~ dz Lzod_” J(X) 14(D) #(p) + Lﬂog(l’) #'(P)

Unidirectional sampling: / 1\
Construct the from the eye
Draw the by fixing one
endpoint and sampling the other TO) e
Problems

Requires expensive silhouette detection

Fixed

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING



ESTIMATION OF BOUNDARY INTEGRALS SIGGRAPH 1t

Differential path integral

el e ] P B L TORS IORI(S
rrall W o) | P s@DWE

Multi-directional sampling: / N\

Construct the from
the middle

Construct and sensor subpaths

To further improve efficiency
Next-event estimation
Importance sampling boundary segments

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING



TWO PATH-SPACE ESTIMATORS JIGGRAPH .

Unidirectional estimator Bidirectional estimator
Interior: unidirectional path tracing Interior: bidirectional path tracing
. unidirectional sampling of subpaths . bidirectional sampling of subpaths

Unidirectional path tracing + NEE Bidirectional path tracing

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING



RESULT: COMPLEX GEOMETRY & MOTION - SIGGRAPH

2020 52020.3516GRAPH.ORG

" Positive

Equal-sample
comparison

Negative

Path tracing w/ edge sampling Reparameterization Path-space, unidir.
[Li et al. 2018, Zhang et al. 2019] [Loubet et al. 2019] [Zhang et al. 2020]
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RESULT: COMPLEX LIGHT-TRANSPORT EFFECT " SIGGRAPH {,*['%'h"

2020 52020.3516GRAPH.ORG

_ Ilteration #0 Deriv. Image " Param. RMSE . le2 Img. RMSE
Target image | |
8 4.2 4
©
Q.
(p 3.1 -
N
wid
CU 2.3
o
C — le-2
O |
IR
N v 4.2-
- O
O N
DO = 3.1
e 3
. . . E 8 23]
» Optimizing © 3
— Object rotation angle N e e e .
- Equal-sample per iteration 5O
C D
- . . . . — OO 42-
- Identical optimization settings 2 ¢
— Learning rate (Adam) AN
— Initializations )
-O s
Ll 5
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RESULT: COMPLEX LIGHT-TRANSPORT EFFECT " SIGGRAPH },*['%'gm

2020 52020.3516GRAPH.ORG

- Positive

Parameter:
vertical position
of the spot light

Equal-sample
comparison

Negative

Path tracing w/ edge sampling Path-space, unidirectional Path-space, bidirectional
[Li et al. 2018, Zhang et al. 2019] [Zhang et al. 2020] [Zhang et al. 2020]
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RESULT: COMPLEX LIGHT-TRANSPORT EFFECT " SIGGRAPH },*['%'gm

2020 52020.3516GRAPH.ORG

1.05

Iteration #0 Deriv. Image Param. RMSE Img. RMSE

Target image

0.58 -

0.32 4

0.18 -

Path-space
bidirectional

L) L] L] o- 10 Ll L] L]
50 100 150 200 0 50 100 150 200

1.05

0.58 1

0.32 1

0.18 1

Path-space
unidirectional

» Optimizing
—  Glass IOR
—  Spotlight position

T T T 0. 10 T T T
50 100 150 200 0 50 100 150 200

1.05

0.58 1

- Equal-time per iteration

0.32 1

- ldentical optimization settings
— Learning rate (Adam)
— Initializations

0.18 -

Edge sampling
[Zhang 2019]

Ll L Ll Oo 10 L] L] L)
50 100 150 200 0 50 100 150 200
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RESULT: COMPLEX LIGHT-TRANSPORT EFFECT ‘- SIGGRAPH

2020 52020.5IGGRAPH.ORG

Config. Initial

* Scene configuration:
— Aglossy ring lit by four colored light sources
» Optimizing:

— Cross-sectional shape of the ring

Cross-sectional shape
(displacement x 20)

le-2 |mg RMSE
1.40 -
1.10 +
0.91 - = target shape
e current shape
y 0.73 1

0 25 50 75 100 125 150
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SUMMARY SIGGRAPH .

Differential path integral d d :
r.) . ; —J fd//t=J—fd//t+J g du
Separated interior and boundary components dr O O dr 50
Interior
(‘0 ( X(p, )
- - X(p, 4
Reparameterization / Pe /
Lo
Only need to consider silhouette edges £(m;)
L(1,)
/1 N\

Unbiased Monte Carlo methods
Unidirectional and bidirectional algorithms N

No silhouette detection is needed

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION PATH-SPACE DIFFERENTIABLE RENDERING
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IMPLEMENTATION
DETAILS
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CODE WALKTHROUGH OF A 2D RENDERER - SIGGRAPH /it

C++11, single thread, ~300 lines

render images of 2D triangles, their
screen coordinates derivatives,
and compute gradients w.r.t. vertex
positions & color

‘talk Is cheap, show me the code!”

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION IMPLEMENTATION:2D EDGE SAMPLING CODE WALKTHROUGH


https://github.com/BachiLi/diffrender_tutorials
https://github.com/BachiLi/diffrender_tutorials

DATA STRUCTURES: 2D & 3D VECTORS -~ Jl6GRAPH H%'ﬁ"

template <typename T>
struct VecZ {
T x, v;

Vec2 (T x =0, T yv = 0) x(x), yv(y) {}
}s
template <typename T>
struct Vec3 {
I X, ¥y, 2Z;
Vec3(T x =0, T vy =20, Tz = 0) X(x), v((y), z(z) {}
}s
using VecZ2f = Vec2<Real>;
using Vec3l = Vec3<int>;
using Vec3f = Vec3<Real>;

// some basic vector operations

// ..

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION IMPLEMENTATION:2D EDGE SAMPLING CODE WALKTHROUGH



DATA STRUCTURES: TRIANGLE MESHES 7 SIGGRAPH

struct TriangleMesh {
vector<VecZ2f> vertices;
vector<Vec3i> 1ndices;
vector<Vec3f> colors; // defined for each face

by

// stores the gradients w.r.t. a triangle mesh
struct DTriangleMesh {
DTriangleMesh (1nt num vertices, 1Int num colors)
vertices.reslze (num vertices, Vec2f{0, 0});
colors.resize (num colors, Vec3t{0O, 0O, 0});

vector<Vec’2f> vertices;
vector<Vec3f> colors;

by

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION IMPLEMENTATION:2D EDGE SAMPLING CODE WALKTHROUGH



DATA STRUCTURES: EDGES 7 SIGGRAPH M.

struct Edge {
int v0, vl1; // vertex ID, v0 < vl

Fdge (1nt vO, 1nt v1l) : vO(min(vO, v1)), vl (max(v0O, v1)) {}

// for sorting edges
bool operator<(const Edge &e) const {
return this->v0 !'= e.v0 ? this->v0 < e.v0
this->vl < e.v1l;

};

need to avoid double count this edge
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DATA STRUCTURES: EDGE SAMPLER 7> SIGGRAPH .

// for sampling edges with inverse transform sampling
struct Sampler {
vector<Real> pmft, cdf;

by

// binary search for inverting the CDF in the sampler
1nt sample (const Sampler &sampler, const Real u) {

auto cdtf = sampler.cdf;
return clamp<int> (upper bound
cdf.begin (), cdf.end(), u) - cdf.begin() - 1,

0, cdf.size() - 2);
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DATA STRUCTURES: 2D IMAGE S|6GRAPH }]*['%'ﬁ"

struct Img {
Img(int width, 1nt height,
const Vec3f &val = Vec3ft{0, 0, 0})
width (width), height (height) {
color.resize (width * height, wval);

J

vector<Vec3f> color;
int width;
int height;

};
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SETUP: THE MAIN() FUNCTION 7> SIGGRAPH M.

int main(int argc, char *argv[]) {
TriangleMesh mesh/{
{{50.0, 25.0}, {200.0, 200.0}, {15.0, 150.0}, // vertices
{200.0, 15.0}, {150.0, 250.0}, {50.0, 100.0}},
{{0, 1, 2}, {3, 4, 5}}, // indices
{{0.3, 0.5, 0.3}, {0.3, 0.3, 0.5} // color
b i
Img 1mg (256, 256);
mt19937 rng(l234);
render (/*..%/) ;
save 1mg(img, “render.ppm");
// compute derivatives
// adjoint is the gradient of some scalar loss w.r.t. image
Img adjoint (1mg.width, 1mg.height, Vec3ft{l, 1, 1});
Img dx (1img.width, 1mg.height), dy(img.width, img.height);
DTriangleMesh d mesh (mesh.vertices.size (), mesh.colors.size());
d render (/*.*/);
// save derivative images

// ..

return 0;

J
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RENDER 7 SIGGRAPH .

void render (/*.*/) {

/)
for (int v = 0; y < img.height; y++) { // for each pixel
for (int x = 0; x < img.width; x++) {
(int dy = 0; dy < sgrt num samples; dy++) { // for each subpixel

for
for (int dx = 0; dx < sgrt num samples; dx++) {
s
auto color = raytrace (mesh, screen pos);

img.color[y * img.width + x] += color / samples per pixel;
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“RAY TRACE?” 7 SIGGRAPH

Vec3f raytrace (const TriangleMesh &mesh, const VecZf &screen pos, int *hit index = nullptr) {
// loop over all triangles in the mesh, return the first one that hits
for (int 1 = 0; 1 < (int)mesh.lndices.size(); 1++) {

// retrieve the three vertices of a triangle
auto 1ndex = mesh.indices[1];
auto v0 = mesh.vertices[index.x], vl = mesh.vertices[index.vy],

vZ2 = mesh.vertlices[index.z];
// form three half-planes: v1l-v0, v2-vl, v0-v2
// if a point is on the same side of all three half-planes, it's inside the triangle
auto n0l = normal(vl - v0), nl2 = normal(v2 - v1l), n20 = normal (v0O - v2);
auto side0l = dot(screen pos - v0, n0l) > 0, sidel2 = /*.*/, side20 = /*..*/;
if ((sidel0l1l && sidel2 && side20) || (!side0l && !sidel2 && !'side20)) {

1f (hit i1ndex != nullptr)

*hit index = 1i;

J

return mesh.colors/[1];

J

}
// return background

// ..
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RENDERING: DONE! S|6GRAPH B'H{""'ﬁ"
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DIFFERENTIABLE RENDER 7 SIGGRAPH H%‘fm

void d render (/*.*/) |
compute interior derivatives(/*.*/);

auto edges = collect edges (mesh);
auto edge sampler = build edge sampler (mesh, edges);

compute edge derivatives (/*..%/);
interior derivative

0
op

| |
0‘ .0

Reynolds transport theorem -+ M boundary

[Reynolds 1903] | derivative

0
op
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DIFFERENTIABLE RENDER 7 SIGGRAPH Eﬁ%‘ﬁm

void d render (/*..%/) A
compute interilior derivatives(/*.*/);

auto edges = collect edges (mesh);
auto edge sampler = build edge sampler (mesh, edges);

compute edge derivatives (/*..%/);
interior derivative

0
op

| |
0‘ .0

Reynolds transport theorem -+ M boundary

[Reynolds 1903] | derivative

0
op
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INTERIOR DERIVATIVES 7 SI6GRAPH ﬁ%‘ﬁm

volid compute interior derivatives (/*.*/) {

[/ ..
for (int v = 0; y < adjoint.height; y++) { // for each pixel
for (int x = 0; x < adjoint.width; x++) {
for (int dy = 0; dy < sqgrt num samples; dy++) { // for each subpixel
for (int dx = 0; dx < sgrt num samples; dx++)

s

int hit iIndex = -1;

raytrace (mesh, screen pos, &hit index);
if (hit 1ndex != -1) {

// scatter to the gradient buffer
d colors[hit 1ndex] +=
adjoint.color[y * adjoint.width + x] / samples per pixel;
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INTERIOR DERIVATIVES 7 SI6GRAPH H%'fm

compute 1nterior derivatives ( )
for ( y = U; y < adjoint.height; y++) {
for ( X = 0; x < adjolnt.width; x++) {
for dy = 0; dy < sgrt num samples; dy++)
for ( dx = 0; dx < sgrt num samples; dx++) {
hit 1ndex = -1;
raytrace (mesh, screen pos, &hit index);
1f (hit index != -1) {

d colors[hit 1ndex] +=
adjoint.color[y * adjoint.width + x] / samples per pixel;

} automatic differentiation of a standard renderer
o can be replaced by radiative backpropagation
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DIFFERENTIABLE RENDER 7 SIGGRAPH Eﬁ%‘ﬁm

void d render (/*.*/) |
compute interior derivatives(/*.*/);

auto edges = collect edges (mesnh);
auto edge sampler = build edge sampler (mesh, edges);

compute edge derivatives (/*..*/);
Interior derivative

0
op

| |
0‘ .0

Reynolds transport theorem -+ M boundary

[Reynolds 1903] | derivative

0
op
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COLLECT EDGES SIGGRAPH 1t

vector<Edge> collect edges(const TriangleMesh &mesh) {
set<kEdge> edges;
for (auto 1ndex : mesh.indices) {
edges.1insert (Edge (1ndex.x, 1ndex.v));
edges.1lnsert (Edge (1index.y, 1ndex.z));
edges.1nsert (Edge (1ndex.z, 1ndex.x));

J

return vector<kEdge> (edges.begin(), edges.end());

can be parallelized using parallel sorting + parallel stream compaction
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BUILD EDGE SAMPLER

// build a discrete CDF using edge length

~ SIGGRAPH [t

Sampler bulld edge sampler (const TriangleMesh &mesh,
const vector<kEdge> &edges) {

vector<Real> pmf, cdf;

pmf.reserve (edges.size()); cdf.reserve(edges.size() + 1);
cdf.push back (0);
for (auto edge : edges) {

auto v0 = mesh.vertices|[edge.v0], vl

pmf.push back(length (vl - vO0));

mesh.vertices|[edge.vl1l];

cdf.push back (pmf.back() + cdf.back())

J

auto length sum = cdf.back(); // normalize pmf/cdf

for each(pmf.begin(), pmf.end(), [&] (Real

for each(cdf.begin(), cdf.end(), [&] (Real

return Sampler{pmft, cdf};

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION

&p)
&p)

{p /= length sum;});
{p /= length sum;});
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BUILD EDGE SAMPLER

Sampler build edge sampler

vector<Real> pmf, cdf;

pmf.reserve (edges.s1ize

cdf.push back (0);

for (auto edge : edges
auto v0 = mesh.ver

pmf.push back (lengt
cdf.push back (pmf.back ()

}

auto length sum = cdf
for each (pmf.begin (),
for each(cdf.beglin ()
return Sampler{omf

7 SIGGRAPH 1t

(const TriangleMesh &mesh,

const vector<

FEdge> &edges) {

()), cdf.reserve (edges.size ()

)

h(vl - v0));

.pack () ;

pmtf.end (), [&.
»oend (), [&)

tices[edge.v0],

v1

(Real
(Real

) ;

mesh.vertices|[edge.vl];

+ cdf.back());

&P)
&p)

{p /=
{p /=

length sum; });
length sum; });

can exclude non-silhouette edges here
can be parallelized using parallel scans
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EDGE SAMPLING! 7 SIGGRAPH it

2020 52020.516GRAPH.ORG

void compute edge derivatives (/*..*/) {

for (int 1 = 0U; 1 < num edge samples; 1++) {
// pick an edge B B
// .
// pick a point p on the edge
// ..
// compute the colors at the two sides of p
// ..
// compute the weights using the PDF and adjoint image
// ..

// compute the derivatives using the Reynolds transport theorem

// ..
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EDGE SAMPLING — PICKING EDGES 7 SIGGRAPH

2020 52020.5IGGRAPH.ORG

void compute edge derivatives (/*..*/) {
for | T = () 7 N11Mm _ eqae AMO |l es,; i-l--l—) {
// pick an edge

// .
// pick a point p on the edge

// compute the colors at the two sides of p

// ..
// compute the weights using the PDF and adjoint image

// ..

// compute the derivatives using the Reynolds transport theorem

// ..
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EDGE SAMPLING — PICKING EDGES -~ SIGGRAPH 1kt

// pick an edge

auto edge 1d = sample (edge sampler, uni dist(rng));
auto edge = edges[edge 1d];

// pick a point p on the edge

auto v0 = mesh.vertices|[edge.v0], vl = mesh.vertices|[edge.vl];

auto t = unili dist(rng);

auto p = v0O + t * (vl - vO0);

auto xi = (int)p.x; auto vi = (int)p.vy;

if (xi < 0 || vi < 0 || xi >= adjoint.width || yi >= adjoint.height) continue;
v 1

~
,/" p =v0 + t * (vl - vO0)
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EDGE SAMPLING — COMPUTE DIFFERENCES OSWGRAPHF["YN“%‘"

2020 52020.5IGGRAPH.ORG

void compute edge derivatives (/*..*/) {

for (1int 1 = 0; 1 < num edge samples; 1++) {
// pick an edge
// ..

// pick a point p on the edge

/ compute the colors at the two sides of p

// compute the weights using the PDF and adjoint image
// ..

// compute the derivatives using the Reynolds transport theorem

// ..
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EDGE SAMPLING — COMPUTE DIFFERENCES "= SIGGRAPH

// ..

// compute the colors at the two sides of the selected edge
auto n = normal ((vl - v0) / length(vl - v0));

auto color i1in = raytrace(mesh, p - le-3f * n),

F

color out = raytrace (mesh, p le=-3f * n);

// ..

-
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EDGE SAMPLING — COMPUTE WEIGHTS 7 SIGGRAPH it

2020 52020.5IGGRAPH.ORG

void compute edge derivatives (/*..*/) {

for (int 1 = 0; 1 < num edge samples; 1++) {
// pick an edge
// ..
// pick a point p on the edge
// ..

// sample the two sides of p

/ compute the weights using the PDF and adjoint image

// compute the derivatives using the Reynolds transport theorem

// ..
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EDGE SAMPLING — COMPUTE WEIGHTS 7 SIGGRAPH

// .
// campute the weights u51ng'the PDF and adjoint image
auto pmf = edge sampler.pmf[edge 1d];

N

auto pdf = pmf / (length (vl - vO0));
auto weight Real (1 / (pdf * Real (num edge samples)));
auto adj = dot(color 1n - color out,

adjoint.color[yl * adjoint.width + x1]);

// ..

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION IMPLEMENTATION:2D EDGE SAMPLING CODE WALKTHROUGH



EDGE SAMPLING — REYNOLDS TRANSPORT THEOREM " SIGGRAPH

2020 52020.3516GRAPH.ORG

void compute edge derivatives (/*..*/) {

for (1int 1 = 0; 1 < num edge samples; 1++) {
// pick an edge
// ..
// pick a point p on the edge
// ..
// sample the two sides of p
// ..

// compute the weights using the PDF and adjoint image

// compute the derivatives using the Reynolds transport theorem
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EDGE SAMPLING — REYNOLDS TRANSPORT THEOREM " SIGGRAPH

// ..
// compute the derivatives using Reynolds transport theorem
auto d v0 = Vecz2tf{(l - t) * n.x, (L - t) * n.y} * adj * weight;
auto d vl = VecZf{ t * n.x, t * n.y} * adjy] * weight;
// screen coordinate derivatives ignore the adjoint
auto dx = —n.x * (color 1n - color out) * weight;
auto dy = -n.y * (color 1n - color out) * weilght;
// scatter gradients to buffers AV .V
// . :
v :
p =v0 + t * (vl - vO0)
v 0

v==——§z——
dparam (f_ _f_|_) (n . V) At
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EDGE SAMPLING: DONE! SIGGRAPH it

negative dx positive dx
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EXTENSION & DISCUSSIONS OIGGRAPH Hk.

3D ray tracing and edge sampling
camera

spatially-varying shading

differentiating PDFs in interior derivatives
stratification
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3D RAY TRACING AND EDGE SAMPLING S|6GRAPH H%‘ﬁﬂ

light source

(- =f) (n-yydr

L 4 * V'S

blocker ()

what are these?

shading point 1 Li et al. 2018 & Zhang et al. 2019 derived the equations

iImplementation at
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https://github.com/BachiLi/diffrender_tutorials
https://github.com/BachiLi/diffrender_tutorials

CAMERA SIGGRAPH .

linear projective cameras: a preprocessing pass

other cameras: use the 3D formula and backprop to camera
parameters

also works for defocus blur




SPATIALLY-VARYING SHADING 7 SI6GRAPH H%'fm

Should be handled in the interior derivatives
Use a smooth texture reconstruction filter (e.g., trilinear interpolation)
mipmapping is extremely important for variance reduction

compute 1nterior derivatives ( )
for ( vy = 0U; y < adjoint.height; y++) {
for ( x = 0; x < adjolint.width; x++) {
for ( dy = 0; dy < sgrt num samples; dy++) {
for dx = 0; dx < sgrt num samples; dx++)
hit 1ndex = -1;
raytrace (mesh, screen pos, &hit index);
if (hit i1ndex != -1) {

d colors[hit 1ndex] +=
adjoint.color[y * adjoint.width + x] / samples per pixel;

J
J
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DIFFERENTIATING PDFS IN INTERIOR DERIVATIVES - SIG6RAPH i

PDF in importance sampling = Jacobian for reparametrization
The Monte Carlo estimator is correct whether you backprop through the PDF or not

unclear which one has lower variance, pick the one that is more computationally
convenient

IVHf(x; 0)dx x=g()

— [( Vo f(x;0)) @dy differentiate -> reparametrize
x—g(y) dy
dx
= | Vg | f(x;0) — | dy  reparametrize -> differentiate
x—=g() dy
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STRATIFICATION 7 SIGGRAPH it

low discrepancy samples, stratified sampling, etc can all be used
stratifying differentiable rendering is an unsolved problem

sEERE,
o* 'S

%e
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RETROSPECTIVE: MITSUBA S|6GRAPH }]'E‘Y'Hﬁﬂ

Mitsuba is an open source physically-based rendering system

Common platform for rendering research (many papers at
SIGGRAPH (Asia), EG, EGSR, etc., build on it)

~ 120 plugins (highly modular architecture)
~ 180’000 lines of C++ code

BUT: did not provide a number of key features:

o el

Vectorization Differentiable rendering




WHAT TO DO? SIGGRAPH .

Hack Mitsuba to support all of these features?

Not a good idea: each change touches almost every file of the renderer.
Want to support various combinations as well

=

Create new programming language for developing rendering systems?
Could deal with variants using automated program transformations.
Don’t have the manpower for such an effort.
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OUR APPROACH: PROGRAM LIFTING 7> SIGGRAPH 1.

Let the type system do all the hard work

Write 1 generic implementation and create
variants by substituting types.

Key C++ features that enable this
Templates
Variadic templates
Compile-time computation
if constexpr (...) {}
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ENOKI IGGRAPH ~

f1oat

'

CUDAArray<float>

'

DiffArray<CUDAArray<float>>

'

Spectrum<DiffArray<CUDAArray<float>>>

'

MuellerMatrix<Spectrum<DiffArray<CUDAArray<float>>>>

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION



MITSUBA 2 ARCHITECTURE 7~ SIGGRAPH [

2020 $2020.5166RAPH.ORG
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MITSUBA 2 ARCHITECTURE 7~ SIGGRAPH [

2020 52020.3516GRAPH.ORG

Scalar backend Vector backends CUDA backend Autodiff backend
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DIFFERENTIABLE RENDERING IN MITSUBA 2

Point2f sample sampler->next _2d();

$—[ Renderer

/ Reverse-mode AD

\[ Lazy JIT compiler
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INTRODUCTION

fma.rn.Ftz.5t0 $r0, $r1, $r2, $r3

[evaluated array]

Label: “view 01"

Type: cuda 32 | size: 1

o [ 1 | T

1

mul ftz.$t0 $r0, $r1, $r2

1 [Type: cuda 32
0 #1s9 | E:

3

size: 1024
e | 11

[evaluated array]

Label: "view 11"

fma.rn.ft2.5t0 $r0, $r1, $r2, $r3

[evaluated array]

[owi [ oo [ o]

mov.$b0 $ro,

[evaluated array]

Label: "view 2 0"

Type: cuda £32 | size: 1

ate

o | £ | 1o

array]

mul.lo.$te $re, $r1, sr2 | | [evaluated array]
| Type: cuda usa [size: 1024 | |Type: cuda ued | size: 1024 |
[oms [ te [ 11 | Lmme | &1 [ 12|

[[mov.-$be sre, ext

00000030 | [ mov.$bo $ro, exeeeeee12

N

] [_add.ste sre, sr1, sr2

[ype: cuda ua2 [ size: 1

[iyper cuda w32 | size: 1

| [Tope: cuda uea | size: 1028 |

[0 [ ge |

13 ] [ [ee |12

s | ee [ 1 ]

1

shr.$be $re, $ri, $r2 | | shr.st

b0 $re, $r1, $r2

| [ ehr-so0 0, 51, 82 ] |

shr.$bo $re, $r1, $rz_|

[ mu1.10.5te sre, $r1, sr2 |

[yper coda ued | Size: 1024 | | Type: cuds ued | Size: 1034 | | Type: cuda ues | Size: 1624 | | Typer coda ued | Size: 1024 | |2

[iyper cuda ued | Size: 1024 |

[

o | 11

| [omz [ &o [ 1 | [mmes [ o [ 1 | |

o | o | 1]

[wmw | eo

1]

1 1

1

[xor.sbe sre, sr1, sr2 |

cvE.$te.stl $re, $r1

| [movsbo sre, owaceeoeid | |

cvt.$te.stl o, ¢

r1 | [ xor.sbe sre, $r1, sr2

add.$to sre, $r1, sr2_|

[Typer coda uea | Size: 1024 | | Type: cuda w3z | Size: 1024 | |Type: cuda sz [Size: 1| | Typer coda uaz | Size: 1024 | | Type: cuda ued |

ype: cuda ued | size: 1024 |

[ | ee

1| [wan | we | 12

| [owm [we [ 12 ] [ mwws | ge | 12

o 7142 | E

21

T

2

Size 16| [
o [ 1

[shr.sbe $re, sr1, sr2_ | |

not.$be $re, $ri

| [mov.sbe $re, oxeeeeeeer

not.$be $re, $ri

| [shr.sbe sre, $r1, srz

[momws | co

I
[ype: cuda ues | Size: 1024 | | Type: cuda ui | Size: 1024 | | Type: cuda w3z [ Size: 1] | Typer cuda ua2 | Size: 1024 | | Type: cuda ue | Size: 1628 |
I

[ 1 | [ [ ee [ 11 | [mws [eo |12 | [ wems [ e | 1 | [ mma | o [ 1a ]

1

1

2

2 1

1

[ evtostosta sre,

sr1 | [ add.ste sre, sr1, $r2

| [mov-sbe sre, oxeececerr | |

add.ste sre, sr1, sr2 | |

Cvt.$te.3t1 $ro, $r1

[yper coda ua2 | Size: 1024 | | Type: cuda ui | Size: 1034 | |Type: cuda usz [ Size: 1| | Type: cuda ui2 | Size: 1028 | | Type: cuda uiz | Size: 1038 |

w40 | E:1

[wwm | & | 12 | [ mmw | &e | ta | [ows e | 12 | | wwe | & | 11 | | wme | Ee | 12 |
1 1 2 2 1 1
[shr.sbe $re, sr1, sr2 | [and.sbe sre, sr1, sr2 | [and-sbe sre, sr1, sr2 | [ shr.sbe $re, sr1, sr2
[Type: cuda uz2 [ size: 1024 | 1 [Type: cuda u32 [ size: 1024 | [ Type: cuda u32 [ size: 1024 | 1 [Type: cuda 32 [ size: 1024 |
[omm [ e [ 11 ] [omm [ ee [ 10| [ [ o [ 11 [omw [ ee [ 10|
2

_Sh].the $r0, $r1, $r2

0 #130

[eo [ 5 |

_Shlvsbe $re, $r1, $r2
Toper cude w2

[ or.sbe sre, sr1, $r2 [mov-sbe sre, exeeeeeees | [or.sbe sre, sr1, sr2 |

[Tope: cuda u32 | Size: 1074 | [Type: cuda us2 [ size: 1] [Tope: cuda v32 | Size: 1074 |

[wwn | & | 1a [ [ e | 17 ] [wwms | & | 1 |
[shr.sbe sre, $r1, sr2 | [mov.sbe sre, ex3fseeeee | [ shr.gbe sre, $ri, srz |

[evaluated array]
Label: "view 00"
Type: cuda f32 | size: 1
e | £a [ 12

1

mul.ftz.5t0 $r0, $r1, $r2

2 | 1 [Type: cuda £32 | size:
#1158 | E:e
3

[Type: cuda u32 | Size: 1024 | | Typer: coda w3z | Size: 1| |Type: cuda usz | size: 1624 |

[ [ &o [ 11 | [wmn [we |12 ] [ mws | &0 [ 11 ]
1 2 2 1
or 500 $r0, $r1, $r2 or.$b $r0, $ri, $r2
Type: cuda uiz Toper cuda w2 | Size: 1038
1 1
mov.$b@ $re, $ri | [mov.'$te sre, ef3fseeee |
[Type: cuda 732 [ size: 1024 | [Type: cuda 732 [ s1ze: 1]
[wwms | o | 11 ] [ [em [ 12
nov.$bo $re, $ri
1 2 Type: cuda £32 [ size: 1024
w55 | Ee | 1:1
evaluated arra
Sub.ftz.5te $re, $ri, $r2 I il
Label: "view 0 2"
Type: cuda £32 | size: 1024
Type: cuda £32 | size: 1
38 | B9 | T8
o | E1 ] 12 X
2 2 2)1 2 1 1

1024 2 | 2 [Type: cuda f3:
11 0 #160

[evaluated array]

mul ftz.$t0 $re, $r1, §r2

2 [ size: 1024
Ee | 11

3

mul.ftz.5t0 $r0, $r1, $r2
Type: cuda £32 | size: 1624

D #lel | E:e | 11

3

Label: "view 1 0"

[ Fna.rn.ftz.ste sro, $r1, sr2, $r3

[evaluated array]

sub.ftz.$t0 $ro, $r1, $r2

Label: "view 12"

I
Sizer 1024 | [Typer cuda 32 [ Size: 104 |
I

[evaluated array]
Label: "view 0
Type: cuda 32 | size: 1
E1 | 12

Fa.rn.ftz.$t0 $ro, $ri, $r2, $r3

T 1412

[evaluated array]

Label: "view 1,
Type: cuda 32 | size:
w7 | B | 1

[evaluated array]

Label: "view 11"

Type: cuda £32 [ size: 1

Type: cuda 32 Size:

oo | £5 | 1

0 4205 B0

1

[evaluated array]
Label: "view 21"
Type: cuda £32 | size: 1
wes | E:3 | 11

fma.rn.ftz.5t0 $r0, $r1, $r2, §r3

[evaluated array]

Label: "view 12"
1024 —

Type: cuda £32 | size:

T1

e | €3 | 11

fma.rn. ftz.$t0 $r0, $r1, $r2, $r3
Type: cuda £32 Size: 1024
D #209 E0 11

1 3

fma.rn. t2.9t0 $re, $r1, $r2, $r3
Type: cuda £32
0 4213 E:2 T:e

Size: 1024

ot ezt $ro, &1, 572 |

fma.rn.ftz.5t0 $r0, 1, $r2, $r3

mul.ftz.5t0 $re, $r1, $r2 |

fma.rn. ftz.5t0 $r0, $r1, $r2, $r3

[
[“yper cuda 32| size: 104
[

I [
| [yper cusa 732 [ size: 024 ] |
I [

|
Sizer 10|
J

[evaluated array]

Label: "view 13"

[ Type: cuda f32 [ size: 1024 | Type: cuda 32 —— Type: cuda £32
[owmss [ &1 [ 1o | [ wwms | wo | 13 | [owwr [ ea [ 1a ] [ mwer | we | 11 ] |Leeicses2[sie o v
o we | €3 | 1
1 3 ] 2 2 23 7
[evaluated array] [evaluated array]
fma.rn.ftz.$t0 $ro, $ri, $r2, $r3 — - [#na.rn.ftz.ste sre, sr1, $r2, $r3 | [ mul.ftz.$te sre, sr1, $r2 |
Label: “view 2.2
Typer cuda 32| _size: 104 2 [Toper cuda 2| size: 1024 | |Type: cuda 52 | size: 1028 |
Type: cuda £32 | size: 1
e | te | 11 [owmu | e | ta | [ wws | 64 | 1 |
106 | €3 | 11 o me7 | €3 |
3 1 7 32 2 1 2

#ma.rn. £tz.5t0 $re, $r1, $r2, $r3
Type: cuda 32
0 n214 E:2 T:0

Size: 1024

fma.rn. Ft2.9t0 $r0, $r1, $r2, $r3
Type: cuda 32
0 w215 £:2

Size: 1024
T:e

fma.rn. tz.9t0 $re, $r1, $r2, $r3

[evaluated array]

Label: "view 10"

Size: 1024
Type: cuda £32 | size: 1
E) T1
oo | 3 | T
3 1

fma.rn.ft2.5t0 $r0, $r1, $r2, $r3
Type:_cuda 32 Size: 1024
0 #208 B0 T:1

3

fma.rn.Ftz.5t0 $r0, 1, $r2, $r3
Type: cuda 32 Size: 1024
0 w212 E:2 T:e

Type: cuda 32| Size: 1024 Type: cuda 32| Size: 1024 [ Type: cuda 32 Type: cuda 32| Sizer 1o24
Type: cuda £32 | size: 1 Type: cuda £32 | size: 1 Type: cuda 32 | size: 1
Dwes | € | 11 e | £ | 14 [wwe | ®e [ 11 o s | €5 | T4 wwes | e | 1
s | 1 ] 1 s | 1 | 11 s | 1 | T
3 1 3 1 372 2 2 1 2 3 1
[evaluated array] [evaluated array] [evaluated array]
Fna.rn.ftz.$t0 $r6, $r1, $r2, $r3 = fna.rn.ftz.$t0 $ro, $r1, $r2, $r3 = fna.rn.Ftz.$t0 $re, $ri, $r2, $r3 na.rn.ftz.$t0 $re, $ri, $r2, $r3
- Label: "view 3 0" - Label: "view 3 2" -
Type: cuda 32 | size: 1024 = Type: cuda £32_ | size: 1024 = Type: cuda £32_ | size: 1024 = Type: cuda £32 | size: 1024
Type: cuda £32 | size: 1 Type: cuda £32 | size: 1 Type: cuda £32 [ size:
1 #167 E0 i1  #166 0 T1 0 #168 0 T1  #169 30 i1
e | 1 | 1 o | i | 1 s | e | 1
1 2 1 2 1 2
evaluated arra
u 4 add.ftz.5t0 $r0, $r1, $r2 add.tz.$t0 $ro, $r1, $r2 2dd.Ftz.$t0 $r0, $r1, $r2
Label: "view 3 1"
Type: cuda £32 | size: 1024 Type: cuda 32 | ize: 1024 Type: cuda £32 | size: 1024
Type: cuda £32 | size: 1
e | E:e | 12 72 | Ee | 17 w73 | Ee | 12
s [ 1 | 1L
1 1 1 2 1 1 2 1
[ add. fez-ste $ro, $r1, sr2 | [div.rn.ftz.te $re, $r1, sr2 [[rcp.approx.ftz.ste sre, sr1| [[divirn.tz.3t0 $re, sr1, $r2 |
[Tope: cuda 732 | Size: 1024 | | Typer coda 52 | size: 1028 2 [ype: cuda 732 [ sizes 102 |\ | Toper cuda 32 [ size: 1024 |
[wan [ ee | 12 | [ man | &4 | 15 [omn [ ea [ 12 ] \[ was | &1 ] 1o
| neg.ftz.ste sre, sr1 | [ neg.ftzstesre, sr1 | [ neg.ftz.ste sre, sr1 |
1 1/ s 1 > [Typer cuda 32 [izes 1024 | | |2|1 [Tope: cude /32 [size: 1024 | | Types cuda 32 | size: 1024 |
[ | &o | 11 | [wwmm | &0 [ 1| | mms [ &o | 11 ]
[Cmulftz.5te $ro, $r1, $r2 | | div.rn.ftz.5t6 $re, $ri, $r2 | | neg.ftz.5te sre, sr1 | mul.ftz.$t0 $ro, $ri, $rz
[ype: cuda 32 ] Size: 1024 | | Typer cuda 32 | size: 1024 | [Type: cuda 32 ] sizer 1024 | 1 [Type: cuda 32 ] Sizes 1024 1 1
[wwms | &o [ 11 | | wem | &2 | 13 ] [wwm | & | 11 ] o | o | 14
3 1/2 2 2
[#ma.rn.ftz.ste sre, sr1, $r2, $r3| [div.rn.ftz.$te sre, $ri, $r2 | | mul.ftz.$te $ro, $r1, sr2 | [ mul.ftz.$te $ro, $r1, sr2 | [ mul.ftz.$te $ro, sr1, sr2 | mul.ftz.3t0 §re, $r1, $r2 |
[ ype: cuda 32| Size: 1024 | | Type: cuda 32 | Size: 1024 | |Typer cuda 732 | Size: 1024 | | Type: cuda 132 | Size: 1024 | | Type: cuda 32 | Size: 1024 | | | Typer cuda 32 | Size: 1024 |
[wmss | Ee | ta | [ wws | &4 | 13 | | www | €1 | Te | [ wws | €1 | e | | mms# | &1 [ 1w |/ [mwaw [ &1 | T ]
3 /2 1
fna.rn.tz.$t0 §ro, $r1, $r2, $r3
Type: cuda £32_ | size: 1024
71 o T
1
rsart.approx. tz.$t@ $r6, $r1
1 [ Typer cuda £32 | size: 1024
 #191 €3 T6
1 F) 2
evaluated arr: evaluated arra evaluated arra evaluated arra
. e2 L ftz.5t0 $ro, $r1, 512 & il L. Ftz.5t0 $r0, $r1, $r2 [ v] R 1
Label: "view 0 1" Label: "view 0 2" Label: "view 0 3" Label: "view 0 6"
1 [Type: cuda 32 | size: 1024 Type: cuda £32 | size: 1026 1
Type: cuda f32 | size: 1 Type: cuda £32 | size: 1 Type: cuda £32 | size: 1 Type: cuda £32 | size: 1
w2 | Ee | I 9% | E:8 | 18
s | £4 ] s | £a | 12 o | £4 | 12 s | £ | 12
22 1 2 2 2 2/1 1
[ mut-Fez.ste sro, $r1, sr2 | [ mul.ftz.$te sre, sr1, sr2 | [ mov-$te sre, efbroeece | [(mul-fez.ste $ro, $r1, sr2 | mul.ftz.$te $ro, $ri, $r2 mul. ftz.$t0 $re, $ri, $r2
1 [Typer cuda 32 [ size: 1024 | |Type: cuda 732 [Size: 1028 | | 2 [Typer cuda 32 [sizes 1] | 1 | Toper cuda 32 | size: 1024 | 2 [Typer cuda 32 [ size: 1024 2 )1 2 Typer cuda 32 [ size: 1024 | |1
[wwme | &o [ 1a | [ mas | 6o | i1 [ [ &0 [ 14 ] [wre | 6o | 11 | Dwes | Eo | 11 e | Eo | 11
3 1 3 3 3
|

[evaluated array]

Label: "view 2. 0"

Type: cuda £32 [ size:

o wmes | E:3 | 11

u64l| Size: 1024

=

1|I:e

+

re, $ri, $r2

64 | size: 1024

E:0 | I:1

1

$rg $ri, $r2

u64

Size: 1024

I:1

$ro, $ri

u33

[ size: 1024
Fo | I1:2

1

re, $ri, $r2

uda

32 | Size: 1024

2

E:0 | I:1




DIFFERENTIABLE RENDERING IN MITSUBA 2 3|ﬁﬁRAPHHE%'§H

Point2f sample = sampler->next 2d(); - Compilation is fast ("'1 00 US)
Ray3f ray = camera->sample ray(sample); (jUSt haSh table |00kUPS +
string concatenation)

- PTX(CUDA), soon: LLVM (CPU)
- Caches compiled kernels

- Can prototype rendering code
in Jupyter notebooks with

&‘_[ ~onderer ] reasonable performance.

o / Reverse-mode AD
\ '\\‘\ 1’71
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Point2f sample = sampler->next 2d();
Ray3f ray = camera->sample_ray(sample);

SurfacelInteraction3f si = scene->ray_intersect(ray)

- [ I 1 I I O
—— i!l!! :égg---.........l“'
M

o« [ I I I I I I
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USAGE IN PYTHON SIGGRAPH it

import enoki as ek
import mitsuba
mitsuba.set variant( gpu autodiff rgb')

from mitsuba.core import Float, Thread

from mitsuba.core.xml import load file

from mitsuba.python.util import traverse

from mitsuba.python.autodiff import render, write bitmap, Adam

# Load example scene
Thread.thread().file resolver().append( bunny')
scene = load file( 'bunny/bunny.xml’)

# Find differentiable scene parameters
params = traverse(scene)

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION



USAGE IN PYTHON SIGGRAPH it

opt = Adam(params, 1lr=.02)

for it in range(100):
image = render(scene, optimizer=opt, unbiased=True, spp=1)
write bitmap( 'out .png’ % 1it, image, crop size)
ob _val = ek.hsum(ek.sgr(image - image ref)) / len(image)

ek.backward(ob val)

opt.step()

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION



DIFFERENTIABLE RENDERING IN MITSUBA 2 OSWERAPH{]*["Y'H;‘"

Rendering

algorithm

0X

Reverse-mode AD

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION

Gradients

Roughness o

Diffuse color

]
|
_—

td B L 3

SWEL SN R
Diffuse texture.
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WAVEFRONT VS MEGAKERNEL 7~ SIGGRAPH [

2020 $2020.5166RAPH.ORG

Camera sampling

Emitter evaluation

Automatic
GPU :
memory conversion

<
®
Q
Q
=
D
)
D
®

EISSENEISEIN
EISSEREISEIN
EISSEXEISEIN

BSDF sampling

ﬂ‘ Wavefront

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION

Q‘ Megakernel
- g



DIRECT ILLUMINATION USING PATH-SPACE FORMULATION - SIGGRAPH [,

2020 52020.3516GRAPH.ORG

Parameter: rotation angle of the object

- Positive

Negative

* Implementing differentiable direct illumination using the path-space formulation

//'” S—— —_—— —— . I I - e ———————— — _ *:N

| Still nontrivial with complex geometry & motion! '
\ R ; )

e —— — e — ——— — — = — T T I __ — . __ S
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DIRECT ILLUMINATION USING PATH-SPACE FORMULATION - SIGGRAPH .

Spatial-form direct-illumination integral Material-form direct-illumination integral
[ = du(x [ = ) | du(
i = JiXg = X| = X;) du(X) i= fi%o = Xp = Xy) | = | du(p)
My T M} e e
- X = J(P)
7t controls the position of the area light 7t controls the position of the area light
71'0 | | 71'0 | |
X A Po

&2
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DIRECT ILLUMINATION USING PATH-SPACE FORMULATION - SIGGRAPH .

Material-form direct-illumination integral = Material-form differential direct-illumination integral
i df /PN B
du(p) :: > — = J —(p) du(p) + J g/(p) du'(p)

Interior integral

_ du(X)
= J'/l =% = X2)| du(p)

Original Consider the problem of estimating de/dﬂl B
light path =70

X equals p in value but has nonzero derivative:
dx,/dzr = dX(p, n)/dx
This can affect d]?-(f))/ dr via:

Emission L.(Xy — X;)

Geometric term G(X; <> X;)

BSDF f.(X, = X; = X,)

Jacobian determinant | dA(x,)/dA(p,) |

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION IMPLEMENTATION: PATH-SPACE DIFFERENTIABLE RENDERING



DIRECT ILLUMINATION USING PATH-SPACE FORMULATION - SIGGRAPH .

Material-form direct-illumination integral = Material-form differential direct-illumination integral

. dI, df,
I = J 105 =% = %) | g [dud) ) - = J ——(p) du(p) +J (D) du'(p)
Y/ M

du(p) dr - dr oM

Interior integral

Original Consider the problem of estimating de/dnl B
light path =70

Interior integral estimated using standard methods:
Using scene geometry ./, = 4 ()
Sample camera ray (through pixel j) that gives p,, p,

Sample p, using MIS (area + solid angle sampling)

P - — — — =

‘//"“”‘ S 0 N
| How p, is drawn does NOT affect

| dxy/dz = dX(py, n)/dx

VY

\

[\

[

4

Y

.

\

i

)

N\ '//
NS

e ———————— = == e —— — _//
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DIRECT ILLUMINATION USING PATH-SPACE FORMULATION - SIGGRAPH .

Material-form direct-illumination integral = Material-form differential direct-illumination integral

du® | d/; df, o
b= fm—x-0)|gs|e® > Z=| ZOa®+ | @)
M e dzJ ,:dm 0.3

X, = X(p,, 70) with M, = M(my)

7t controls the position of the area light

71'0 | |
Po

P
can be handled easily

using edge sampling

P,

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION IMPLEMENTATION: PATH-SPACE DIFFERENTIABLE RENDERING



DIRECT ILLUMINATION USING PATH-SPACE FORMULATION - SIGGRAPH .

Material-form direct-illumination integral = Material-form differential direct-illumination integral

du® | d/; df, o
b=| o= xi—ox)|ga|d® ) —I=| —@ddm+ | g )
M e dz g dr 0.1
= J{(P)
Xi = X(pi’ 71') ﬂo — ﬂ(ﬂo)
7t controls the position of the area light
T | |
) Py Consider the problem of estimating d/;/dz |ﬂ:ﬂ0
Determined uniquely by the PoP;
The PoPi:
pB Resides within a 3D manifold

ZQ: For polygonal meshes: can be parameterized with

5}\ pB on a face edge (1D) + p, on the light source (2D)

P, Should be importance sampled with a pdf gj(p)

Sampling can be guided easily!
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COMPONENT-WISE VISUALIZATIONS 7 SIGGRAPH

2020 52020.3516GRAPH.ORG

Parameter: rotation angle of the object

Derivative
(interior)

Original

l Positive

Derivative Derivative

(primary boundary)

(secondary boundary)

Negative
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CLOSING NOTES SIGGRAPH .

Physics-based differentiable rendering is a rich topic, and we are just getting started

Solving inverse-rendering problems is not only about differentiation
What loss to use?
How to avoid local minima®?
How to handle non-differentiable things like mesh topology?
How to efficiently integrate physics-based rendering into machine learning pipelines?

We look forward to future collaborations on all these topics!

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION CLOSING
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AVAILABLE POSITIONS (4 PHDS & 1 POSTDOC) " SIGGRAPH [t

-
o & &

EPFL — La usanne, Switzerland
2020 @S World University ranking: #8 in computer science.
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Apply to UCSD too!

apply to the graduate program/postdoc if you want to work on
differentiable graphics!

Center
for Visual

UCSan Diego

Computing

JACOBS SCHOOL OF ENGINEERING

faculty: Ravi Ramamoorthi, Henrik Jensen, David Kriegman, Manmohan
Chandraker, Hao Su, Albert Chern, Nuno Vasconcelos, Xiaolong Wang, Thomas
DeFanti, Jurgen Schulze, Zhuowen Tu, and ... me!



THANK YOU 7 SIGGRAPH 11

)

TOYOTA

RESEARCH INSTITUTE

Funding agencies

SWiISS NATIONAL SCIENCE FOUNDATION

Collaborators

Miika Aittala, Frédo Durand, loannis Gkioulekas, Nicolas Holzschuch, Jaakko Lehtinen, Guillaume Loubet,
Bailey Miller, Merlin Nimier-David, Ravi Ramamoorthi, Delio Vicini, Lifan Wu, Kai Yan, Tizian Zeltner,
Cheng Zhang, Changxi Zheng

Course website:

PHYSICS-BASED DIFFERENTIABLE RENDERING: A COMPREHENSIVE INTRODUCTION CLOSING


https://shuangz.com/courses/pbdr-course-sg20/
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