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1. Introduction

In Computer Graphics, a popular technique for rendering photo re-
alistic images is raytracing. Since ray tracing leverages the proper-
ties of the materials of the objects in the scene, a natural extension
to the rendering problem would be to extract the exact properties of
the materials, lighting, etc. given an image of the scene. However,
since ray tracing is non-differentiable at some points and calculat-
ing the analytic gradients is a very tedious task, it has been difficult
to present a general inverse rendering method. As such there is only
one framework in our knowledge, redner[ 7], which has been able
to do so by using analytic gradients.

In this paper, we explore the idea of differentiability through
a renderer, by leveraging the AB) in Julia[?]. We present a fully
general renderer capable of handling complex scenes and able to
differentiate through them. We don’t rely on analytic gradients but
use source-to-source AD to generate efficient gradient code in the
backward pass.

Torphato realisticsgndering is ray tracing. However, for
<1 rasterization i§ zged.

real time rendering algorim

be used in combinalion with any mac hine learning / deep 1eN\ning
model to train them in a fast and efficient manner.

However, as usual it is difficult to compute efficient deriva)
tives from a production-ready renderer, typically written in a per-
formance language like C++. This provides the primary motivation
towards the development of RayTracer.jl. We develop an entire gen-
eral purpose ray tracer in a high level numerical computation lan-
guage. The presence of strong automatic differentiation libraries
like Zygote.jl make it trivial to compute efficient derivatives from
the renderer.

RayTracer.jl [5] is a package for Differentiable Ray Tracing
written to solve this particular issue. It relies heavily on the source-
to-source automatic differentiation package, Zygote for computing
gradients with respect to arbitrary scene parameters. This package
allows the user to configure the location of objects, lights and a
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The package title mislead me: | was expecting a RayTracer, which solves a graphics problem, but the author's emphasis is on inverse
graphics (a form of scene understanding.) I'd suggest adding to the paper title: RayTracer.jl: A Differentiable Renderer that Supports
Parameter Optimization for Scene Reconstruction.
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This paper introduces a raytracer built in Julia that allows the Zygote Automatic Differentiation tool to compute gradients of parameters.
One can then optimize parameter values for scene understanding or reconstruction.

The examples shown are toy experiments of obtaining camera or light parameters to match a rendered image. They demonstrate that
the combination works, which is good.

I would like to see some discussion of more interesting parameters, such as determining material properties from images. And more on
limitations: determining geometry seems out of reach because there are so many discrete choices: the problem is not differentiable.

How fast is the gradient computation after AD? (How fast is the AD?) How do these grow with scene complexity?
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The abstract really threw me for a loop -- it starts out like it is for a completely different paper. You will not be doing any experiments
that demonstrate significant training speedups, so that should not be the start of the abstract.
| suggest something like this:

In this paper we present RayTracer.jl, a renderer in Julia that is fully differentiable via Zygotejl. This means that RayTracer not only renders 2D images from 3D
scene parameters, but it can be used to optimize for model parameters that generate a target image in a Differentiable Programming (DP) pipeline. We
interface our renderer with the deep learning library Flux for use in

combination with neural networks. We demonstrate the use of this

differentiable renderer in rendering tasks and in solving inverse graphics problems.
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~ This is somewhat repetitive.

Date: 7/9/2019 4:24:13 PM

are

[better: avoid passive:: However, real-time rendering use algorithms like rasterization.]

You provide rasterization, too, so this way of presenting the background is strange. Most of this background is said elsewhere, so I'm not
sure you need this section. Move the content into the next.

x|Author: snoeyink  Subject: Cross-Out Date: 7/9/2019 4:25:24 PM

" You haven't mentioned path yet, so "the path" confuses.

|Author: snoeyink  Subject: Cross-Out Date: 7/9/2019 4:25:02 PM
"~ The ray is from the eye, so calling it a ray of light is confusing.

\\_ T|Author: snoeyink  Subject: Highlight Date: 7/9/2019 4:17:56 PM
~ You don't demonstrate any complex rendering tasks.
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was Technique -- don't change terms.
Ray tracing is computationally expensive
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" You are changing terms

computationally expensive = compute intensive

operation = technique?

And are you going back to general rendering or still referring to ray tracing?

Since rendering is computationally expensive, it is generally programmed in static languages like C++, making software development time
expensive. Static languages also lack support for
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antecedent of these (plural) is unclear, since you've only named one, C++.

Comments from page 1 continued on next page
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1. Introduction

In Compuler CAphics, a popu]ar technique for rendering photo 12

since ray tracing is non-differentiable at some pointand calculat-
ing the analytic gradients is a very tedious task, it #as been difficult
to present a general inverse rendering method. 44 such there is only
one framework in our knowledge, redner[7)/which has been able
to do so by using analytic gradients.

In this paper, we explore the idy4 of differentiability through
a renderer, by leveraging the AB) fn Julia[?]. We present a fully
general renderer capable of handling complex scenes and able to
differentiate through them. We don’t rely on analytic gradients but
use source-to-source AD to generate efficient gradient code in the
backward pass.

for photo realistic rendering is 24y tracing. However, {41
real time rendering algorithms like rag€rization i used.

Ray Tracing is a
3D graphics wuh uomplex %

in pi graphlu

Rendering being a compute jAtensive operation is gi/nerally
done in static languages like C+# This makes it very tim expen-
sive to develop the software. 4so, these languages lack
state of the art automatic diferentiation tools like Zygpte [3], Jax
[ 1], etc which are generyly implemented for languagks like Julia
and Python. As such /s difficult to develop differe iable render-
ers in those languag/ and then interface with populgf deep learning
software.

3. Differentiable Ray Tracing

There are several photo-realistic renderers fvailable which contain

vast amount of implicit knowledge. Differentiation allows such
renderers to make use of gradients to I£arn the inverse mapping
from an image to its parameter space. This knowledge can then
be used in combination with any machine learning / deep learning
model to train them in a fast and efficient manner.

However, as usual it is difficult to compute efficient deriva-
tives from a production-ready renderer, typically written in a per-
formance language like C++. This provides the primary motivation
towards the development of RayTracer.jl. We develop an entire gen-
eral purpose ray tracer in a high level numerical computation lan-
guage. The presence of strong automatic differentiation libraries
like Zygote.jl make it trivial to compute efficient derivatives from
the renderer.

RayTracer.jl [5] is a package for Differentiable Ray Tracing
written to solve this particular issue. It relies heavily on the source-
to-source automatic differentiation package, Zygote for computing
gradients with respect to arbitrary scene parameters. This package
allows the user to configure the location of objects, lights and a
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~ What is the support for this claim? How does the non-differentiability of model-building decisions limit it?
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~ You never come back to this issue. How does this affect what parameters you can optimize for?
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Automatlc Differentiation (AD)
[always spell out an acronym the first time you use it.]
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Fig. 2: Memory Allocation comparison between rendering wj,

camera in the scene. This scene is then interpreted by the renderer
to generate the image. RayTracer.jl is naturally interfaced with the

deep learning library Flux [], due to the common AD backend, for the yfape

It
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—— without BVH
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use in more complex differentiable pipelines.

4. Scene Rendering

Our approach to differentiable rendering is based on first creating
a general purpose renderer and then make use of efficient AD tools
for the differentiability part. Hence, at its core RayTracer is a fully
featured renderer. It contains functionalities for both raytracing and

rasterization. Volume Hierarchy [5],

gl
softof performance compromise,f the f
allow gradient computation.

4.1 Accelerating the Rend/rin;

To accelerate the renderiry

we don’t make ayy
Avikd pass (rendering/to

Process

/L procfss we
cceleration structure/ Bounding
is—supperted. We follow the ‘exact same

| —
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These plots take far too much space for the small amount of data they contain.

Why is the number of pixels the measure? I'd expect it to be number of mesh elements.
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isting [1] can be easily modified to generate all

Vec3(0.0£0, 1.0£0, 0.0£0)

Listing 1: BemGering the Utah Teapot Ma<er

5. Inverse Renderizz

Just like rendering can be thought of as the projectienoT 3D objects

into a 2D plane, the inverse rendering problem can be described as
the mapping of the 2D image back to the

screen_size = (w =
cam = Camera(
Vec3(1.0f0,
Vec3(0.0£0),
Vec3(0.0f0,
45 .00,
1.0%0,
screen_size...

10.0£0, -1.0£0),

1.0£0, 0.0£0),

)

origin, direction = get_primary_rays (cam)

scene = load_obj("teapot.obj")
Light Position
light = DistantLight(
Vec3(1.0£0),
100.0%0,

tions ot Ra}TracerJ] is for sorvs
Bemﬂ able to compule gradlen

is pretty straight forwa Tt
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Lose the brackets for Fig, Listing, Alg references, because it leads to ambiguity between them and references.

It is confusing to have Listing 1 and Algorithm 1; make them Algorithm 1 and Algorithm 2.
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This is an experiment that you have not described with enough detail to be replicated. What is the scene? Why is pixels the measure of
complexity? (And why is so much memory being allocated?)

Also, lose the [] around figure numbers.
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~ then
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Writing tip: Find and strengthen parallels. If you use the exact same sentence structure and word choice when you compare or contrast,
then the essential differences will pop out:

The rendering problem is to project 3D scene parameters to form an image on a 2D plane; the inverse rendering problem is the opposite:
mapping from the 2D image back to the parameters of the 3D scene.

Using the same words for the same concepts conserves the reader's energy for sorting out your ideas.
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~ Listing (be consistent.) Actually, make this Algorithm.
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problems (there is not one problem, but many, depending on the parameters you choose to solve for.)
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Fig. 3: Utah Teapot Render from three different views. The camera definition shown in Listing [1] can be easily modified to generate all

these views.

API for ray tracing using these accelerators. In this case instead
of passing a Vector of Objects we wrap it in a BoundingVol-
umeHierarchy object and pass it. So in order to use this, we
would have to change the scene variable to BoundingVolumeHier-
archy(load_obj("teapot.obj")).

‘We show the benefits of using Acceleration Structures in Fig-
ures [1] and [2]. As can be seen from the plots we not only get a
good performance gain (Figure [1]) in terms of speed, we also end
up allocating much less memory (Figure [2] on using Bounding
Volume Hierarchy.

4.2 Rendering the Utah Teapot

In this section we shall render a very popular model in computer
graphics: the Utah Teapot. We simply load the modgl fmm awave:
front object (obj) file. Suppertfor-other—ty {ih t 1
through the MeshlIO.jl package wﬂ«h de[mes llle lCddCl’ Ior common
mesh object files. Onee-thest s + ‘ p-is-tg con-
figure the other elements in the scene - the camera and the light(s).
Seripy [ 1] illustrates the code for rendering the teapot model.

= (w = 512, h = 512)

= Camera(
Vec3(1.0f0, 10.0f0, -1.0£0),
Vec3(0.0£0),

Vec3(0.0f0, 1.0f0, 0.0£0),
45 .00,

1.0%0,

screen_size

cam

)

origin, direction = get_primary_rays (cam)
scene = load_obj("teapot.obj"
light = DistantLight(

Vec3(1.0£0),

100.0£0,

Vec3(0.0£0, 1.0£0, 0.0£0)

color = raytrace(
origin,
direction,
scene,
light,
origin,

2

Listing 1: Rendering the Utah Teapot Model

5. Inverse Rendering

Just like rendering can be thought of as the projection of 3D objects
into a 2D plane, the inverse rendering problem can be described as
just the opposite. It is the mapping of the 2D image back to the
parameters of the scene.

As-we-have-mentioned-previeusly; one of the primary me
tions of RayTracer,jl is for solving the-preblem-of inverse gr;
Being able to compute gradients w#§ any scene paramete
that we can optimize that parameter. The optimization algorithm
is pretty straight forward and is general enough to work for any
arbitrary parame¥ér. We describe the algorithm in £

6. Experiments

In this section we showcase our differentiable renderer. Using the
following two experiments we validate the functionality of the gra-
dients of our renderer. In both the experiments we make use of the
Adam optimizer as de
Flux to use these optimizers. As an alternative, we have tested the
functioning of our package with the optimizers present in Optim.

demonstrate that we can use AD gradients to recover camera or lighting parameters for a scene.
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(b) Target Image to be recon-
structed

(a) Image with uncalibrated
camera

Fig. 4: Calibration of Camera Parameters to reconstruct Image [4b] from Image [4a]

Sum Squared Loss

100(-

o M 20 g % 50
erations
(a) Loss Values over the Light ConfigdTation Optimization Pro-

cess

Algorithm }A:ﬁradiem Based Optimization of Scene Parame-
ters
Result: Optimized set of Camera Parameters

1 Initial Guess of Parameters;

2 while not converged or iter < max_iter do

3 | gs = gradient(params) do

s img = rendered image with params;

5 loss = mean_squared_loss(img, target_img);
6 end;

7 for param in params do

8 ‘ update!(optimizer, param, gs[param]);
9 end

10 if loss < tolerance then

1 | converged = True;

12 end

13 end

1(1), 2019

Difference

Image after 120 iterations

(¢) Image obtained after optimization

(c) Initial Guess of Light-
ing Parameters

(e) Image with converged
parameters

(d) Image produced after
10 iterations
Fiz’5: Optimization of the lighting conditions to reconstruct Image [5b] from Image [5c]

6.1 Calibration of Camera Parameters

In this experiment we start with the image of a rectangle unfler
some configuration of the Camera model. Our aim is to regon-
struct the image of this rectangle by modifying the focus ang the
location of the camera. We assume that all the other parametfrs of
the model, like the light configuration, position of objects, efc. are
known apriori.

We follow the standard algorithm as defined in {4 ‘or opti-
mizing the parameters. We make an initial guess of the parameters
and initialize the camera as:

camera_guess =
Camera (

Vec3 (5.0, -4.0, -20.0),
Vec3(0.0, 0.0, 0.0),
Vec3(0.0, 1.0, 0.0),
90.0,

3.0

screen_size

Page: 4
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/ It is unfortunate that the aspect ratio changes in the image from b to c. Can you fix that?
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~ Algorithm 2
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Adam optimizer is initialized with a learning rate of 0.05 and the
model is declared to have as converged if the loss falls below 10
Figure [4] shows the optimization steps.

In this experiment we describe our solution to the inverse lighting
problem. In this case we assume the knowledge of the geometry
and surface properties of the objects, camera position and the target
image of the scene.

For this experiment we try to optimize the lighting for a scene
containing a tree. We are given the target image with proper lighting

Page: 5

Subject: Inserted Text Date: 7/9/2019 3:43:49 PM

—  [%|Author: snoeyink

RGB values.
We minimize loss with the Adam optimizer, with learning rate 0.05, and declare the model to have converged if loss falls below 10.

[There is no need to switch to passive voice.]
\ 7|Author: snoeyink  Subject: Highlight Date: 7/9/2019 3:32:46 PM

As our loss function, we use the mean squared difference between rendered and target images, each with 512x512 pixels having fractional

To be able to replicate, or to understand what 10 means, | need to know more about your loss function. How many pixels? What color
space are you using? Are colors integers or fractions?
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To replicate this experiment one needs the details of how many lights and lighting parameters were used.
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conditions. We start with an arbitrarv lighting and thes
improve the lighting using algorithm [1].

‘We present the images generated during the optimization pro-
cess in Figure [5].

7. Conclusion

In conclusion, we have presented how juifd can be leveraged to
build differentiable systems. Integrating them with th
learning pipeline can make an end-to-end-di#fcrentiable pipeline.
Using this pipeline we candefme differentiable programming algo-
rithm on it to solve the problem. As expected makins the-piperme
differentiable allows us_to e @ huge amount of implicit
knowledge stored in the system.
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~ "the problem" is not well defined -- if the problem is "inverse graphics” then there are many non-differentiable decisions in creating a
model...
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Is the pipeline the system? The system is not defined, and the previous use was about Julia making fully differentiable systems.
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