Neural rendering (continued)
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Differentiable Primitive Rendering



Recap: Rendering Volumes

<}s
1. Draw samples along the ray

2. Aggregate their contributions to render



Rendering Primitives (e.g. Gaussians)
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1. Draw samples along the ray

2. Aggregate their contributions to render



Rendering Primitives (e.g. Triangles/Meshes)

(wasteful — we know where
the primitives are!)

2. Aggregate their contributions to render



Rendering Primitives

<}s
1. Find primitives that affect the ray/pixel

2. Aggregate their contributions to render



Today’s Goals

(Differentiable) Mesh Rendering via Ray-tracing
From Ray-tracing to Rasterization

Rendering via Gaussian Splatting (and some implementation
details)




Mesh Rendering via Ray-casting

1. ldentify the closest intersecting triangle

2. Compute appearance for intersection point

Note: ‘mesh’ is equivalent to a ‘triangle set’ for above algorithm!



Mesh Rendering: Ray-Triangle Intersection

1. ldentify the closest intersecting triangle

Given a triangle (v1, vz, v3) and a ray (xo, d):
p=Xo+ Ad
=avy + vy + (1 —a— F)vs

Can solve a linear equation to obtain:

Barycentric Coordinates: (059 6)

Distance along the ray: )\



Mesh Rendering: Ray-Mesh Intersection

1. ldentify the closest intersecting triangle

(*rough pseudo-code for illustration, not a complete executable function!)
mesh_ray_intersection(mesh, ray)
A_min = o
triangle mesh:
(a,B,A) = intersect(ray, triangle)
(0 < a,B, (1-a-B) < 1) A>0 A < A_min:
intersection = triangle, (a,B)

intersection

Exhaustive for loop not scalable, using spatial hierarchy!



Mesh Rendering

1. ldentify the closest intersecting triangle

mesh, ray — triangle, («, 5)

2. Compute appearance

triangle, (o, 8) — ¢ € R?




Mesh Rendering: Appearance

Option a: Per-vertex color representation

(V1,V27V3) = (01902703)
c=acy + fBcy + (1 —a— f)es

OPRO(E: Koy M EnrisgE per
ﬁig@|@_ear_§ggpple(a las,
)

Can also extend to lighting-dependent appearance
(using albedo as stored texture + surface normals)




Mesh Rendering

1. ldentify the closest intersecting triangle

mesh, ray — triangle, («, 5)

(«.p) are differentiable
20 PIEPYHEEE PPV ETER X
Pagitions <™
Color c is differentiable
Q: Is this yfferenfealey centric

A: Wegootrdinates




Mesh Rendering: Differentiability

o £ vortox S‘SL‘_’iIiLsni‘f?IﬁZti?Sf.e 1. rendering is
friangle discontinuous
/k
S TR,
occlusion/dis-

e.g., can make
the color more

redémmg

the position




Differentiable Mesh Rendering

1. rendering is
"’” discontinuous

1. Make triangles ‘soft’ Q 4 .
occlusion/dis-

2. Aggregate from muiltiple triangles

ixe 8z
o 6?de rim g iot it
0or! ace

Accelerating 3D Deep Learning with PyTorch3D. Ravi et. al. Alternative: visibility-aware differentiable rendering



Differentiable Mesh Rendering

‘f A

1. Make triangles ‘soft’ .

—A
= sigmoid(T)

soft ‘mask’ of a triangle depending on
(pixel-space) signed distance

(with a manually-defined cutoff, e.g., 10 0)

Accelerating 3D Deep Learning with PyTorch3D. Ravi et. al.



Differentiable Mesh Rendering

2. Aggregate from muiltiple triangles

Accelerating 3D Deep Learning with PyTorch3D. Ravi et. al.

1. Find K closest triangles that have a non-zero mask for
the current pixel (similar code as finding 1 closest
triangle)

2. Weigh each triangle based on mask and distance along ray

Wi o< my e /Y

can also model ‘background’ with a small default weight Wpg

3. Combine per-triangle appearance

C = E Wk CL
k



Differentiable Mesh Rendering

A

1. Make triangles ‘soft’

Rendered Rendered
w/ larger 7Y w/ larger 7Y and 0

Standard rendering

2. Aggregate from muiltiple triangles

Accelerating 3D Deep Learning with PyTorch3D. Ravi et. al.
Soft Rasterizer. Liu et. al.



Differentiable Mesh Rendering

Initialization Target image

Soft Rasterizer. Liu et. al.



Differentiable Mesh Rendering via Ray tracing

1. ldentify the closest K ‘softly’
iIntersecting triangles (and the
corresponding pixel-space SDF)

2. Aggregate appearance using
masks, depth-dependent weights,
and per-triangle appearance




Differentiable Mesh Rendering via Ray tracing

def render(mesh, camera):
### Iterate over all pixels
for pixel in camera.grid:
ray = pixel2ray(camera, pixel)

### Iterate over all triangles
for triangle in mesh:
S
# Find current K closest intersecting triangles

HHHHAHHH

### Iterate over triangles influencing this pixel
for triangle in sorted_k_closest:

Some redundant A
. . # Aggregate appearance
computation across pixels P

|dea: iterate over triangles just once (and store what pixels they affect)



From Ray tracing to Rasterization

Rasterization

Blending (+ Shading)

def render(mesh, camera):

### some structure to store K triangles
### for each pixel
sorted_k_closest_img = ...

### I1terate over all triangles
for triangle in mesh:
tri_2d = project(triangle, image)
Frptt
# Update closest_K_img for pixels within tri_2d
FrAat

### Iterate over all pixels
for pixel in camera.grid:
### Iterate over triangles influencing this pixel
for triangle in sorted_k_closest_img[pixel]:
HHHHHH I
# Aggregate appearance
e



From Ray tracing to Rasterization

Renderer

Accelerating 3D Deep Learning with PyTorch3D. Ravi et. al.



Differentiable Primitive Rendering

def render(primitives, camera):

#HH#
# Initialize a rasterization data structure

# (records influencing primitives for each pixel)
#H#

for primitive in primitives:
. . prim2d = project(primitive, camera)
Rasterization o

# Update rasterization data structure
A

for pixel in camera.grid:
] AL
Blendlng # Aggregate appearance from influencing primitives

#att




Differentiable Gaussian Rendering

What is the representation How to project to 2D How to model/aggregate
of a 3D Gaussian? and rasterize? appearance?
def render(gaussians, camera):
#HH

# Initialize a rasterization data structure
# (records influencing primitives for each pixel)
#HH

for gaussian in gaussians:
] ] gauss2d = project(gaussian, camera)
Rasterization
i
# Update rasterization data structure
i

for pixel in camera.grid:
] e
Blendlng # Aggregate appearance from influencing gaussians

#H#



Differentiable Gaussian Rendering

What is the representation How to project to 2D How to model/aggregate
of a 3D Gaussian? and rasterize? appearance?




Differentiable Gaussian Rendering

What is the representation How to project to 2D How to model/aggregate
of a 3D Gaussian? and rasterize? appearance?
1 -3V (x-p)
gv(x—p) = re 2 P P
2w|V |2

Factorize as scale and rotation: V = RSSTRT
Each Gaussian also has an opacity and view-dependent
color (via SH coefficients): ¢, C

Slide adapted from Vincent Sitzmann.



Differentiable Gaussian Rendering

What is the representation How to project to 2D How to model/aggregate
of a 3D Gaussian? and rasterize? appearance?
Ye

PL
¢ We can use the camera

extrinsics to transform each 3D
Gaussian to the camera frame

Camera
coordinate
system

Zc

World coordinate
system

N

p,R,S p/,R/,S




Differentiable Gaussian Rendering

What is the representation
of a 3D Gaussian?

/

P,

R.S

How to project to 2D

How to model/aggregate

and rasterize? appearance?
u _X_
Ye W(X) — u zlv|l =K 12/
1T: Projection function for L rdu

Tc

Camera
coordinate
system

Zc

mapping 3D points to pixels

2D mean: [2p = W(M:’,D)

2D covariance:

Q: What is the image-space
projection of a 3D Gaussian?

A: Can approximate as a 2D Gaussian!

(EWA Volume Splatting. Zwicker et. al., 2001)

o
J = a—X(NSD)
Sop = JY3pJt



Differentiable Gaussian Rendering

What is the representation How to project to 2D How to model/aggregate
of a 3D Gaussian? and rasterize? appearance?

1. Sort Gaussians from closest to
furthest from the camera
' 2. For each pixel u, compute opacity
for each gaussian Gy,:

pap = m(p3p)
- e (u—u5p) " (B55) 7 (u—psp)
2op = J23pdJ ar = ag

QW‘ESD‘M

(In practice, can rasterize ‘blocks’ instead of entire image as
not all Gaussians influence all blocks)



Differentiable Gaussian Rendering

What is the representation How to project to 2D How to model/aggregate
of a 3D Gaussian? and rasterize? appearance?

-— s .
Q -
v

Compute per-Gaussian weights based on opacities of current and previous Gaussians:
W = O H?;ll(l — @j)
Use per-Gaussian SH coefficients and ray
direction to get view-dependent color ¢,

Aggregate to obtain pixel color:

C = E WECE
k



Gaussian Splatting: Bells and Whistles

®e .. ° \}.
. ,: . ——¥ | Initialization | —» ‘
. .
SfM Points 3D Gaussians

3D Gaussian Splatting for Real-Time Radiance Field Rendering. Kerbl et. al.

Initialize with sparse
point cloud from SfM

Split/clone
Gaussians based on
heuristics















l@] This video contains a voice-over

3D Gaussian Splatting for Real-Time
Radiance Field Rendering

SIGGRAPH 2023

(ACM Transactions on Graphics)
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Fuzzy Metaballs: Approximate Differentiable Rendering with
Algebraic Surfaces

Leonid Keselman and Martial Hebert

ECCV 2022 (Oral)







Summary

def render(primitives, camera):
ittt : . s e ey
# Initialize a rasterization data structure Aggregatlng SOft .prlmltlv.es
along a ray allows differentiable

# (records influencing primitives for each pixel)

wE rendering

for primitive in primitives:
prim2d = project(primitive, camera)
#HiHH
# Update rasterization data structure

#H#

for pixel in camera.grid:
HHH#
# Aggregate appearance from influencing primitives

#H#

p2p = T(U3p)

Yop = JX3pJt

Projecting 3D Gaussians for 2D
rendering

Rasterization + Blending for efficient rendering



Generalizable Neural Fields

z ¢ R?

XER3I. R

——_




Recap: Rendering and

representation for vallimes
< <OmOOmOmimOminmOmtmn (X, w)—» ] — (0, C)
oy, = 0(X¢,) e
— L(x,w) ce[0,1]
Le(x¢,,w)

Pointwise density

Rendering algorithm (and color)



Scene-specific neural
representatl D
[.] 0,9

One neural network per scene (or object)



Scene-cnecific netiral







Scene-cnecific netiral







re

No generalization

Recap: Rendering and
nrecentatinn for

volumes







Scene-specific neural
repres: ‘,

d‘

’ p —:{; ‘v .
&\ N:‘.

%gx

100 training images Instance-specific NN

Can capture detailed shape and appearance

No priors across scenes/objects



Scene-specific neural
represet tatlon [. ]

No mechanism to hallucinate unseen aspects (e.g. left/front of object)




Goals
. Architectures and mechanisms for generalizable neural
fields (i.e., reusing/sharing parameters across scenes)

Review of different approaches and understand tradeoffs

Disclaimer: emerging research area (no ‘right’ way)




Neural flelds: coordinat

o ves

Radiance fleld (position, ) >

direction) -> (density,
_ [.II _ =

implicit field: (position)

N fimanlicaid FrilnmAatianm )

ES







Generalizable neural

Im ﬁiS s

Implicit field: (position)

-> (implicit function)
Q: How to design generalizable implicit function fields?

(hopefully similar principles may apply to radiance fields)



Instance-specific neural
Imp“CItS X€R3I.3€R f;s

f@IRgg%R

Implicit field (for
a single
For a 6-layer network with 1000-d iﬁé&taﬁe@)?bout 6M parameters per instance!
(position) ->
(implicit function)

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Latent Conditioning-based
neural iImpiig; J

X€R3I

fo :R3x%RY SR

Generalizable implicit
field:

EaC ct | ented b Corr pondlng
late érf Iér{bﬁ)%raRQ stance
The same ne(JH] pel{@latrJMQ&y%s all objects

(similar to occupancy net)
DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Latent conditioning-based

neural impﬁl‘%@

x € R?
fo :R3xRY SR

Generalizable implicit
field:

Q; What | d hifecture?
(Iatent CodB posItionT ->

Q: Given sommﬁ|w? ﬂ'J?Péﬂdﬁ)" tolearn f?

Q: How do we infer shapes for new instances?

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Learning via auto-
decodlngeWI.

xGRSI

<> Sk - S
1 - N ) (/
Z1 Z2 fo(-; z2) Z3
Initialize a (random) latent variable per-scene
Jomtly optlmlze neural network and per-
DeepSDF: Learning Continuous Signed Distan nctions for Shape Representation. Pa kt al.

—

6
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A/
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Learning via auto-
decodlngeWI.

xGRSI

4
<« w 7N k =
Z1 Z2 fo(-, 22) Z3 fo(-, z3)
o datat:rm o ,
argmlnz (Zﬁ fo(zi, x;5), 85) ||Z ||2)
0.{z:}iL, i=1 j=1 =

Gaussmn prior
DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Auto-encoding vs auto-
deceAinn. —
| HH

54 Codes
(a) Auto-encoder (b) Auto-decoder

HEEEEE
HEEEEN

Eventually, we will only use the decoder—a question of which optimization is easier

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.
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(¢) Auto Decoder (AD)
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A Gaussian prior allows a meaningful latent space

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.




Latent conditioning-based

neural impﬁl‘%@

x € R?
fo :R3%xRY SR

Generalizable implicit
field:

%Wh t is a good architectuye?
(fatemt code, position) ->

Q: Given S‘(’ﬁ‘pnﬁ'f&'?? Fﬂ?‘i’&fl@ﬁ“} to learn £ ?

Q: How do we infer shapes for new instances?

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Conditional neural

'rn liait
I 259 512 512 512 512 512 512 512
Latent Vector 1 1
FC FC FC FC FC FC FC FC TH
P — — — OF  — — — —_— —_—
xv2) [ ]
: 57
4

Simplest approach — just concatenate the latent code and the query point

Skip connections for the position help!

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



_Con_di_tional neural
Implicits

Training Loss by Network Size

-@— Without Skip
74 A\ —&- With Skip
\
_ 6 - \L\\ B
8 h
2] f \
0 \
S \
-
o 4 Our Used Model A
a \
wn \
5 -, ———— -
|_
2 .
1 -
0 1 T 1 1 1 T 1 1 T T
2 4 6 8 10 12 14 16 18 20

Number of FC Layers

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Conditioning via feature-

\Al:('\f\ 'I'V'ﬂh('\'FI\V'rT‘Q'I'ian

Conditional biasing first maps Conditional scaling first maps the

conditioning @ the conditioning representation conditioning = conditioning representation to a
. L —) . T — | 0 )
representation = to a bias vector. representation = scaling vector.
59
The bias vector is then The scaling vector is then multiplied
2 added to the input. \ 4 with the input.
input - @ » output input 3 @ > output

Additive transformation Multiplicative transformation
FILM(x) = 7(z) © x + (z)

Feature-wise transformations. Dumoulin et. al.



Condltlonlnq via feature-

|||||

wise ti >

FiLM parameters
conditioning > FiLM
—— >  FiLM generator l
1
FiLM
| [—

Additive and multiplicative transformations in multiple
Allows better ml)gvé(iféonditional detail

Feature-wise transformations. Dumoulin et. al.



Conditional NeRFs

Editing Conditional Radiance Fields. Liu et. al.

CodeNeRF: Disentangled Neural Radiance Fields for Object Categories
o — o .. . |
position —l —l density ‘ T [T Photometric
Ray sampling \ loss 2
)/(X) Fshare » + | | Fruse Fiens|— o

o

— ' M 2
_ e 3 - @ —p
radiance ; E -
shape code Finst view dir. y(d) —{F;,q ¢ ’
Z(s) —>

62 F(¢
L L color code z(€) —» ( )

Volume
rendering

Two latent variables—shape and color/texture code

Reference 1 < Shape Interpolation

il

Texture Interpolation

VWYY S e

Reference 2




Latent conditioning-based

neural impﬁl‘%@

x € R?
fo :R3xRY SR

Generalizable implicit
field:

Q; What | d hifecture?
(Iatent CodB posItionT ->

Q: Given sm}fﬁlir&r?ﬁ Fﬂ?‘i’&fl@ﬁ“} to learn £ ?

Q: How do we infer shapes for new instances?

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Inference with Condltlonl
neural Impt

XERSI

A . 1
Z = arg min Z (fg(z,wj),sj)—l—FHZH%

o (j,8;)EX swmewmns w ' S —————
3127 data term Gaussian prior

Infer the optimal z given some observations (points X;
with known implicit function value s;)

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Inference with conditional
neural irfplicits = ="

(a) Ground-truth  (b) Our Result AtlasNet variants

Inference using full 3D shape

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Inference Wlth conditional

Q: How to
obtain (x;,s;j)
pairs from

point

(a) Input Depth (b) Completion (ours) (¢) Second View (ours) (d) Ground truth (e) 3D-EPN c I o u d s ?

Inference from partial 3D shapes

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Inference with conditional
r\QI |r'a| Imr)lrr\l'l'o

(a) No noise (b) a =0.01 (¢) a =0.02 (d) a =0.03 (e) = 0.05

Inference is robust to noise

Allows hallucinating unseen regions

DeepSDF: Learning Continuous Signed Distance Functions for Shape Representation. Park et. al.



Conditional neural
1M IICItS Training (via auto-

J 1
R . mcR 31@;%% Hetoding):) + gz“%'@)
XGR?’I

Inference:

1
RB < Rd SR Z = arg:nln Z L(fg(z,mj),Sj) + ;HzH%

(x;,85)€X
Similar objectives at training and inference

Inference: Only optimize latents ™

(but a@wﬂmmwabl@tﬁﬂhﬁ%t%@ﬁmﬁt




Gene_ralization via meta
learning XEM.

)8 o O
R\
v R

i 3

Instance-specific neural network

Key idea: Learn a common ‘meta-network’ s.t. a few
wewsor vJlAQient-steps.letdt specialize to a new instance



Generalization via meta

~learning
odele

On First-Order Meta-Learning Algorithms

Alex Nichol and Joshua Achiam and John Schulman

g,

_ | OpenAl
® - Ay {alex, jachiam, joschu}@openai.com
Y
- ‘.‘x; 70 Algorithm 1 Reptile (serial version)
3 9 Initialize ¢, the vector of initial parameters
' O ) p
:' Meta-Learned for iteration = 1,2,... do

Sample task 7, corresponding to loss L, on weight vectors ¢

G e 1. L
P Initialization Compute ¢ = UF(¢), denoting k steps of SGD or Adam
Standard

Initialization

255 = A Update ¢ < ¢ + (¢ — ¢)
‘ g, end for
Value at |

dinat
Coordinate Tl;dr: push initialization network’s weights

towards instance-specific optimized weights

Learned Initializations for Optimizing Coordinate-Based Neural Representations. Tancik et. al.



G TR .
le

)

Inference: Similar objective as optimizing conditional neural implicits, but we optimize full network

MetaSDF: Meta-Learning Signed Distance Functions. Sitzmann et. al.






Generalization via meta

Iearni@
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etaSDF

Similar expressivity for in-domain instances

Y|

A

Cofcat.

f

N\t

\

/

MetaSDF
7,

N————

N

S
0

K

£

\
2.

|

Better at generalization to out-of-domain instances (e.g., rotated digits)

MetaSDF: Meta-Learning Signed Distance

Fun

ctions. Sitzmann et. al.



Gene_ralization via meta
learning

GT

73

MetaSDF DeepSDF

Similar accuracy, but more efficient optimization as only few SGD steps needed

MetaSDF: Meta-Learning Signed Distance Functions. Sitzmann et. al.



Meta NeRF: Optimizing

W







o

Learned Initializations for Optimizing Coordinate-Based Neural Representations. Tancik et. al.







Meta

'CD

Target Input View

li‘i

MV Meta SV Meta Standard

™
m
g -
a

NeRF

A 4 1!|Hﬂ~f.'a“‘f>‘l
d fe=pg=y(
‘ ‘”. - "‘ ‘ F

V

-
4 ul &-‘""f"‘f { I
Requires precise camera pose at inference

Per-category meta-network

No view-dependence in appearance (not a ‘radiance’ field)

Learned Initializations for Optimizing Coordinate-Based Neural Representations. Tancik et. al.
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Generallzable radlance

Examples of global priors for generalization (e.g., how do chairs and airplanes look?)

Bt

Cannot easily handle large variation (e.g., scenes with multiple objects)



Generalization via pixel-
alignec

Given a query (unobserved) viewpoint, we need per point density and radiance to render

pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.



Generalization via pixel-

Key idea: Predict using projection onto observed image(s)

pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.



eneralization via pixel-

Location ‘

Image Feature ’

pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.

— —_—r Color + Opacity

MLP



Generalization via pixel-
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pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.
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pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.
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Missing details in unobserved regions

pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.
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pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.
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Allows generalization for more
complex structures

pixeINeRF: Neural Radiance Fields from One or Few Images. Yu et. al.
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Key idea: Predict using projection onto observed image(s)
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Key idea: Leverage structure of learned multi-view stereo cost volume in scene space
« Learning of image feature and fusion features happens at train time on a dataset

Learning a Multi-View Stereo Machine. Kar et. al.



Generalization via Cost
(\_

o : Volume Renderer
Q
o
= Q - (JC, d! V(JC))
< S , . < < >  MLP
e < ,:’x I ,3‘:\ o : Yo ~_
2 - = v '
o ) 1 h - o ' |
7~ = = ! (o,0)
a I
o E <}
: : 2 : |
& £ @ )
5 g a o .
& g' “aQ Rendering
o ‘ Loss
5
Posed Images 2D Image Features Local Feature Volumes Global Feature Volumes 7~ N Recurrent Connection » Camera Ray

Key idea: Ray trace cost volume and use MLP to predict density and color for rendering
* For instance-specific inference, train only MLP, or use pre-trained MLP.

NeRFusion: Fusing Radiance Fields for Large-Scale Scene Reconstruction. Zhang et. al.
MVSNeRF: Fast Generalizable Radiance Field Reconstruction from Multi-View Stereo. Chen et al.
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