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Timetable

[heory + Basics

State of the Art

Niloy Paul Nils
Introduction 2:15 pm X X X
Machine Learning Basics ~2:25 pm X
Neural Network Basics ~ 2:55 pm X
Feature Visualization ~3:25 pm X
Alternatives to Direct Supervision ~ 3:35 pm X
15 min. break
Image Domains 4:15 pm X
3D Domains ~4:40 pm X
Motion and Physics ~5:05 pm X
Discussion ~5:30 pm X X X
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Application #1: 3D Modeling

Deep neural network predicts
the next best part to add and
its position to enable non-expert
users to create novel shapes.

[Sung et al. 2017]
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Application #1: 3D Modeling
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Deep neural network predicts
the next best part to add and
its position to enable non-expert
users to create novel shapes.

[Sung et al. 2017]




Application #2: Image Understanding

understanding 3D shapes can benefit image understanding

Physically based

Rendering
[Zhang et al. 2017]




Application #2: Image Understanding

understanding 3D shapes can benefit image understanding
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Physically based Surface Normal Semantic Segmentation
Rendering
[Zhang et al. 2017]
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Application #3

vos, e,

\ :
W s N

Soen
Sren

'/ .

L
nmm
A
=
o
¢ .mw
>
—
<

—
™
i
-
@\
©
1
)
(@)
-
@
V)
—




Application #4: 3D Asset Creation
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What’s Different in 3D?
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What’s Different in 3D?

* Number of Voxels grows as O(ng) versus occupied O(nZ)
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What’s Different in 3D?

* Number of Voxels grows as O(n?’) versus occupied surface O(nQ)

10.41% 5.09% 2.41%




Data Representation .. Many Possibilities!
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Data Representation .. Many Possibilities!

voxels

cells patches



Challenges
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1. Representation
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2. Neighborhood information
e who are the neighbouring elements
e how are the elements ordered
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3. Extrinsic versus intrinsic representation




Challenges

1. Representation

2. Neighborhood information
e who are the neighbouring elements
e how are the elements ordered

3. Extrinsic versus intrinsic representation

4. Simplicity versus memory/runtime tradeoff




Representation for 3D

* Image-based
e Volumetric
e Surface-based

* Point-based

Ve SIGERAPH
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Representation for 3D
* Image-based
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Representation for 3D: Multi-view CNN
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3D shape model
rendered with
different virtual cameras

[Kalogerakis et al. 2015]
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Representation for 3D: Multi-view CNN
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rendered with 2D rendered
different virtual cameras Images

[Kalogerakis et al. 2015]




Representation for 3D: Multi-view CNN

& |~ om,

P & CNN, bathtubp
. \ bed O
) chair l
e— , desk[—
) — CNN View CNN dresser[o
‘ pooling .
toilet—
’- —{ onN,
3D shape model
rendered with 2D rendered our multi-view CNN architecture output class
different virtual cameras images predictions

[Kalogerakis et al. 2015]
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Representation for 3D: Multi-view CNN

regular image analysis networks

& |~ om

£ & CNN bathtubf-
| \ ‘ bed O
/‘ chair |
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>N ; pooling -
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tollet—

LJ —{ onN,

/

3D shape model
rendered with 2D rendered our multi-view CNN architecture output class
different virtual cameras images predictions

[Kalogerakis et al. 2015]
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3DMV: Joint 3D-Multi-View Prediction for 3D Semantic Scene Segmentation

: : 40N
chair . sofa table . door window . bookshelf . picture . counter desk curtain . refrigerator . bathtub shower curtain .toilet . sink - otherfurn }
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Integrating View Information

w e

per-voxel
semantic predictions
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Representation for 3D: Local Multi-view CNN

point descriptor

[Huang et al. 2018]
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Representation for 3D: Local Multi-view CNN

Segmentation
Correspondence

Feature matching

Predicting semantic functions

point descriptor

[Huang et al. 2018]
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Representation for 3D: Local Multi-view CNN

Segmentation
Correspondence

Feature matching

Predicting semantic functions

point descriptor

localized renderings for point-wise features [Huang et al. 2018]
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Tangent Convolutions

loses information due to occlusion

[ Tatarchenko et al. 2018]
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Tangent Convolutions

loses information due to occlusion

project to local patches
(contrast with PCPNet construction)

[ Tatarchenko et al. 2018]
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Tangent Convolutions

loses information due to occlusion project to local patches
(contrast with PCPNet construction)

[ Tatarchenko et al. 2018]
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Dealing with Sparse Points

(a)

™~
i




Dealing with Sparse Points

(a) (b) (c) (d)




Improved Performance
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Ours (DHNRGB) Ground truth
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Representation for 3D

* Image-based
. : directly use image networks, good performance
* CONS: rendering is slow and memory-heavy, not very geometric

e VVolumetric
* Point-based

e Surface-based
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Representation for 3D

Volumetric
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3D CNNs : Direct Approach

&
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4000

I

object label 10

512 filters of
stride 1

160 filters of
stride 2

48 filters of
stride 2

-----

13

Ty o g o

3D voxel input

30

[Xiao et al. 2014]
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VoxNet [Maturana et al. 15]

» Binary occupancy, density grid, etc.

rotational invariance

FC2 Activations

FC1 Activations

Degrees

90

180

270

Pedestrian

SIGGRAPH
A

ASIA 2018
TOKYO
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Conv(32,5,2)
14x14x14

Conv(32,3,1)+Pool(2)

6x6x6 @
\ 4
Full(128) \
\ 4 EEEEEEEEEi'

Toilet

Full(K)/Output
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Visualization of First Level Filters
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Visualization of First Level Filters
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Representation for 3D: Volumetric Deformation
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[Yumer and Mitra 2016] 25




Volumetric Deformation

Representation for 3D

Conv. Net

(c)

l {Deformation Indicator) ]
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Efficient Volumetric Datastructures

convolution pooling = eee ..o convolution pooling
normal /ﬁeld I
T e "_, / — —p 0600 0060 wmp .:-K‘ .'_. ||“—.
E L
octree input (d-depth) L d d-1 3 2

[Wang et al. 2017]
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Data Structure and CNN Operations

111111111111111111111 _
. o * |
| I
| I
“ — N *"
| ~ |
_ — o * |
: 3 ° _
“ S i
| |
“ o < *“
| |
_ _“
0 ', * AN
“ — HL\OA =
: I~ _
| I
*
| © - “
“ o * |
| |
m ~ *m
| m |
*
| >\Na |
| |
_ LN * |
| |
| I
| |
=
| N Un_
“ Tl =~ .Hmu.;umuoln
b e e e e e e e
IIIIIIIIIIIIIIIIIIIIIIIII “
“ S _
| |
: o _
| |
: S _
| |
“ = "
| |
| |
| o ~ “
| |
“ (e8] o “\nv.l
_ i “(
“ N (o) _
| |
“ i N "
| |
| = |
| I
“ " “
| |
“ “ “ - —_ - N
| |
| I
| = |
—
“ " O O Q
| |
| — a3 |
| S ~ ~ _
_Tnnl 11111111111111111111111 L o < >
||||||||||||||||||||| _
a = “ L (a @) P
I - i
| |
“ s
i A |
:::::::::::::: :
_ - _ | “
| | ~ ~
| | . ~
[ — — !
: % " “ . |
| | “ w
| o ~ “ n — |
“ 0 “ o | “
i ~ | o= : "
o = “ “
LN —
“ - | m L o <L m
| i . ~
| | . |
™M . ,
| | Eaperat
“ " “ n w
| | “ “
| | . ~
i -
“ “ : o | o m
| | . u
| 0 | “ “
| |
: ?
| — N " m o | <|s m
| |
! n\nw WA WA i “ “
e L4 !
J— 4 ~
0 . ~
il ~ : O lalo i
M| N & - “ m
© 1 [NolniN] & m P m
u ] (.
1m0 INSH—© m m
: ?
AN . .
— . .
O I [l “ " o o “ -
“ : =N
: ol o| = m AInO
¢ w EM
: ?
[ ! E _l
“ :
M :
m a @ P m
n :
: ?
T
3 oo e o w0 w0 w0 w0 0 0 w0 w0




Data Structure and CNN Operations
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Efficient Volumetric Datastructures

Encoder | | Decoder/generator
Volumetric (Up-) Convolutions

Cropping

3 Labels (free space / boundary / occupied space)

[Hane et al. 2018] 28




Efficient Volumetric Datastructures

1283 2563

o= €=
e e
o, .

[Hane et al. 2018]
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Lower Memory Footprint

&

A
L

SIGGRAPH
SIA

A 2018
OKYO

Method 163 327 647 1283 2563

—_—

O-CNN |0.32GB__0.58GB__1.1GB____ 27GB_______ 6.4GB_

full voxel+binary 0.23GB  0.71GB  3.7GB “Out of memory “Out of memory
full voxel+normal 0.27GB 1.20GB 4.3GB Out of memory Out of memory

Table 3. Comparisons on GPU-memory consumption. The batch size is 32.

Method 16° 323 643 1283 256

O-CNN 17ms 33ms 90ms 327ms 1265ms
full voxel+binary 59ms 425ms 1648ms - -

full voxel+normal 75ms 510ms 4654ms - -

Table 4. Timings of one backward and forward operation in milliseconds.
The batch size is 32.



Adaptive O-CNN
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[Wang et al. 2018]

Image to planar patch-based shapes




First-order Patches

Adaptive OCNN




Field Probing Neural Networks for 3D Data

[Li et al. 2016]
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[Li et al. 2016]
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Field Probing Neural Networks for 3D Data



Spatial Probes




Spatial Probes
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Spatial Probes
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Method Details
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Method Details
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Method Details
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Method Details

234.9
={==Convolutional Layers
R S VP 200 L |=—Field Probing Layers
‘;‘. . ~d
e LY ADPAN Z
\ 2 £ 150}
o)
. =
éﬁ, ' Lo = RN i=
IR el S 100}
c
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\ ¥
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1.99¢ ' |
16 32 64 128 227

Grid Resolution
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Representation for 3D

* Volumetric
. : adaptations of image networks
* CONS: special layers for hierarchical datastructures, still too coarse
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Representation for 3D

e Surface-based

Ve SIGERAPH
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TOKYO




Local/Global Parameterizations
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Local/Global Parameterizations

Geometry Image

3D shape

38



Local/Global Parameterizations

Geometry Image Metric Alignment (GWCNN)

3D shape

Othcr
CNN layers

Metrlc
Alignment
(network layer)

[Ezuz et al. 2017]

38



Shape Surfaces using Geometry Images

(a) Original mesh with cut (b) Geometry image 257x257
70K faces: genus 0 (bx) Compr. to 1.5KB (not shown)

Oto=
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Shape Surfaces using Geometry Images

l‘\

N
L/ ‘ g
" -~
(a) Original mesh with cut (b) Geometry image 257x257 (¢c) Geometry reconstructed (d) Geometry reconstructed
70K faces: genus 0 (bx) Compr. to 1.5KB (not shown) entirely from b entirely from bx

39



Shape Surfaces using Geometry Images

(a) Original mesh with cut

3D shape

70K faces: genus 0

Rigid Shape

Geometry Image

Convolutional

Neural
Net

00 000

o0 O o0 O
[COO OO0 0]

(b) Geometry image 257x257
(bx) Compr. to 1.5KB (not shown)

00 000

(¢c) Geometry reconstructed
entirely from b

3D shape

(d) Geometry reconstructed
entirely from bx

Non-Rigid Shape

Geometry Image Convolutional
Neural
Net
ol [0
o] |0
0] |0
>
o] |0
ol o
o] |0

Deep Learning 3D Shapes

O O
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Using Geodesic Patches: GCNN

[Masci et al. 2015]
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Using Geodesic Patches: GCNN

[Masci et al. 2015]
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Using Geodesic Patches: GCNN

T

(AN
[[rrasga
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[Masci et al. 2015]




Using Geodesic Patches: GCNN

[Masci et al. 2015]
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GCNN Architecture

1 fli\nd — M Il |
Input M -dim LIN

ﬁSIBERI\PH
ASIA 2018
T OKYO

filter baniz 1
1~ filters

-l

fg)ut

J 1 J

AMP Output Q-dim
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Handling Rotational Ambiguity




Parameterization for Surface Analysis

map 3D surface to 2D domain

[Maron et al. 2017]
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Parameterization for Surface Analysis

map 3D surface to 2D domain

[Maron et al. 2017]
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Parameterization for Surface Analysis

[Maron et al. 2017]
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Parameterization for Surface Analysis

[Maron et al. 2017]
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Parameterization for Surface Analysis

* Map 3D surface to 2D domain

* One such mapping: (seamless => translation-invariant)
* Many mappings exists: sample a few and average result

* Which functions to map?
XYZ, normals, curvature, ...

[Maron et al. 2017]
ke SIGERAPH
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Parameterization for Surface Analysis

.
\

[Maron et al. 2017]
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Texture Transfer (Parameterization + Alignment)

input image iImage-to-shape texture transfer shape-to-shape texture transfer edited original image

[Wang et al. 2016]




AtlasNet for Surface Generation

condition decoded points on 2D patches

Latent shape
representation

Sampled /7, /
2D point

MLP

Generated

3D point

~

[Groueix et al. 2018]



AtlasNet for Surface Generation

Latent representation can be
inferred from images or point clouds

o e, "
T A LN e Y
< . N A0 e
e Wlrg Jeants e
Led g AN N
S 'g‘&ﬂ‘

2D Image 3D Point Cloud

> MLP

Generated
3D point

Sampled / o /
2D point

[ Groueix et al. 2018]
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AtlasNet for Surface Generation

Quad Mesh is generated by
mapping a regular grid in
2D domain to 3D points

Latent representation can be
inferred from images or point clouds /

Rkt ts
3D Point Cloud

2D Image

> MLP »

Sampled / o /
2D point

[Groueix et al. 2018] 50



AtlasNet for Surface Generation

texture coordinates come for free!!

Latent representation can be
inferred from images or point clouds

3D Point Cloud

2D Image

> MLP

Sampled / o /
2D point

51




Representation for 3D

e Surface-based

. : parameterize + image networks (instrinsic representation)

* CONS: suffers from parameterisation artefacts (local versus global distortion),
requires good quality mesh

k9 olGGRAPH
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Representation for 3D

 Point-based

Ve SIGERAPH
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Representation for 3D: Point-based

* Common representation: native representation

* Easy to obtain from meshes, depth scans, laser scans
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In Original Representation

* Common representation
* Easy to obtain from meshes, depth scans, laser scans

* Unstructured (e.g., any permutation of points gives same shape!)

D,
.

D,
represents the same setas -
—

v

2D array representation

" 1S/L_\ISE“I}\RZ/\EEI [Qi et al. 2017]



PointNet for Point Cloud Analysis

F(X,%,,..,X, ) = f(xnl,xnz,...,xnn), x. e R”

permutation-invariant functions

[Qi et al. 2017} 56



PointNet for Point Cloud Analysis

Use MLPs (h) and max-pooling (g) as simple symmetric functions
_ D
(x5 .0%,) = f(X, . X, ,...,xnn), x, e R

f(x,x,,...,x,)=Yog(h(x,),...,h(x,))

(1,2,3) 1 J\ simple symmetric function

Ay 0 &S 7
W\C}'{ —

(2,3,2) | / —
(2,34) 1 PointNet (vanilla)

f)‘ QR [Qi et al. 2017]

T OKYO




PointNet Architecture

Classification Network

--------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

input mlp (64,64) feature mlp (64,128,1024) max mlp
£ ot I e o transform - o pool 144  (512,256k)
c N (a0 ﬁ' ﬂ' [
;" = B sha!red }o_s‘ B B \g sha!red nx1024 Bt ]
2 : | | global/feature l I
.................... a7 output scores -
............. ; | iA/,f’—-----—_“”-—pointfeatures |
T-Net 31'&318 s T-Net t6r4an2?0rm — I — - ) | E— E §
: : : : @\ .
TR el LR n [REEEAE shared i~ shared = =
{ multiply }_* { multiply J—> I = I &
.......................... e . I = — =
mlp (512,256) mlp (128,m)

-----------------------------------------------------------------------------------------------------------------

[Qi et al. 2017} -




PointNet for Point Cloud Analysis

PointNet

car? 8D
Classification Part Segmentation ~ Semantic
SIGRAPH
ASIA 2618
T OKYO

'rr:qnwmw

YRRAAN o mpl

Segmentation
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PointNet++

skip link concatenation

interpolate

interpolate : :
PO pointnet pointnet

Classification

AN AT ‘ T 8
A — 4’// \\\v gl T
_‘\\‘A’ -y e \‘.’I — h
. — S L e S
. .. '.\\&‘YOT' ';‘-: . ;‘\‘sj’fO;.4 O
. . e R DY D
intnet . SRR F SRS Zo
. T e R e e )T =
' Sreiee e RS AN
Ou ln Ou ln " * Ao g B T = . — ) = e *
gl' p g gl' p g o ENGHIER T D = )
ot =7t O R e o
ot g AN ) =

set abstraction set abstraction

pointnet fully connected layers

[Qi et al. 2018]
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medium
large
61

— Boulch et al.
= OUI'S

ft

ot F
jet fitti
trength

|e
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PointNet for Point Cloud Synthesis

[Su et al. 2017]
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PointNet for Point Cloud Synthesis

Earth Mover Distance as loss function

min 3 [lz - ¢(z)|a

r€ESq

[Su et al. 2017]
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