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Introduction 9:00 X
Neural Network Basics ~9:15 X
Supervised Learning in CG ~9:50 X
Unsupervised Learning in CG ~10:20 X
Learning on Unstructured Data ~10:55 X
Learning for Simulation/Animation ~11:35 X
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Multiple 3D Representations
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oint Clouds

Structure from motion (Microsoft)

Lidar point clouds (LizardTech)
Depth camera (Intel)




A Common 3D Representation: Point Cloud

Point clouds are close to raw sensor data

Point clouds are representationally simple
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Early Work on 3D Learning

Point clouds were converted to other regular
representations before input to a deep neural network

512 filters of
stride 1

,,,,,,

160 filters of _**—
stride 2 A

Con: High space & time complexity -- 3D convolution O(N3)
Quantization errors in voxelization



Earlier Work

Point clouds were converted to other regular
representations before input to a deep neural network

_ 3 Multiview Images

3D shape model g |

rendered with 2D renderet
different virtual cameras images 7




Research Question:

Can we achieve effective
feature learning directly on
Irregular point clouds?




Talk Ouline

« Survey of PointNet, PointNet++ architectures
(~2017)

* Since the original PointNet work, an explosion of
activity in this area -- very brief survey

 Applications to outdoor and indoor object detection
and navigation, point cloud synthesis



PointNet Architeture Review

End-to-end learning for irregular point data

Q‘.

o .

00e
( [ J

PointNet

Charles R. Qi, Hao Su, Kaichun Mo, Leonidas J. Guibas. PointNet: Deep Learning on

Point Sets for 3D Classification and Segmentation. (CVPR’17) 10



PointNet Architecture Review

End-to-end learning for irregular point data

Unified framework for various tasks

Object Classification

Q‘.
° >
000 &,
o0

PointNet Object Part Segmentation

Semantic Scene Parsing
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PointNet Architecture Review

End-to-end learning for irregular point data

Unified framework for various tasks

PointNet

car?

Classification Part Segmentation =~ Semantic Segmentation
12



Challenges

The model has to respect key properties of point clouds:
Point Permutation Invariance

Point cloud Is a set of unordered points

Spatial Transformation Invariance

Point cloud rigid motions should not alter classification

results

13



Challenges

The model has to respect key properties of point clouds:

Point Permutation Invariance

Point cloud Is a set of unordered points
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Unordered Input

Point cloud: set of N unordered points, each represented by
a D dim vector

n
»
A 4 _

represents the same setas N

IQ
»
v _

Model needs to be invariant to N! permutations

15



Permutation Invariance: Symmetric Function

— D
(X%, 0% )= f(x,rl,x,r2 ,...,xnn), x, eR

Examples:
f(x;,%,,...,x, ) =max{x,,x,,...,X, }

(X, X0y X )=X,+X,+...+ X
1 2 n 1 2 n

How can we construct a universal family of
symmetric functions by neural networks?

16



Construct Symmetric Functions by Neural Networks

Simplest form: directly aggregate all points with a symmetric operator g
Just discovers simple extreme/aggregate properties of the geometry.

(1,2,3)
(1,1,1)

(2,3,2)

(2,3.,4)

17



Construct Symmetric Functions by Neural Networks

Embed points to a high-dim space before aggregation.
Aggregation in the (redundant) high-dim space encodes more

Interesting properties of the geometry.

(1,2,3)—
(1,1,1) —

(2,3,2) —

2,3,4)—

h

18



Construct Symmetric Functions by Neural Networks

f(x,xy,..0,x,) =Yoo g(h(x,),....,h(x,)) is symmetric if § is symmetric

l" h ‘\
- (1,2,3)— :
C (L1 — g v ;
: (2,3,2) — / —’I . PointNet (vanilla)
(2.3,4)— :

19



Symmetric Functions: Polynomials

h
M\
(232)— me 7.' —’I
(2,3:,4)—- M:_P
2> %X = %) => % (% -x%)=3> x*- (> %)’
I i i 1% ] [ i

* In fact, any symmetric polynomial in the X can be
expressed as a polynomial in sums of the form

25

and can be computed by

f(x,,xy,....x ) =Y og(h(x,),....,h(x,)) 20



What Symmetric Functions Can Be Constructed By PointNet?

Symmetric functions

PointNet
(vanilla)

21



PointNet as a Universal Approximation to Set Functions

Hausdorff continuous: Theorem
£:2% 5 R Isacontinuoussetfunction A Hausdorff continuous set function f:2¥ >R can be
w.r.t Hausdorff distance arbitrarily approximated by PointNet.
o
o~ o O
o O 1 i
o o f(S) =y | MAX {h(z;)} )| <e
o |\ Ti€S y
°© % L Lo T N v..\.- ......
S S’ (perturbed) g Rd
C [ ] [ ]

Voxel occupancy maps
22



Challenges

The model has to respect key properties of point clouds:

Transformation Invariance

Point cloud rigid motions should not alter classification

results

23



Input Alignment by Transformer Network

ldea: Data dependent transformation for automatic alignment

4 )
/ T-Net transform

L ) params

™ \; ) ™

X | Transform |— > —  festofthe

- - network...

\_ J
iInput transformed

point cloud point cloud
24



Input Alignment by Transformer Network

ldea: Data dependent transformation for automatic alignment
The transformation is just matrix multiplication!

4 )

transform

T-Net _
/ matrix: 3x3
\__ y,
: Matrix
Mult.

iInput transformed
point cloud point cloud

> ¥ rest of the
network. ..

25



Embedding Space Alignment

first few layers
of the network

—

point
embeddings:
NXxK

26



Embedding Space Alignment

transform
T-Net| params: Kxk

first few layers ( Matrix rest of the
of the network L Mult. network. ..
point transformed
embeddings: embeddings:

NXxK NXxK
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Embedding Space Alignment

transform
T-Net| params: Kxk

first few layers ( Matrix rest of the
of the network L Mult. network. ..
point transformed
embeddings: embeddings:
NxK NXxK

Regularization loss:
Transform matrix close to orthogonal: L., = || — AA™||%

28




PointNet Classification Network

input points
nx3

29



PointNet Classification Network

input

7/}

= transform

© |

S |en .
(=B LS ] e
- | & > =
=

>y

=

©
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PointNet Classification Network

input mlp (64,64)
é’ transform — >
Ly | — _>
S | - N
= ~Bang > = shared =
=y
= | —»

: TNet | %3 :
: transform -
[ matrix : >
: multiply | :

31



PointNet Classification Network

input mlp (64,64) feature

wn
= transform — : transform
© p( |
c N on | ﬂ- ﬂ-
= —> X | S > 2

s > <
£ = shared = =
.E _’ —>

: TNet | >X3 TNet | 0464
; transform : transform :
/ matrix / matrix
multiply | : > multiply | : >
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PointNet Classification Network

input mlp (64,64) feature mlp (64,128,1024)
é transform — — transform — >
é‘ E — > > Cg sha\lred % I > % shalred nx1024
g > I_Iﬁ—> BN

: TNet | X3 'E : TNet | 0%x64 =
: transform : : transform :
/ matrix / matrix ;
5 multiply | : multiply [T
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PointNet Classification Network

input mlp (64,64) feature mlp (64,128,1024) max
£ transform o ) transform — > pool 1924
2 ol ol ] 3 3 |
s | 2= shared 2 —» —» Z shared nx1024 I . |
= | _ | lobal feature
i= ! —»l_lﬁ—b —> > °

; T-Net | %3 'E : TNet | 064
: transform : : transform :
/ matrix ; > / matrix ; >
multiply | : : multiply | :
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PointNet Classification Network

input mlp (64,64) feature mlp (64,128,1024) max mlp
£ transform o ) transform — > pool 10974 (512,256.k)
2 ol ] o ! T L, L3 | 1024 | —
s |F g shared = = shared nx 1obal feat
| ) | global feature
£ | —»I_Iﬁ—> a —> > — : |
': output scores
e | AT o
matrix matrix

35



Extension to PointNet Segmentation Network

input mlp (64,64) feature mlp (64,128,1024) max mlp
= transform | /7% 7% transform | > pool o4 (512,256,k)
2 |2 9 | S L 4 < | 1024
s |F > g shared = ‘ X shared nx10 T
| global feature
£ | BN I o —
l : output scores
| " local embedding global feature™®
W D =PV Y Y ey
matrix matrix
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Extension to PointNet Segmentation Network

input mlp (64,64) feature mlp (64,128,1024) max mlp
= transform | /7% 7% transform | > pool o4 (512,256,k)
s | E g B shared = ‘ X shared nx
,E‘ ' - - > —
\ | i
| local embedding
et I : U T e T T
T-Net fr);flsform T-Net g‘iﬁ?ﬁorm \ * g
/ matrix > / matrix >
: multiply | : : multiply : n|x 1088




Extension to PointNet Segmentation Network

input mlp (64,64) feature mlp (64,128,1024) max mlp
g | | transform | = — transform | > pool jooq  (512,256,k)
s |2 g shared = ‘ = shared nx
,E‘ ' | > > >
| |
! |
| | _ -
RS LLLLLLILL I : U T T T T T
TNet | DO TNet | OB ' e
Ty iz | e TR
: mutpy J: g mutply Jioo shared =
R v . TS . 5 =
—>[_Iﬂ—>
| mlp (512,256,128)



input points

Extension to PointNet Segmentation Network

input mlp (64,64) feature
transform — _: transform
N N | N
<M > X shared = > -
'; —» [_Iﬁ—P

T-Net

: transform :
-/ matrix :

multiply | :

: transform
-/ matrix ;
> ;

T-Net 64x64

multiply | :

>

mlp (64,128,1024) max mlp
L > pool 1004  (512,256,k)
% shalred nx1024
= | globa] feature K
> > .’ | ’ |
l e output scores
| _-
| -
...... L T T T T T
' g point features .
S > — 2
— > — o
1088 | S | 5 |2
nx shared Té shared g ‘i
—P[_Iﬁ—b —>[_I_]— E
mlp (512,256,128) mlp (128,m)



Results
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Results on Object Classification

3D CNNs

input | #views | accuracy | accuracy
avg. class | overall
SPH [12] mesh - 68.2
3DShapeNets [29] ) volume 1 77.3
VoxNet [18] volume 12 83.0
Subvolume [19] volume 20 86.0
image 10 75.5
MVCNN [24] image 80 90.1
Ours baseline point - 72.6
Ours PointNet point 1 86.2
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Results on Object Part Segmentation

ﬂs !
I == -—
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table = mug
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"H‘I bRl :
| e
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Results on Object Part Segmentation

bag cap <car chair ear guitar knife lamp laptop motor mug pistol rocket skate table
phone board

76 55 898 3758 69 787 392 1547 451 202 184 283 66 152 5271

- 73.5 - 74.4 74.8

784 7177 757 816 619 920 854 825 957 70.6 919 8.9 531 698 753

72.8 733 700 872 635 884 796 744 939 587 918 764 512 653 7I.1
787 825 749 89.6 730 915 859 808 953 652 930 812 579 728 80.6
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esults on Semantic Scene Parsing
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PointNet Is Light-Weight and Fast

Space Cost (#params)

100M multi-view

volumetric
10M
Saves 80% memory
point cloud !
, _

MVCNN Subvolume PointNet
[Su et al. 2015] [Qi et al. 2016] [Qi et al. 2017]




PointNet Is Light-Weight and Fast

Computation Cost (FLOPs/sample)

100B multi-view

10B volumetric
N B oint cloud I Saves 88% FLOPs
100M
10M . .
A promising architecture for
1M

. portable devices!
MVCNN Subvolume PointNet

[Su et al. 2015] [Qi et al. 2016] [Qi et al. 2017]



PointNet Is Robust to Data Corruption

Accuracy (%)

20

Less than 2% accuracy drop with

___________________________________________________
———————————————————————————————————————————————

_________________________________________________

[ .. L ~\_ Why is PointNet so robust

—~e-PointNet to missing data?

__________________________________________________

0 0.2 0.4 0.6 0.8 1

Missing Data Ratio
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Visualizing Global Point Cloud Features

Original Shape

48



Visualizing Global Point Cloud Features

Original Shape

.y . _-“_ . o 5 .__-.-'-_-..;
Critical Points par AR Ry .} g Lk .
-.- "t l':..*l .Iw ll:#l_ w g & - u ; “

i - 5 \

:I.‘I.:'..-. ‘..I:a ﬁ;.ig‘. u 'I.;. "

e r n . - .... .‘v-‘- 5
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PointNet learns to pick perceptually interesting points!
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Learning Interesting Points

( ) Classification Network m \

o input mlp (64,64) feature mip (b4,128,1024) max mp
g transform § " transform pool 024 (512,256,k)
2 |m N N
Sl —{ % doed | B — - % ol nx1024 | |—~D
B . | = i l global feature K
= | — - —
1 R W A PR output s.c_o_r_ev
1 S i N s e m T p01n[ I ..............................................
—!
—
shared

L=

mip (512,256) mip (128m)
Segmentation Network

nxm
~ output scores |:

 Pointnet learns optimization criteria, which in turn pick interesting points



From PointNet to PointNet++

51



Limitations of PointNet

Hierarchical feature learning Global feature learning
multiple levels of abstraction either one point or all points
N
5 12 filters of p N\
stride 1 4 5 (1,2,3) MLP maX
160 filters of 75— \ ! poollng
stride 2 AN N
sCL || (2,3,4) —| MLP
V.S \ ) S
48 filters of - e,
stride 2 [ |
30
(13,1) —{ mp |
3D voxel input
3D CNN [Wu et al.2015] PointNet (vanilla) [QI et al.2017]
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Limitations of PointNet

Hierarchical feature learning

multiple levels of abstraction

.,"\ 2
512 filters of i
stride 1

------

4T3

160 filters of AN |
stride 2 7%
JA—a

48 filters of
stride 2

3D voxel input

3D CNN [Wu et al.2015]

V.S.

Global feature learning
either one point or all points

( N A

No local context

I 71T = |

Limited local invariance

PointNet (vanilla) [QI et al.2017]
53



PointNet++

Basic idea: Recursively apply pointnet at local regions.

v Hierarchical feature learning TN
: : : fan ¥ e
v Local translation invariance o oy
. . . ’I \Q\: /. :...,_._:"-...,_:::
v Permutation invariance 5 ‘
—
pointnet

[2] Charles R. Qi, Li Yi, Hao Su, Leonidas Guibas. PointNet++: Deep Hierarchical Feature

Learning on Point Sets in a Metric Space (NIPS’17) 54



Hierarchical Point Feature Learning

Y

o
o
®
o
» X

N points in (X,Y)

55



Hierarchical Point Feature Learning
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Hierarchical Point Feature Learning
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Hierarchical Point Feature Learning

iY Apply pointnet at a local region
. . / ) V \
amn . ‘ almy
e | @ @
S0 Y e S e
i o | @ - X — U pointnet
., Geoe00® ﬁ’ @
© ® \ /
® ®
[ ®

K points in local

N points in (X,Y) coordinates (u,v)
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Hierarchical Point Feature Learning
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N

Euclidean space

high-dim feature spacg



Hierarchical Point Feature Learning
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Hierarchical Point Feature Learning
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Hierarchical Point Feature Learning

‘lll...:

i:".... . ::: .
N points in (X,Y)" N1 points in (X,Y, F)

Set Abstraction: farthest point sampling + grouping + pointnet 4,



PointNet++ for Classification and Segmentation

Hierarchical point set feature learning

sampling & = pointnet ~ sampling & = pointnet
grouping grouping
N VAN Y,
'8 Y
set abstraction set abstraction
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PointNet++ for Classification and Segmentation

Hierarchical point set feature learning

— W — vy —y —

D

sampling & = pointnet ~ sampling & = pointnet S

grouping grouping o

3

C 7 AN - I
set abstraction set abstraction

pointnet fully connected layers

64



PointNet++ for Classification and Segmentation

skip link concatenation

""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""

interpolate unit interpolate unit
_____ pomtnet pomtnet
— — o —
SZTopulgi]gg& pointnet SZTOPJI';;%g& pointnet “|J p_convolutionu through 3D
: v & v g Interpolation and/or pointnet.
set abstraction set abstraction
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Non-uniform Sampling Density in Point Clouds

Density variation is a common issue in 3D point cloud processing
- perspective effect, radial density variation, motion etc.

’ \ Challenge for local
' / <~ feature learning!
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Density Variation Affects Hierarchy

1024 points

LR

»¢

- -
I". . »
W ¢
b £

.O‘.

® PointNet vanilla

512 points 256 points 128 points 20 PointNet++

&

; © O—
S 58 O\."‘"‘
X P Je ®
3 g %)
g ; > 85
: S o
. % =
o e SR 3
[ AR P, oty o v s R g o
R A TEASL e A < 80
.,"...’:..’ .: 3 |. 'I... .... : . :.. ..:. .

.
$% o

75
1000 800 600 400 200

Number of Points

Small kernels suffer from varying densities!
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Robust Learning Under Varying Sampling Density

concat

Multi-scale grouping (MSG) Multi-res grouping (MRG)

During Training: input point dropout with random dropout ratio

68



Robust Learning Under Varying Sampling Density

Accuracy (%)

MSG
MRG \
90 ‘—A—\
O,
85 \ ® PointNet vanilla
Original PointNet++
80 — ® PointNet++ (MSG w. DP)

PointNet++ (MRG w. DP)

Vi
1000 800 600 400 200

Number of Points
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PointNet++ Results: Scene Parsing

Better accuracy with hierarchical learning.

0.9

0.8

73 9%
) J I
0.6 -

3D CNN PointNet PointNet++ PointNet++
3D CNN PointNet  pointNet++ PointNet++
[Dai et al. 2017][Qi et al. 2017] (MSG w. DP)
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PointNet++ Results: Scene Parsing

Robust layers for non-uniform densities (MSG) helps a lot.

0.85

. on partial scans / 80.4%
0.8

s % 1 29 70/ I
Sx,"f:%;:“ 0-75 l L- l \70

..........

é-amwﬂ {ﬁ”’ 065 +—— S

0-6 | | I

PointNet PointNet++ PointNet++
[Qi etal. 2017] (MSG w. DP)
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PointNet++ Results: Non-Euclidean Space

For organic shape recognition, PointNet++ can generalize to

non-Euclidean space
 intrinsic point features (HKS, WKS, Gaussian curvature)
 Intrinsic distance metric (geodesic)

Metric space Input feature Accuracy (%)

A, DeepGM [13] - Intrinsic features

Euclidean XYZ
Ours Euclidean Intrinsic features

' ) Non-Euclidean Intrinsic features

(a) Horse (b) Cat (¢) H%rée
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More Types of
Deep Networks Related to Point
Clouds

73



Sparse 3D CNNSs

Submanifold Sparse Convolutional Networks

[Graham et al. 2017]

normal field
H OctNet
I " - [Riegler et al. 2017]
— O-CNN: Octree based Convolutional Neural Networks

[Wang et al. 2017]

octree input (d-depth)
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Surface-Based Convolutions

Surface Convolution

Tangent Convolutions SurfConv
[Tatarchenko et al. 2018] [Chu et al. 2018]
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Classic Spatial Representations + NN

kd-t
ree Kd-Network ShapeContextNet

[Klokov et al. 2017] [Xie et al. 2018]
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Hybrid Networks: Grids + Points

Voxel . Random Stacked Voxel !
s Grouping . .
Partition Sampling Feature Encoding
/ 3 -
yawie z >
VoxelNet D 5| |8
/,/ / - wes - E 3 =
[Zhou et al. 2018] %% o s 5 E
- //.- i 2 - | Oy co o omp| Ty - L || @ |=p
oo / - — o S
AL i ™ I
/) s > L
A Point-wise o E
DxHxW v Input 2 [
| U |
Point-wise Point-wise Voxel-wis¢
Feature-1 Feature-n Feature

PN /
/NS N AT LR i
{ W Lot . AV g/
by ra) LN n AV L LR
AN AN AN S A
SN0 AN TN
/ N/ W N/ ot/ ot
/ \/ \ \ \
Fay Fay Fa FACEA ._-‘_,\ .
SN N/ NSNS NN egmenta,tlon
/ / \ / / N
/ /N N/ N/ X/ N\
\ \ R A /
A AT AV AN VAN,
N SN S NG O NETON N /
N\ / \ £ v \ / e/ N\ /
\ / A\ A !t' \/ ™ N/
pa 3 a . y
N\ \ \ o at /
\ ;N\ /N 7\ Fan /
NSNS NS NS NS
\\ / N/ N\ / N\ / \‘. /’
AY AN I\ Al /
\ £\ A /
N /N /N / AN
\ / \ \ ’.’
\\ / 4‘[ \\ 7 \/

Convolve

Bilateral convolution layers on
a sparse lattice

SPLATNet
[Su et al. 2018]
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Point Cloud Convolution Variants

Continuous
Convolution

@ s o g

Filter Values

Kernel Points '/~ -

Deep Parametric Continuous Convolution
[Wang et al. 2018]

14 44 ! ! L] $

]
Al Fa AN
( I—Ca-m:'[N 10,c= r:‘ K= 3)

PointCNN
[Li et al., 2018]

[Lass ] Lﬂss ][Lass ]

I

[ xcom(N=7C=Ck=3) |

[Ln;s

Fls # Cs FCg Ff.'s

Kernel Point Convolution
[Thomas et al. 2019]

SpiderCNN
[Xu et al. 2018]

q3

2(p1q3)

g(p-q5) q5

i

X-Conv(N = 1,C = Cp i =

MH

[I{'anp(hf 4C=CoK=4D= 2}

[I{anu(N 4c Er 4.0 = 2}]

- N
A ( ) K
AN k * ;,,z”_m* \.;
| J'.'{'onu[h' 4:: G K = 4) | [ I{'artu(N ?E‘ . K= 4} ] [ J'.'{'ortu(N 7.0=C, K £
AR RS/ [N WA L AN RPN '
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Graph Neural Networks

Hidden layer
.-"-f-..
xf’# &
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.I. ® [ ]
a
b @
.
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™ \
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https://tkipf.github.io/eraph-convolutional-networks/
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https://tkipf.github.io/graph-convolutional-networks/

Which Network Architecture Is Best?

* Any distance metric among points?
3D points or higher-dim points?
Single object or multi-object?
Depth image or fused point clouds?
Care about efficiency?

Is there a universally best architecture?
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3D Scene Understanding with
PointNet and PointNet++

81



3D Scene Understanding with PointNets

* PointNet and PointNet++ lead to new 3D centric approaches
to scene understanding

3D Scene Flow

3D Scene Flow

source: SUN RGB-D by Song et al. source: Wedel et al.
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3D Scene Understanding with PointNets

* PointNet and PointNet++ lead to new 3D centric approaches
to scene understanding

source: SUN RGB-D by Song et al.
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3D Object Detection

* Input: RGB-D data
 Output: 3D bounding boxes of objects

SUN RGB-D:

84



3D Object Detection

* Input: RGB-D data
 Output: 3D (amodal) bounding boxes of objects

Car

KITTI: Pedestrian
Cyclist

85



Frustum PointNets for 3D Object Detection

depth to point cloud .

~

2D region (from CNN) to 3D frustum /

+ Leveraging mature 2D detectors for region proposal. greatly reducing 3D search space.
+ Solving 3D detection problem with 3D data and 3D deep learning.

Charles R. Qi, Wei Liu, Chenxia Wu, Hao Su, Leonidas Guibas. Frustum PointNets for
3D Object Detection from RGB-D Data (CVPR 2018) 86



Frustum-based 3D Object Detection: Challenges

Background
Clutter

/
Object of Interest
/

: >
. N

Foreground
occluder

camera

 Occlusion and clutter is common in frustum point clouds

 Large range of point depths
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Frustum PointNets

Use PointNets for data-driven object detection in frustums.

=
=9
= point cloud,

frustur ;

I -F}

E Henth .| | Instance Amodal Box :
C €pth pop-up Segmentation Estimation Network | =

] Network 2

Frustum Proposal 3D Instance Segmentation - Amodal 3D Box Estimation

* pose
e Sjze
e center
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Frustum PointNets: Key to Success

Respect and exploit 3D

* Use each modality (image, points) for what it’s best at —
using 3D representation and 3D deep learning for the 3D
problem.

» Canonicalize the problem — exploiting geometric
transformations in point clouds.
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KITTI Results: Quantitative

Detection AP for Cars

72

69

66

63

60

Leading performance on KITTI benchmark

70.39
Frustum VoxelNet MV3D VoxelNet: [Zhou et al. 2018]
PointNets (Apple) (Baidu) MV3D: [Chen et al. 2017]
(Ours)
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KITTI Results: Quantitative

Leading performance on KITTI benchmark

Especially leading at smaller objects (pedestrians and cyclists)
— hard to localize with 3D proposals only.

3D AP for Pedestrians 3D AP for Cyclists

50 60 -
56.77

44 .89
45 1 55
40 50 48.36
35 | 33.69 45
30 40
25 1 35

AVOD: [Ku et al. 2018]

20 30 .

Ours AVOD VxNet Ours AVOD VxNet VxNet: [Zhou et al. 2017]
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KITTI Results: Qualitative

'
r
g
8
]
-
)
-
- B
1§

77

Remarkable box estimation accuracy
even with a dozen of points or with
very partial point clouds.
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KITTI Results: Qualitative

Correct segmentation in point clouds
with heavy occlusion.




KITTI Results: Example
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Point Cloud Amodal Bounding Box Detection (Indoor)

Via a voting scheme
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Deep Hough Voting

Object center proposals

Input: Seeds Votes
point cloud (XYZ + feature) (XYZ + feature)

Output:
3D bounding boxes

. table




Deep Hough Voting

VotingNet
Voting in Point Clouds Object Proposal from Votes

— K clustel"_s
o - e
Fan Votin fan :
L - — () 2 o - %) 7
‘;(3 Point cloud feature + I ; & i mnx3+0) &;é % _§
learning backbone T L = S 3 i X -
= g % shelled x E g sh‘aired X a n
= ! = n ]
/\ —*| Voting I—' | e X8 +0) —-| Proposal |_.
Input: Seeds Votes Output:
point cloud (XYZ + feature) (XYZ + feature) 3D bounding boxes

= table
"» chair
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Results on SUN RGB-D

Image of the scene VotingNet prediction Ground truth
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Results on ScanNet

VotingNet prediction Ground truth
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Quantitative Results

SUN RGB-D
“ Input )| bathtub bed bookshelf chair desk dresser nightstand sofa table toilet [ mAP
DSS [37] Geo + RGB 44.2 78.8 11.9 61.2 20.5 6.4 15.4 53.5 50.3 789 | 42.1
COG [23] Geo + RGB 58.3 63.7 31.8 62.2 45.2 15.5 274 51.0 51.3 70.1 | 47.6
2D-driven [17] Geo + RGB 43.5 64.5 31.4 48.3 279 25.9 41.9 504 37.0 80.4 | 45.1
F-PointNet [30] || Geo + RGB 43.3 81.1 33.3 64.2 24.7 32.0 58.1 61.1 51.1 90.9 | 54.0
VotingNet (ours) \L Geoonly J| 74.4 83.0 28.8 75.3 22.0 29.8 62.2 64.0 473 90.1 | 57.7

ScanNetV2
[ Input YmAP@0.25 mAP@0.5
DSS [37] Geo + RGB 15.2 6.8
MRCNN 2D-3D [10] Geo + RGB 17.3 10.5
F-PointNet [30] Geo + RGB 19.8 10.8
GSPN [47] Geo + RGB 30.6 17.7
3D-SIS [11] Geo + 1 view 35.09 18.66
3D-SIS [11] Geo + 3 views| 36.64 19.04
3D-SIS [11] Geo + 5 views| 40.22 22.53
3D-SIS [11] Geo only 25.36 14.60
VotingNet (ours) Geo only 46.75 24.65

\ 7 100




3D Scene Understanding with PointNets

* PointNet and PointNet++ |lead to new 3D centric approaches
to scene understanding

3D Scene Flow

3D Scene Flow

source: Wedel et al.




Scene Flow [Vedula et al. 1999]

e Scene flow: 3D motion field of points
e Optical flow Is its projection to 2D image plane.

e Low-level understanding of a dynamic environment

n(t+1)
(t}f p

1 r
p(t+ )

S
o’ 102



Our Approach: FlowNet3D

* Directly learning scene flow in 3D point clouds, with 3D deep learning
architectures.

.o. “ :‘.':. —| FlowNet3D 111111

o
point cloud 1: N1x3

point cloud 2: N2x3 scene flow: N1x3

[4] Xingyu Liu*, Charles R. Qi*, Leonidas Guibas. Learning Scene Flow in 3D Point Clouds, arXiv preprint. 103



Deep Net Architecture

« How to learn point cloud features?

* Where in the network architecture to mix point features from consecutive
frames?

* How to mix them?

Intermediate level

é N

local feature
—| Deep Net b

\, J
Middle-level Deep Deen Net o™
deep mixture p N Mixture 1 )é

oN
X | Deep Net[™
&

1N xXS

scene flow

. y local feature
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Point Attributes

LemT T dist(gi, f), Yi1-X
YA, RN
s \ dist(gz, ), Y2-X
Y2, g2 II O X, f \ .
| o , :
‘\?Q o /,’ dist(gi, f), VYi-X
Yi, gi . O e

————

Naive approach: concatenation

dist(g, f), Yi1-X|[dist(gz, f), Y2-X
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A More Structured Approach

diSt(gl, f), Y1i-X — MLP max pooling
dist(gz, f), Y2-X | —  wmp o
shared
dist(gi, f), Yi-X |—  wp
P
Y1, g1 R
O \
dist(gi, f) Y2,92 /o St
e :'
“Distance” functions: \\O O /
Euclidean distance (scalar) Yi, gl N _ P
Cosine distance (scalar) e T

Element-wise product (vector)
Simple concatenation — let the network learn the distance function (vectoq)



FlowNet3D

skip link concatenation

L)
o =
3 N
E PR e
o : set conv
— Fam r =1 E_* 8 |
.g feisreened | X
= ) [ &
S = { %
: e S Frore Y P (R [
. s H F — . set Hl set . set ' set _
. : ow ;| = C ] : : +]: il I - on
shared weights :emfe idinet i S conzv i Selconvi_ ) o L3 upconv i upconv =% upconv i upconv | x 9
: 8 LLT.AF LLTA | x| inssd iz insddins0s) | B8
b : x
O w
~
=

/ flow mixture flow refinement

/8 X (3 + 64)

point cloud

point feature learning

Composed of many many mini-pointnet++ modules ...
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Training on Synthetic Data

FlyingThings3D [Mayer et al. 2016]
dataset from MPI

Random ShapeNet objects
Very challenging dataset with

strong occlusions and large
motions.
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KITTI Results

Frame 1, Frame 2

ICP (Prediction, Error)

Ours (Prediction, Error)

Error rate: 23.28%

o
f . wet®  guad
coveen
[} ““
.
g

Error rate: 8.17%

- o
z:
. ¢ K&
- 2 Ty
\ v P o
-, T&

ICP (baseline)

/
R en g

FlowNet3D (ours)



KITTI Results

Frame 1, Frame 2 ICP (Prediction, Error) Ours (Prediction, Error)

Error rate: 30.46% Error rate: 16.06%




Generalizing to KITTI: Quantitative

3D End-Point-Error
0.625

Lower IS better

0.5

0.375

0.25

0.125

LDOF OSF PRSM ICP ICP FlowNet3D
[Brox et al. 2011] [Menze et al. 2015] [Vogel et al. 2015] (global) (segment) (OUI‘S) 112




Point Cloud Synthesis

113



Point Cloud Synthesis from a Single Image

Hao Su, Haogiang Fan, Leonidas Guibas
Learning Shape Abstractions by Assembling Volumetric Primitives
CVPR 2017



End-to-End Learning

o e s - - - - E— - - E—— S E—— - = S = s = E—— e S—— E—— s—— .y

Prediction |

(x1,y1,21) |

Deep network Ifl> { (w2,y2, 22) } ||>
(m'n.: yn Zn) l
I
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Synthesize for Learning

ShapeNet

4 E >R Rad i A

Renderer EEY R LR

e . W, W o, M T W O . B Ny

BAAR-EE esw~ws

At <
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Supervision from “Synthesize for Learning”

« 200K shapes from 2K categories

« 10M images with ground truth




Point Cloud Distance Metrics

Worst case: Hausdorff distance (HD)

Average case: Chamfer distance (CD)

Optimal case: Earth Mover’s distance (EMD)

d S1,5) = ] —

EMmD(51,52) ¢:§?1—I>132 Z |z — o(z)]|2 o
rES1 ‘\J

where ¢ : S7 — 55 is a bijection.

Solves the optimal transportation (bipartite matching) problem!
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End-to-End Learning

o e s - - - - E— - - E—— S E—— - = S = s = E—— e S—— E—— s—— .y

shape
* embedding

(-”»"1, Y1, 21)
(“T27 Y2, 22)
Ty yn: zn

(z )

Y Predictor |j>{




End-to-End Learning




Natural Statistics of Object Geometry

« Many local smooth structures are common

* e.g., planar patches, cylindrical patches
» strong local correlation among point coordinates



Natural Statistics of Object Geometry

ﬁ

-

« But also some sharp/intricate local structures
« some points have high variability neighborhoods

~



Two-Branch Architecture

Capture smooth structures

Deconv

> [

& branch
| Nx3 L
s\&. ”H > - - =
o branch
Capturelntrlcate T T Mx3

structures

Set union by array concatenation



Deconvolution Branch

coordinate map

x-channel y-channel z-channel

* Deconvolution induces a smooth coordinate map
e Geometrically, it learns a smooth parameterization



Fully-Connected Branch

| N b -

branch

Capture intricate structures ~ | Mx3




The Two Branches

blue: deconv branch — large, consistent, smooth structures

red: fully-connected branch — more intricate structures




Example Results

Same view New view

Good symmetry

Good detail




Comparison to State-of-the-Art

Trained/tested on 2K object categories

2.25 -
5 18-
0
o 1.35 -
(&)
c
8
0 0.9 -
a
@ ]
= 0.45
©
O
@) 0 -

Baseline [Choy et. al, ECCV16] Ours
(mean shape)



Influence of Distance Metrics

A fundamental issue: inherent ambiguity in prediction




Influence of Distance Metrics

A fundamental issue: inherent ambiguity in prediction




Influence of Distance Metrics

A fundamental issue: inherent ambiguity in prediction

]




Influence of Distance Metrics

A fundamental issue: inherent ambiguity in prediction

4 ! - e
» i 7 \
P 3
J p
-

* By loss minimization, the network tends to predict a “mean shape” that

averages out uncertainty



Distance Metrics Affect Mean Shapes

The mean shape carries characteristics of the distance metric

T = argmin Eg_g|d(z, s)]

x

continuous /-- ey
hidden variable , ) O L

(radius)

Input EMD mean Chamfer mean




Distance Metrics Affect Mean Shapes

The mean shape carries characteristics of the distance metric

T = argmin Eg_g|d(z, s)]

x

continuous /-- ;
hidden variable ) O ¢
(radius) - -
discrete %.: £
hidden variable .\' S i :
(add-on location) g,f e -

Input EMD mean Chamfer mean




Comparison of Predictions by EMD versus CD
Input EMD Chamfer

/




From Real Images

observed view 90°

—

Out of training categories



More Applications of Point
Cloud Deep Learning
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Applications of Point Cloud Deep Learning

* 3D object & scene understanding

Car
Pedestrian
Cyclist

Hand Pose Estimation [Hand PointNet by Ge et al.]

3D Object Detection [VoxelNet by Yin et al.]
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Applications of Point Cloud Deep Learning

* 3D object & scene understanding
» Al-assisted shape design

‘:> Retrieval Placement
Network Network

s

Vs

Partial Component Outout ¢
Assembly Embedding P
L] Space L

2D Image v }

3D Point Cloud
(a) Possible Inputs (b) Output Mesh for 2D Image (c) Output Atlas (optimized) (d) Textured Output

AtlasNet [Groueix et al. 2018]

Primitive fitting [Li et al. CVPR’'19]
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Applications of Point Cloud Deep Learning

* 3D object & scene understanding
 Al-assisted shape design

* Robotics: grasping, manipulation and simulation

PointNet

grasp
—> quality

scores

|
‘ 7 k|
| SR st e
% ! 99 % < v | Ve
R S 1 et
~ -
. ;- i !
N o! i Input Points
1
NX3

= "

source: Ludovic Righetti

PointNetGPD by Liang et al. ICRA19
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Applications of Point Cloud Deep Learning

* 3D object & scene understanding

 Al-assisted shape design

« Robotics: grasping, manipulation and simulation
* Molecular biology: from structure to function

source: BPC@University Greifswald
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Future Directions for Point Cloud
Deep Learning
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Future Directions

« Scalability

How to scale up from processing 100k points to 1M or even 10M
points?

(1024 x 1024 image ~= 1M pixels)

More memory efficient operators

Trade-offs in neighborhood sampling %

143



Future Directions

 Scalabllity
* Multi-modality

RGB images Lidar point clouds

High resolution Accurate depth

Rich textures Accurate 3D geometry -



Future Directions

 Scalability
« Multi-modality
« Sampling

Training
l ~ Sampling
® ° » loss
Task
o o loss
o o .
o ) o Fixed Joint objective

Evaluation
metric

Proposed sampling
® Input points @ Generated points ® Sampled points

Learning to sample [Dovrat et al.]
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General Set / Graph Processors

« Scalabllity

« Multi-modality

« Sampling

» Set processing

=l
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Future Directions

 Scalability

« Multi-modality

« Sampling

 Set processing

« Geometry generation

How to generate?
How to measure quality?

Input

EMD
mean

CD
mean

(b)

Figure from [Fan et al

(c)

. CVPR 2017]

l.l.".'l:.‘.‘ '. -

H A1

AT AR A VERLY
. . .

(d)
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Code for PointNet, PointNet++ on GitHub

* https://github.com/charlesg34/pointnet

L] charlesq34 / pointnet ®© Watch 108 Y star 2045  ¥YFork 802

<> Code Issues 92 Pull requests 3 Projects 0 Security Insights

PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation

point-cloud classification segmentation neural-network tensorflow geometry-processing

D 40 commits ¥ 1 branch © O releases 42 3 contributors sfs View license

* https://github.com/charlesg34/pointnet2

charlesq34 / pointnet2 @®@wWwatch 55  WsStar 1152 = YFork 442

<> Code Issues 98 Pull requests 7 Projects 0 Security Insights

PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space

point-cloud deep-learning classification segmentation 3d-shape

D 51 commits P 1 branch © O releases 42 3 contributors s View license


https://github.com/charlesq34/pointnet
https://github.com/charlesq34/pointnet2
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