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Introduction Point cloud analysis SITA AT=REmBSER1E
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shape classification  shape retrieval

High-level shape
understanding

semantic segmentation object detection normag gsti

éﬁ:ﬁ hERZ B RER 3 May 2019 5

Institute of Automation, Chinese Academy of Sciences



CNN, local-to-global manner for semantic learning

Points are not isolated ——> Analyzing each point independently maybe suboptimal

Nearby points form a meaningful shape ——> Abstract points’ relation (interaction)
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SFPA A TS8sA-BSiets
Related Work PointNet: permutation invariance

Classification Network

input mlp (64,64) feature mlp (64,128,1024)

2 transform — transform 5

2|

;‘ g muE g % shared nx1024
=

5 —{_

multiply

Shared MLP + max pool

multiply

max mlp

pool 1074 (512,256,k)
I |
glohal/feature |k

LT point features

L . Z

e | - O
1088 & g |2
n g shared = shared = s
(= E.. .

e g

mlp (512,256,128) mlp (128,m)

Segmentation Network

No local patterns capturing

Qi et al. PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation. CVPR 2017.
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Related Work PointNet++: local to global

skip link concatenation

.....

—>
interpolate

Classification

unit
pointnet

et

(1,C4)

sampling & = pointnet ~ sampling & = pointnet
grouping grouping T
N U Y,
e Y
set abstraction set abstraction —>

pointnet fully connected layers

Sampling + Grouping + PointNet

Implicit relation modeling — maybe suboptimal

Qi et al. PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space. NIPS 2017.
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Related Work Relation modeling

In a traditional convolutional layer, the

learned filters stay fixed after training. Dynamic Filter Networks (DFN)
y=fCWxX+b) SN
putA — network —- Filters
Input ‘—‘
The filters in DFN are generated -
] . .  Input B : : — Qutput
dynamically conditioned on an input. g Dynamic fitering tayer!
y = f(2_|90(Xa)[x Xp + D)
Model parameter: 7 Filter: QG(XA)

Brabandere et al. Dynamic Filter Networks. NIPS 2016.
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Related Work Relation modeling

The current formulations of graph
convolution do not exploit edge
labels, which results in an overly
homogeneous view of local
graph neighborhoods.

The first to apply graph
convolution to point cloud
classification.

Dynamic Edge-Conditioned Filters in graph CNN

e )
T generating
network
Fi(.)
> ),
L(3,1) l HL,
L(5,1) o, [P o
— - b
: %
Edge labels QA
T T
X1 ol X" (1)
X(2) Y O, X1 (2)
X 1(3) = oLX () | |
X(5) oL X" 1(5)
d!*l df +b£
T
X'(1)

Simonovsky et al. Dynamic Edge-Conditioned Filters in Convolutional Neural Networks on Graphs. CVPR 2017.
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Related Work Relation modeling

Dynamic Graph CNN (DGCNN)

Points in high-level feature }%@”’ ‘%’ ?
space captures semantically
similar structures. gﬁ_f ‘ ’ i i
Despite a large distance *{y . e «*w
between them in the original

= s
3 D S pace . 2 i X N © feature concat. &85
S |- EdgeConv — § — EdgeC — Tg s EdgeCi —r a; s & — %
£ i : K i) s multi-layer perceptron] | £ &

= g

Wang et al. Dynamic Graph CNN for Learning on Point Clouds. 2018.
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Related Work Relation modeling

global info.  local info. DGCNN —— EdgeConv

h@)'(\l’z' <L —/:Uz) \//\0 - \]/\0

mx\\ . 000000

/
T, = h@(i[}@;,:l}j).
g:(i,5) €€
e Neighbors are found in feature space X X

e Learn from semantically similar structures

Wang et al. Dynamic Graph CNN for Learning on Point Clouds. 2018.
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Relation-Shape Convolutional Neural Network
for Point Cloud Analysis (RS-CNN)

Yongcheng Liu, Bin Fan, Shiming Xiang, Chunhong Pan

CVPR 2019 Oral Presentation

Project Page: https://yochengliu.github.io/Relation-Shape-CNN/
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RS-CNN Motivation SITAI ATESsEmBFE T

2D image

3D point cloud

3D Shape Learning \ | @ ® —— Relation Learning

Deep Learning (CNN)
é.f RERZERBENEHTFR 3 May 2019 15
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RS-CNN Method SFFA A TESsea-8SERtT

Relation-Shape Convolution (RS-Conv)

—————————————————————————————————————————————————————————————————————————————————————————————

l
 fp = o(AUT(En) Y2 ) dig < ¥, €N(z) y=0(X W X)

T S ——"

T : feature transformation A feature aggregation

—————————————————————————————————————————————————————————————————————————————————————————————

Permutation invariance: only when A is symmetric and T is shared over each point

e Limitations of CNN: weight is not shared T(fﬁj) = W - ij
gradient only w.r.t single point - implicit

e Conversion: learn from relation 7 (fz;) = wi; - ., = M(hy;) - £,

hq}j . predefined geometric priors
- low-level relation

tr, = ‘T(A({M(h‘ifi) R Vfﬂj})) M : mapping function(shared MLP)

—> high-level relation
C ERZFRBICHATER 3 May 2019 16
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RS-CNN Method SFFAl AT 8RB SERIT

fp, =c(A{{M(hy) - £,;, V;}))

( _Relation-Shape Convolutwn | h
|~ h;
E 4 C annel -raising mapping
= shape-aware
© shared MLP E representation
£ ' 3| 'g
shared MLP 8 8
E g |2
M(h;) i<—equal channels—ai } ( ({wy; - f$7,V:UJ}
[ e, )

~

high-level relation encoding + channel raising mapping

low-level relation h;; : (3D Euclidean distance, z; — z;, x;, *;)

10 channels
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RS-CNN RS-Conv: Properties SITAL ATssEmreERn

fPub — ( ({M( ) Ly quf}))
v Permutation invariance

v" Robustness to rigid transformation in Relation Learning, e.g., 3D
Euclidean distance

v Points’interaction
v' Weight sharing ! Reuvisiting 2D Conv \

_\Y w, W2 W3
Output = ijl W;iT; «—— T Xy Ty

! \
! |
1 1
I 5% !
1 : o[e[o !
I Sle I
| W1—>Wit: top left — O — d E
i Wo — W;2: right above O . O E
1 1
I W3—W;3: top right I
; : ©@ 0 0, |
1 1
\ grid relation convolution kernel feature map

4
’

_____________________________________________________________

RS-Conv with relation learning is more general and can be
applied to model 2D grid spatial relationship.
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RS-CNN Shape classification

ModelNet40 benchmark

Robustness to sampling density

é" ERZFRBICHATER
SASIA Institute of Automation, Chinese Academy of Sciences

80 —a—PointNet
—e—PointNet++
PCNN
70 DGCNN
—w—Qurs

Accuracy (%)

1024

512 256 128

Number of points

3 May 2019

ST AT &5/ 82 %R
method input #points  acc.
Pointwise-CNN [ 10] XyZ 1k 86.1
Deep Sets [48] XyZ 1k 87.1
ECC [31] XYz 1k 87.4
PointNet [24] XYz 1k 89.2
SCN [44] XYz 1k 90.0
Kd-Net(depth=10)[16] | xyz Ik 90.6
PointNet++ [26] XyZ 1k 90.7
KCNet [20] XyZ 1k 91.0
MRTNet [3] XyZ 1k 91.2
Spec-GCN [38] XyZ 1k 91.5
PointCNN [21] XYz 1k 91.7
DGCNN [41] XYz 1k 92.2
PCNN [ 1] Xy7Z 1k 92.3
{Ours XyZ 1k 93.6 |
SO-Net [19] XyZ 2k 90.9
Kd-Net(depth=15) [ 16] XyZ 32k 91.8
O-CNN [29] Xyz, nor - 90.6
Spec-GCN [35] XyZ, NOr 1k 91.8
PointNet++ [26] Xyz, nor 5k 91.9
SpiderCNN [45] XyZ, NOr S5k 92.4
SO-Net [19] XyZ, NOr S5k 93.4

19



RS-CNN ShapePart Segmentation

SFFAI AT

method input class | instance| air bag cap car chair ear guitar knife lamp laptopmotor mug pistol rocketskate table
mloU| mloU plane phone bike board
Kd-Net [106] 4k 774 | 823 80.1 74.6 743 703 88.6 73.5 90.2 872 81.0 949 574 86.7 78.1 51.8 69.9 80.3
PointNet [24] 2k 804 | 83.7 834 78.7 825 749 89.6 73.0 915 859 808 953 652 93.0 812 579 72.8 80.6
RS-Net [11] - 814 | 849 82.7 864 84.1 782 904 69.3 914 87.0 835 954 66.0 92.6 81.8 56.1 75.8 82.2
SCN [44] 1k 81.8 | 84.6 83.8 80.8 83.5 793 90.5 69.8 91.7 86.5 829 96.0 69.2 93.8 825 62.9 744 80.8
PCNN 1] 2k 81.8 | 85.1 824 80.1 855 79.5 908 73.2 913 86.0 85.0 95.7 732 948 833 510 750 81.8
SPLATNet [34] | - 82.0 | 84.6 819 839 886 79.5 90.1 73.5 913 847 845 963 69.7 950 81.7 592 704 81.3
KCNet [30] 2k 82.2 | 84.7 82.8 81.5 86.4 77.6 903 76.8 91.0 872 845 955 69.2 944 81.6 60.1 752 81.3
DGCNN [41] 2k 823 | 85.1 842 837 844 77.1 909 785 915 873 829 96.0 67.8 933 82.6 59.7 755 82.0
Ours 2k 84.0 | 86.2 83.5 84.8 88.8 79.6 91.2 81.1 91.6 884 86.0 96.0 73.7 94.1 834 60.5 77.7 Sm
PointNet++ [ 20] 2k.nor | 81.9 | 85.1 824 79.0 87.7 773 908 71.8 91.0 859 83.7 953 71.6 94.1 813 58.7 764 82.6
SyncCNN [47] mesh 82.0 | 847 81.6 81.7 819 752 902 749 93.0 86.1 847 956 66.7 92.7 81.6 60.6 829 82.1
SO-Net [19] lk,nor | 80.8 | 84.6 819 835 84.8 781 908 72.2 90.1 83.6 823 952 693 942 80.0 51.6 72.1 82.6
SpiderCNN [45] 2k.nor | 824 | 853 83.5 81.0 872 775 90.7 76.8 91.1 873 833 958 70.2 935 82.7 59.7 75.8 82.8
class mloU 1.717 instance mloU 1.171
Best results over 10 categories
é’f ERZBRBIMC SR 3 May 2019 20
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Diverse, confusing shapes
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RS-CNN Normal estimation

(]
Table 3. Normal estimation error on ModelNet40 dataset. §
dataset method #points error £
ModelNet40 | PointNet [] 1k 0.47 %
PointNet++ [ 1] 1k 0.29
PCNN [1] 1k 0.19
Ours 1k 0.15
=
2
2
less effective for some intractable
shapes, such as spiral stairs and
Intricate plants .
E
ground truth ours pointnet pointnet++

ground truth M < 30° normal [ > 90° normal

SIA
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RS-CNN Geometric priors SITA ATEsEREBFERIT

model | low-level relation h channels acc.
fp. =o(A({M(h;;)- £, , Yz,}) A (3D-Ed) | 92.5
» =l i) fay, V23})) B | 3D-Ed, z; — z;) 4 93.0
C (3D-Ed, x; — x;, x;, x;) 10 93.6
D (3D-cosd, :c',;"“, x5 7 92.8
E

B, (2D-Ed, x; — a7}, x5, x;) 10 ~ 92.2 I

low-level relation h channels | acc.

(XY-Ed, z;” — 23", :rfy, x5) 10 02.1
(XY-Ed, z7* — trf‘* x3") 10 02.1

(XY-Ed, fr'w — x5, :_ri’r"‘, :L:;,é) 10 92.2

> fusion of above three VieEWSs 92.5
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RS-CNN Model analysis

Robustness to point permutation and rigid transformation

S method acc. perm. +0.2 -02  90°  180°
relat!on. 3D_ PointNet [21] 887 | 887 708 706 425 386
Euclidean distance PointNet++ [26] | 8827 | 882 882 882 479 39.7

Ours 90.37 | 90.3 903 903 90.3 90.3
l“'l ]ayer 2"‘1 la){cr ]“1 Iayer 2"" ]aycr
fru = o(AQM(hy) - £, Vas})) - Beg e .
-®

Model complexity

method #params #FLOPs/sample
PointNet [24] 3.50M 440M
PointNet++ [21] | 1.48M 1684M
PCNN [21] 8.20M 294M
Ours 1.41M 295M
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RS-CNN Summary SFTA] AT =ssEmBSERIT

Relation-Shape Convolutional Neural Network
for Point Cloud Analysis

We did a little exploration in Geometric Relation Learning
for point cloud analysis.
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