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Princeton ModelNet: 1k ShapeNet Part: 2k

[1] Wu et al. CVPR 2015. [2] i et al. TOG 2016.

Fine-grained

\

Hierarchical Semantic
PartNet models Segmentation

[3] Mo et al. CVPR 2019.
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BEEN FAWGHES O

Semantic 3D: 4 bhillion in total
[5] Hackel et al. ISPRS 2017.

Stanford 3D indoor scene: 8k
[4] Armeni et al. CVPR 2016.

R

-
e e 4

ScanNet: i& X7 E| + Hbpka il

| KITTI, Apollo, nuScenes, Waymo
[6] Dai et al. CVPR 2017.

B CAr#E] + B et 13
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(a) Projection

(b) Counterclockwise Ordering

np

e

FLLRIR

o
Pj

R AN

lp—aqll<R r=q-—p

: p C = Zq I‘I‘T J—.E'l:)] 1%8

- ]S

] [#] .
[42] Tatarchenko et al. Tangent Conv. CVPR 2018.

S(v) = F(q) Su) =) (wlu,v)-Sv))

x(p) = [ (s du )

N
= ||

HEYITE G ERIEE —— REE — RiEsR

(c) Annular Convolution

EYENEN

Joul sl

2] xa[ xg

Q

MAETRERERS
3DIARERFERE

ZMA(12 views): EFREM
I‘IEBI%%IET::;E



AR SEAMNKLE - S4ERNzE 'S
[8] Su et al. SPLATNet. CVPR 2018.

S mig + WhER + BHRIBERE

[9] Kiefel et al. Permutohedral Lattice CNNs. ICLR 2015.
[10] Jampani et al. Bilateral Neural Networks. CVPR 2016.

......

Input

Splat Convolve Slice

BT x
[12] Li et al. PointCNN. NIPS 2018.

“simultaneously weight and permute the input features” K*K W75 AT Ha4EpE: Nt + S

ALGORITHM 1: X'-Conv Operator
Input :K,p, P, F

Output F, > Features “projected”, or “aggregated”, into representative point p

1: P« P > Move P to local coordinate system of p

2: Fs « MLP(;(P’) > Individually lift each point into C's dimensional space

3 F.« [Fs. F > Concatenate Fs and F. F. is a K X (Cs + C1) matrix_

4: X + MLP(P') > Learn the K x K X-transformation matrix

5: Fx <« XA X F, > Weight and permute F. with the learnt X’

6: ¥, < Conv(K, Fx) > Finally, typical convolution between K and ¥ x 20




HREAR S=SNKRE - FTHANEH &

[13] Jiang et al. PointSIFT. arXiv 2018. s Ial I CE

MUESEEARE

(a) (b) (c)

[43] Komarichev et al. A-CNN. CVPR 20109.

: Kd-Tree  EEHBIES
8 .9 10 9 % :, - with stride 1
° len 1 SRRl %
@11 11 il |
12. .13 12 0 qg: E :
13 2 = —
14 5 E— T
> ©15 ., ] el
> g :‘l i i: 1]
g " () Ariular Convolution

[16] Klokov et al. Kd-Net. ICCV 2017.
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FLERIR  PointNet &7

PointNet 7%

Leonidas J. Guibas

Paul Pigott Professor of Computer Science and
Electrical Engineering (courtesy)
in the School of Engineering

Researc ll Statement

Professor Guibas heads the Geometric Computation
group in the Computer Science Department of
Stanford University. He is acting director of the
Artificial Intelligence Laboratory and member of the
Computer Graphics Laboratory, the Institute for
Computational and Mathematical Engineering (iCME)
and the Bio-X program. His research centers on
algorithms for sensing, modeling, reasoning,
rendering, and acting on the physical world.
Professor Guibas' interests span computational
geometry, geometric modeling, computer graphics,
computer vision, sensor networks, robotics, and
discrete algorithms --- all areas in which he has
published and lectured extensively. Examples of current and recent
activities include:
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R LEIR  PointNet &%l — PointNet

C

Cfass;)‘r,canon Network

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

3

input points
nx

T e T e O R )

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

S egmen tation Network

STV ER Y - E;}%F";@JZ(#XR:IE & ﬁ;&:l_&l_ [4] Zaheer et al. Deep sets. NeurlPS 2017.
fH{z1,...,xn}) = g(h(xy),..., h(xy))

h(.): L ZRYFFIE T HRER 2 0(.): MFRAVGFIERERE, LLankF1. max pool
MLP Max pool + fc layers

T-Net: F>]3x3ZEMETH#E, BFARMIZERMN B ZXTTT

23

[18] Qi et al. PointNet. CVPR 2017

transform . transform H pool 4 (512,256,k) '
— 2| wepd | 31 1 E | shaea | w02 |
L e global feature k. Shared MLP + max pool

:lzl: :
| _ s
n|x 1088 & g |3
shared R shalred = E'_ =3 z
D e 2 Qt*z-l



R LZEAR PointNet &%l — PointNet++ Vs

skip link concatenation

..........................................................................

[19] Qi et al. PointNet++. NeurlPS 2017.

Sampling + Grouping + PointNet

L
interpolate unit

":;;: Classification (I:(::met | | pommet o 3‘31LICNN§|E7|"ZQ, EE%%BEU%%
M= SIHZIR E T3

sampling &~ pointnet ~ sampling & = pointnet % :
grouping grouping —>
AN J J
Y Y
set abstraction set abstraction —>

pointnet fully connected layers

A L HEER, IMSRAFEN.
BB RIAES

k | (4)
2321 w?’(a’;)fﬁ Where wz(a;) — , j — 1,...,0

) () —
P = oS it A

24
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T &

LR EML%

[32] Wang et al. Spectral Graph Convolution. ECCV 2018.

.@® .\THH; w e D e e
) 1xm 'Y Conv Poalin 1% m AN 1 12 > TS ==
K AN 3 1HEE#R + EEFHGCN
E | K-1
L y =go(L)x = Z O Tr(L)x
X
k=0
RERS ZIRTLIE{ & SSEFFSZ
§¢ SMSZ+X =) IJ\ l‘ & lu\ AR £ 4
% = [29] Wang et al. DGCNN. TOG 2019.
= . Ji2 . e . Ji2

‘ X .2 )
Ji3 EdgeCony i3 Yi3 &
e J /e T E7SERE + EdgeConv

ijir
e i
X. X. X. ijiq e” X. /

y is i T; = he(zi,x;). he(xix; —x;)
Xj,;; Jis 3(253)66
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Fnut: 1x Cgut

Density! :Z | _
.k Ff’.n: . K% (Cinx Cout)
\ i [ tilg)
Compute Inverse Density Scale |/ ol twi duct
i - K% (Con X Comg) @ :element-wise produc

Fr'.n: :
] @ :summation

K Cin
Four =3 S SRIW(hk,con)Finlhycn) 250 2| N IR EE TR

k=1 cin=1

EUEESY

(kernel correlation filtering)

[39] Hugues et al. KPConv. ICCV 2019.

S

M
1
Kc s R ) — . Kcr My 4 T g
(%) = V) Zlﬂezw (2 =)

m=

kernel points

g9lye) = D h(yi, Tr) Wi

(Frg)x)= > gz —x)f; 2.

58¢€.N'm

BXRFIS, SHS

[41] Lan et al. Geo-CNN. CVPR 20109.

__________

l’ ‘I
] / Wz @ E O,z

zZ
g , v g
z E —I-Wg*. i 6;071’5
Decompose | . Aggregate
]
1 ]
fwee
J

\ Edge Feature

__________

EXmEF5E .



SR

I—I (0,0,0)
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MRsER ek

input  mlp(64,64)

comvalution

feature

o JLMTHEEY KRR or EHJEI— et

- %& *E %Jﬁ.\ %i_@_ :é rmgfom" . transform ! .
Bl el Wz L F =~ —a
v SIZ%% E ‘‘‘‘‘‘‘‘‘‘‘‘

v RE
X ek

o HEBHM
- SRE/SHWESS]
- Monte Carlo #2473
- SINEERES

[22] HERMOSILLA et al. MCCNN. TOG 2018.
[23] Wu et al. PointConv. CVPR 2019.

o RTRKEEM
—_ I|{_:_|\ i%l\é 4 é ;‘..‘”

........................... [28] Rao et al. SFCNN. GVPR 2019.

Rotation-Invariant (RI) 3R7~

[19] Qi et al. PointNet++. NIPS 2017.

—e— PointNet vanilla

90 B/

. . . ==— PointNet vanilla (DP)
512 points 256 points 128 points S
LTy, .y, SR = l:__—-—________‘ urs ( )

i nlE et e B o Ours (SSG+DP)
. Htan 8 —=— Ours (MSG+DP)
el § —a— Ours (MRG+DP)
b 3 <
; TR LR =
s y N
L} g, N
75
1000 800 600 400 200

Number of Points

SEHERE REERRZHR

e | Rz|; = |lll; (Re, Ry) = (Ra)"(Ry) =Ty = (z,y)
[18] Qi et al. PointNet. CVPR 2017, [40] Chen et al. ClusterNet. CVPR 2019.
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HEZICIEER (NAS)

6(@28x28 16@10x10 16@5x5

32x32 6@14x14 190

84

224 %224 % 64

1314096  1x1xk

7 ERHReLU —J =&EHA+ReLU
5 e bk 7 Softmax




RLEIR wzEhiEs e
o) [50] Li et al. SGAS. CVPR 2020.

T‘ Gap: % > 1H1h

[ ey | red

\ —_ \ —_— DartstEZR : =EEHEL

ZEEF: EFRER

8 Cell
Cells Arch.

Search Net. Eval. Net.

Candidate Architecture #MAdds Constraint [5 l] Tang et al SPV_NAS ECCV 2020

- - e

v Elastic|Trans. Channel
=
g
=
==}
)
W
=
o
=
=
e,

[' Dynamic ResBlock Dynamic ResBlock N T l
............... ) A /\/’Evolutionary Architecture Searcher \ I
--------------- | e E ol O O C @ @l NI
T jees : L mutate —-Yo.. . Y. cross- .
: [Elastic Mid. Channeﬂ P —0 O OO0
= = R GRRD + BE (R
--------------- S b, O OO .o co F \1hfl= I GE
i Res. Channel | : v + + [ )
............... ! . :_.".‘ .....L..............'.'.A'..‘:.'
SPVNAS Super Network " i a]n(_ QSPVNAS Super Network Trainer \ 7|< 4 PAN .
- . . Weight
Sparse R > Progressive Depth Shrinkage
* o Voxelize . /Devoxelize S Sharing el JoN — R
e et (VO AA S SHNAS + PDSIREEFER
x (Depth in [3]) o e O e O ™ £
° . L | G L) O 40; <
Identity[ Sparse Point-Voxel Convolution I’ Add (Dessﬁgﬁ] 1[12 . _. _. I ., max #Cou é 5 — ét H Iy
’ C ()] O Uniform \ *’
RIS TETRTITN T Multi-Layer s eeeessss . ! - - Sampling AL\ Y E—
B rrrrrrErraaraiaaaaaas Perceptron ......................... Stage III N N il i |.I.I.I- |.I.I-I- *
- o PPN PURSPPRURPRPPPRCPRPRORS | . .. (Depth in [1,2,3])[] *[:" - %N
/ \ k - sPU#1 GPU:,:y h 32
Cin: Input Channels, C,,: Output Channels.




Output
Probabilities

Add & Norm

Feed
Forward
»

| Add & Norm Ic-\

Add & Norm

Feed
Forward

=

Multi-Head
Attention

I

GLEEIR Transformer FifE

Positional
Encoding

Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
= 1t
S J U —)
Positional
Encoding ®_€) @
Input Output
Embedding Embedding
Inputs Qutpuls
(shifted right)

Transformerpif

5 E

OpenAl: GPT-3

Describe a layout.

Just describe any layout you want, and 8l Bry 1o ronder Balow!

Generative Pre-Training

. N R —

GPT-3: BAIES
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s

MR LR TransformerRLfE

Encoder Classtfication Segmentation(Normal Estimation [52] GUO et al. PCT CVMJ 2021

oy

4 :
x ..@a g =| [2] 8] [¢| —self-attention
=l =] 18] [E] |=
= =
= Plane i = —>
i

‘Em{bzzzzitmg Attention Concat l)MA -Pool Repeat (Fszilt*e FGE?ZC?tbLf:‘Ze (Lmear {LBR ‘LBRD < -
M ETransformerA=E

input: (x, p) [53] Zhao et al. Point transformer. arXiv 2021.

input: (X, p)
(p,l,b:l?near 5- mlp 7 linear linear *ITIE self-attention
point tra‘rrlsformer Z PP T’b(xj' ) + 5) ( )
Ly
' linear . 3 oo
aggrelgmn [Bl1%: self-attention i & 4w A5
output: (y, p) voutput: (y, p) 5 5
Figure 2. Point transformer layer. () point transformer block Yi = ;( S P (’y((p(xz) o TyD(X‘}') + )) © (Of (Xj') + )
XJ 7

[54] Shaw et al. Relative position SA. NAACL 2018. 34



Github: awesome-point-cloud-analysis

CVPR, ICCV, ECCV, SIGGraph / Asia, TOG, awesome-point-cloud-analysis

NeurlPS, ICLR, AAAI, MM, ICRA, IROS,
3DV...... arXiv - Recent papers (from 2017)

- Datasets

Keywords 2018

dat. : dataset |  cls. :classification |  rel.:retrieval |  seg.:segment

det. :detection |  tra.:tracking | pes.:pose |  dep.:depth e [CVPR] SPLATNet: Sparse Lattice Networks for Point Cloud Processing. [caffe] [ seg. ] ¥
reg. : registration |  rec.:reconstruction |  aut. :autonomous driving ¢ [CVPR] Attentional ShapeContextNet for Point Cloud Recognition. [ c1s. seg. ]

oth, : other, including normal-related, correspondence, mapping, matching, alignmen’ e [CVPR] Mining Point Cloud Local Structures by Kernel Correlation and Graph Pooling. [code] [ cls. seg. ]

[
[
[
Statistics: % code is available & stars >= 100 | citation > = 50 [CVPR] FoldingNet: Point Cloud Auto-encoder via Deep Grid Deformation. [code] [ c1s. ]
[CVPR] Pointwise Convolutional Neural Networks. [tensorflow] [ cls. seg. ]
[CVPR] PU-Net: Point Cloud Upsampling Network. [tensarflow] [ rec. oth. ] A
CVPR 2018’ [CVPR] SO-Net: Self-Organizing Network for Point Cloud Analysis. [pytorch] [ c1s. seg. ] &
CVPR 2019’ ¢ [CVPR] Recurrent Slice Networks for 3D Segmentation of Point Clouds. [pytorch] [ seg. ]
[
[
[
[
[
[

ICCV 2019 e [CVPR] 3D Semantic Segmentation with Submanifold Sparse Convolutional Networks. [pytorch] [ seg. ] ¥
’

CVPR 2020, .
ECCV 2020, :

CVPR] Deep Parametric Continuous Convolutional Neural Networks. [ seg. aut. ]

CVPR] PIXOR: Real-time 3D Object Detection from Point Clouds. [pytorch] [ det. aut. ]

CVPR] SGPN: Similarity Group Proposal Network for 3D Point Cloud Instance Segmentation. [tensorflow] [ seg. | ¥
CVPR] Large-scale Point Cloud Semantic Segmentation with Superpoint Graphs. [pytorch] [ seg. ] ¥

CVPR 2021,

CVPR] VoxelNet: End-to-End Learning for Point Cloud Based 3D Object Detection. [tensorflow] [ det. aut. ] ¢
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REFI
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DensePoint
(ICC\{_2019)

i

RS-CNN ”

(CVPR 2019 Oral)

e
________________ SHEE -> BHID e
..... )
SP-CNN B iSIE
(ICPR 2020)
AR IAE
**Net FA=3 e
(2021) So01iEH

- -
......
.....

-
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& TafeE BR7 ['k

University of Chinese Academy of Sciences

DensePoint: Learning Densely Contextual Representation for
Efficient Point Cloud Processing

Yongcheng Liu, Bin Fan, Gaofeng Meng, Jiwen Lu, Shiming Xiang, Chunhong Pan

ICCV 2019

Code: https://github.com/Yochengliu/DensePoint
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TAE—: DensePoint #3753

OB SRS + EREnBin  BENER
TEEE SRR -

LENMRNAR, NAtREENERENZSRESS O MELETRY

Input Layer #1 [l Layer #2 [l Layer #3 [ Layer #4 [ Layer #5 [ receptive field

Afgn s Tr S o ey A rn s e A e A Layer #1
; - o oo St o S ;
: Y 2% 2 25 x £ X s 5
3 3 3 & 3 & 5
: < ¥ ; - > 4
B - = : = — — RO " _—Layer #2
‘3 " >3 o > o o T ", . s P > e e % et S Ly
- e [etadd xR Al ¥y SN ¥ : i Y
’ o k5 S & ‘ Sl k3 2 b i £ Layer #3
2 p 2 ~k i e &5 : 2 r - X e, ' d ¢
i g e S ] : Mo 3 M TR
T e

: R A & # AR Layer #5

“ " receptive field ©

'(N= C) >'(N‘ C1)

E“(N, Cs) VClassic CNN architecturer

\4

(N,C)

- DensePoint architecture |

(N, 5k)

—— - - 39



TAE—: DensePoint #shk

fre) = p({P(fs,), Vo, € N(z)}) C,
0: %)2 KBS

SRIChRAN: I8ikEs 4 (filter grouping)
fN'(;r;) = "{;ﬂ! (p({qb(fmn), Ya, € N(I)})) / C,=4k

=P

X}

. C*k vs. C*4k/g + 4k?

N.C)

(N, Zk
/ﬁl} jji‘_——/’ y DensePoint architecture
(N, 5k)

— «;:;l_"--
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TAE—: DensePoint S=Risysk Vs

ModelNet40 method input  #points M40 MI0
Pointwise-CNN [12] pnt 1k 86.1 -
ModelNet10 Deep Sets [60)] pnt 1k 87.1 -
ECC [40] pnt 1k 87.4  90.8
Benchmark PointNet [31] pnt 1k 89.2 -
SCN [55] pnt 1k 90.0 -
N L Kd-Net(depth=10) [21] pnt 1k 90.6 933
== o \, o SN/ II—Q—{ ﬂ:b
= E’i W*iﬁg & I]7|<F':',r\l—\-'_\ PointNet++ [33] pnt 1k 90.7 -
————— MC-Conv [11] pnt 1k 90.9 -
9 KCNet [39] pnt 1k 91.0 944
SR L fo B0l —rom MRTNet [4] pnt ik 912 -
5 Py ) § | sone SpecGCN [49] pnt 1k 91.5 -
e 3{“ i g H ¢ 70/ —DGCHN DGCNN [57] pnt 1k 02.2 -
1024 512 256 128 64 o s 2 s POINtCNN [26] pnt 1k 92.2 -
Mumber of input points PCNN [ | ] pnt 1k 923 949
(a) . ®) _—_ |Ours pnt 1k 932 966
ot N oo SO-Net [21] pnt 2k 90.9 94.1
£ i . & ] 5 ol Kd-Net(depth=15) [21] pnt 32k 91.8  94.0
i, I P OCRN ] poi por 06
; RTINS 8 —e—FPointhet+ Spec-GCN [49] pnt, nor 1k 01.8 -
= : ; 201 et PointNet++ [33] pnt, nor 5k 91.9 -
1 50 % 10 SpiderCNN [56] pnt, nor 5k 92.4 -
E,'E Number of noisy dal SO-Net [24] pnt, nor 5k 934 957

(d)




TAE—: DensePoint &A=

v X EE?ES%?'i—H’\JﬁZﬂkiﬁ*@EﬁiﬁEﬁ ‘ﬁ*E

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

__________________________________________________________
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R ERIF
REbEENE
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H(8]

."\'

— N - l:‘-l «§
"fE—: DensePoint &ZxEscil

method #params  #FLOPs/sample  acc.(%)

PointNet [31] 3.50M 440M 89.2

PointNet++ [26] 1.48M 1684M 90.7

DGCNN [26] 1.84M 2767TM 02.2

SpecGCN [26] 2.05M 1112M 91.5

KCNet [39] 0.90M - 91.0

PCNN [26] 8.20M 294M 92.3

PointCNN [26] 0.60M 1581M 92.2

Ours (k =12, L = 11) 0.56M 294M 92.1

Ours (k =24, L = 11) 0.67M 651M 93.2

Ours (k = 24, L = 6) 0.53M 148M 92.1

. Time (ms Memory (GB

method #points trainin ( l):est training 1 terzt
PointNet [ 1] 1024 55 22 1.318 0.469
PointNet++ [33] 1024 195 47 8.311 2.305
DGCNN [52] 1024 300 68 4.323 1.235
PointCNN [26] 1024 55 38 2.501 1.493
Qurs (k=24. L=11) 1024 21 10 3.745 1.228
Ours (k=24, L=6 1024 10 5 1.468 0.886
Ours (k=24, L=11) 4096 21 10 7.503 1.767
Ours (k=24, L=6) 4096 10 5 2.417 1.638
Ours (k=24, L=11) 8192 21 10 14.521 3.027
Ours (k=24, L=6) 8192 10 5 4.335 2.776

1024 F3

1315

BatchSize = 16
TITAN Xp

1415
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-
_model low-level relation h channels acc.
A (3D-Ed) 1 92.5
B (3D-Ed, Xi; — {Ej) 4 930
C (3D-Ed, Li — Lj, Li, $j) 10 93.6
D (3D-cosd, z;™, ;™ 7 02.8
E (2D-Ed, = — SC;-, xh, x}) 10 ~ 92.2
low-level relation h channels | acc.
(XY-Ed, ;7 — 27”7, x;”, 23”) 10 92.1
(XZ-Ed, 7 — o737, 277, x77) 10 92.1
(YZ-Ed, ;" — x?z, x!”, x?z 10 92.2
fusion of above three views 92.5



TfE—: Relation-Shape CNN S 5aEikit 5

=+ . y21EN 37 R > Fu
St J TS & HERE TEEHE
7k OAcc. | BB F#E+02 “F#-02 JEikooc et 180° BT | #5580 | #2808 #FLOPs/FEAR
PointNet [100] 88.7 88.7 70.8 70.6 42.5 38.6 PointNet [100] | 1024 | 3.50M 440M
PointNet++ [98] | 88.2 88.2 88.2 88.2 47.9 39.7 PointNet++ [139] | 1024 | 1.48M 1684M
RS-CNN 90.3 90.3 90.3 90.3 90.3 90.3 DGCNN [139] | 1024 | 1.84M 2767TM
SpecGCN [139] | 1024 | 2.05M 1112M
—
90— KCNet [174] | 1024 | 0.90M -
’i’:‘f )“ —_ N
; S PCNN [139] | 1024 | 8.20M 294M
_ N80! —apointNet PointCNN [139] | 1024 | 0.60M 1581M
. " g —e—PointNet++ :
N AN PCNN RS-CNN | 1024 | 1.41M 295M
L A e 7T o0 DGONN
.,,. {- i'..:'_‘:: .:-"_. . :-;. -.-:..:‘;' _. -: .' .'...:- . . +OUfS
; a 1024 512 256 128 T 1 5 {ﬁ
1024 512 256 128 64 N B K ° (=
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TAEP: **Net

p = (1))} o1, )
| Relatlon-Shape CNN (CVPR 2019)

= g({@b(D(Péan))}p EN(p ) 5K D + 7‘%*&‘70

PointNet (CVPR 2017) PointWeb (CVPR 2019) DGCNN (TOG 2019)
5979451
Relation-Shape-CNN (CVPR 2019) Pointwise (CVPR 2018) ...

LI EESTRIFERIREMESRIIN R IREIER
Juags|E, REEFEE

({h (D(pi, p; )}pjeN(pa)’

D(pz-,pj) = f3(VEA € D(p;, pj)).
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— B2 R

O &EEm PointAugment. CVPR 2020

v HiEIEeE . scale (19°%). Hedt (TEYA) . T-Net (1EYA) . #ADropout ( 1BEEEHE)
v BiEW®E: _EXAFup-sampling

v SHEAE . 5INZEIN MCCNN. TOG 2018  PointConv. CVPR 2019

v HIERRSK: m=iMEcompletion

v BAREIFE: EMBIEYIS SN Superpoint Graph. CVPR 2018 Oversegmentation. CVPR 2019

O #EEEEER

v IBKRE: HiEERE,. SRS NASENEELEH,. Transformer

v BXRIZEE: FEiBS = (PointNet, DensePoint). {2 {¥voxelization or PointPillar
v Trade-off: KZF. RIBES=HFIA (SPV-NAS, ECCV 2020)
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