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Abstract: 3D scene understanding and reconstruction are essential for machine vision and intelligence, which aim to
reconstruct completed models of real scenes from multiple scene scans and understand the semantic meanings of each func-
tional component in the scene. This technique is indispensable for real world digitalization and simulation, which can be
widely used in related domains like robots, navigation system and virtual tourism. Its key challenges are required to be
resolved on the three aspects: 1) to recognize the same area in multiple real scans and fuse all the scans into an integrated

scene point cloud; 2) to make sense of the whole scene and recognize the semantics of multiple functional components; 3)
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to complete the missing region in the original point cloud caused by occlusion during scanning. It is necessary to extract
point cloud feature in order to fuse multiple real scene scans into an integrated point cloud, which can be invariant to scan-
ning position and rotation. Thus, intrinsic geometry features like point distance and singular value in neighborhood covari-
ance matrix are often involved in rotation-invariant feature design. Contrastive learning scheme is usually taken to help the
learned features from the same area to be close to each other, while extracted features from different areas to be far away.
To get generalization ability better, data augmentation of scanned point cloud can also be used during feature learning pro-
cess. Features-learnt pose estimation of scanning device can be configured to calculate the transformation matrix between
point cloud pairs. After the transformation relationship is sorted out, the following point cloud fusion can be implemented
using the raw point cloud scans. To further understand raw point cloud-based whole scene and segment the whole scene into
functional parts on the basis of multiple semantics, an effective and efficient network with appropriate 3D convolution opera-
tion is required to parse entire points-based scene hierarchically, and specific learning schemes are necessary as well to
adapt to various situation. The definition and formulation of basic convolution operation in 3D space is recognized as the
core of pattern recognition for 3D scene point cloud. It is highly correlated to the approximated convolution kernel in 3D
space where feature extraction can be developed in terms of appropriate point cloud grouping and down/up-sampling. The
discrete approximation of 3D continuous convolution pursues being capable of recognizing various geometry pattern while
keeping as few parameters as possible. Network design based on these elementary 3D convolution operations is also a funda-
mental part of outstanding scene parsing. Furthermore, point-level semantic segmentation of scanned scene can be linked
mutually in relevance to such aspects of boundary detection, instance segmentation, and scene coloring, where network
parameters are supervised through more auxiliary regularization. Semi-supervised methods and weak-supervised methods
are required to overcome the lack of data annotation for real data. The segmentation results and semantic hints can be used
to strengthen the fine-grained completion of object point cloud from scanned scene, in which the segmented objects can be
handled separately, and semantics can be used to provide the structure and geometry prior when occlusion-derived missing
region is completed. For the learning of object point cloud completion, it is crucial to learn a compact latent code space to
represent all the complete shapes and design versatile decoder to reconstruct the structure and fine-grained geometry details
of object point cloud. The learnt latent code space should contain complete shapes as much as possible, thus requiring
large-scale synthetic model dataset for training to ensure the generalization ability. The encoder should be designed to rec-
ognize the structure of original point cloud and extract specific geometry pattern which preserves this information in latent
code, while the decoder is used to recover the overall skeleton of original scanned objects and complete all the details
according to the existing local geometry hints. For real scanned object completion, it is required to optimize the integration
of latent code space further for synthetic models and real scanned point cloud. A cross-domain learning scheme is used to
apply the knowledge of completion to real object scans, whereas the details of real scanned object can be preserved in the
completed version. We analyze the current situation about scene understanding and reconstruction, including point cloud
fusion, 3D convolution operation, entire scene segmentation, and fine-grained object completion. We analyze the frontier
technologies and predict promising future research trends. It is significant for the following research to pay more attention
on more open space with further challenges on computing efficiency, handling out-of-domain knowledge, and more complex
situation with human-scene interaction. The 3D scene understanding and reconstruction technology will help the machine
to understand the real world in a more natural way which can facilitate such various application domains like robots and
navigation. It also potential to conduct plausible simulation of real world based on the reconstruction and parsing of real
scenes, making it a useful tool in making various decisions.

Key words: 3D scenes; point could fusion; scene segmentation; object shape completion; deep learning
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AL E G AL, 2 TE TR B E SR S TR A L
A SR A REURRAR BE
1.6 RATEFERNEFERK

i S R RHEAR OS5 2 4R B, AR
AFEAAEYE, HEXT 348 =, AR 5L 25 (A
M TEARF R BEZT o R iesE B m m s
FRAESR Rk —E FEEE M . I P 2 TAE L
VB XS SIS e AN B FHIERIFIIIE . s B Tieh%
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ANBFESRIBCR B> R 328 . 45 1 BRI e A2
JUAR e AEAE S A5 2L fy i A, AR 52 T 2 722 8 52 0 14
AEBREA 3 5 2 2 TR RN B R AR R R S
5 23R st G T A AR A R B2 R 5 5 3 2R Ak T
B\ s 1Y 25 1R U R B b o 4 S R R
FHAE

HE % A A% 4 T (votation invariant convolution,
RIConv) 872 (Zhang %% ,2019) | ClusterNet (Chen 55 ,
2019) A1 HE ¥ Gram %8 4 I’ 4% (sorted gram matrix,
SGMNet) #.3 (Xu %, 2021a) i i3 T 5750 A 812 4
2 [6] R AR X B 88 R A JEE A DA R A AU S A A
WL S5 R A o HT TR 8 4y MR A 4, 7%
R m B 5 S = BRI LA TH GRS AR XS AN
A PR SRy A TLART v R 22 TR AR X P 8 L R o B 25
F R T LIRS A2 e AN AR R AIE , DT AR Ao 25 4
2 — DR IO R RRIE . SR, TR s AL bR 4Ry
XSS S EAE A R b A R E LA B ARG 45
2 BT LAIX 2807 Wk T i A TR P2 B2 A 5 R R B . AR A
7 B O FR R 1Y i 5% A 28 W 2% (positional & rela-
tional embedding  block-based
invariant network , PR-invNet) (Yu %, 2020) J5 3% fl
Li 558 N (2021a) $2 ) (49 77 1 & Jo B 328073 0 B
(principal component analysis , PCA) EHURICEK S =
JUATE5AE ) 3 AN AR ARG A S 225 2 3R0R i R b T
A o AHJE PCAFETEEL Mk, s = PR RS TEAR
ME— o DRLRG, 3 8 7 ik ) 1] e 1 e 2 1 i Ay
N BN (BRI o T AR B U AR IE LSS
IR SRR — N R AL EFRRNZE BN
JiE e AN 78 R o e e A 72 BT A BRI 2% (rotation
invariant graph convolution network, RI-GCN) 5. 7
(Kim 4§ , 2020) 13 2% % 55 4 B 242 X 45 (aligned
edge convolutional neural network, AECNN) =
(Zhang %5, 2020a) W 1A [R] (1) Jm 5 225 R 3R HUR)
TR R B AN AR AR, B 21 R AS ) 4 R (1 g e A7
FFIE . RI-GCN I PCA A4 Jay 0 4 3 X 17 4 2
T AECNN DU P Ja Q8 sk s 5 DR 3 5K A
Z AR L ER R T S E R . RS E RZT
PARE AT R 5 o TR AN AR R AIE , o PR Ay T 2 % 4
NRUE 2 0 Ry LA 54 o
1.7 R=RAE

SRS IO T B4 TN Y 552 S AR R
e AL A R AR E R LA RAE o 3K SEAFIE R LA

feature rotation-

FHT AU LT 2548 (O DEBCAT: 55 A X BEOC 2R L T
MR R B 5 FR 52 B = W C HE . 7 30 52 37 5 T
o S B R SRR TSR Y, 408 B Ay S
RIFY) T EDHEA A B e B R B . R
B A 5 FEIE T T I FCA Rl 4 i = 2 [ L
O R R O . TREE s BRI AR IO o 55 i
Py NG T DAY

BN LR 7 AT S 2R AEVEAC & —Fh
AT B R I A PR S = BARIE . B
B RIIXS 2% 2T FERRAE 23 (8] o R 3 A7 78 X6 B G &R
FURRRFAEXS , 4 JLART 45 K R 22 R A R AE %ok B AH 4
I8, DI 2 B A5 25 R I R 805 4 A AL LT 4544 114
XA UTHE |, 3DMatch (Zeng %5 ,2017) 2 H T H T
Y StUL i B4R K 7 St L PR B AR A B
B DX A 2 A A G X P T I R4 380 DC e A A
I 3 446 PR S L 5t i R iEFR B . 3DSmoothNet
(Gojeic %5 ,2019) 7% 3DMatch &4l 5 A T hefh A28
JRER S R R B AR 5 e e B A A OC . 4
eSS IRESER (fully convolutional geometric features,
FCGF) 34 (Choy 4% ,2019b) I R B BURIUN =
FRAE 4 T S RMERE AR L2 T fel i = P
W FLIX A3 B, B2 5 2 2 4 BN AR DG HRAE 22 1] 1Y)
FLL B 3 YRR AR AR A 5 4 34 (dense detec-
tion and description of 3D local feature, D3Feat) & 3
(Bai 55 ,2020) F 188 2 R AiE S ORI AS 40 1Y s =
REAE, 1) FH DG B TR0 7 2 H B LR A ik 1k
VCBL &5 . SpinNet(spin network ) (Ao 55,2021 ) fifi ¥
BRI R RS THIE AL R B

Ty R VR RC Y ) R A5 S RS IORT
MR T o B w2k A B 2 4 BIS v 21 i
DL i f) 2L 3 (Sarlin 45, 2020; Sun %5, 2021) , B JE 42
5 5 DORLEN A0 B9 R AL 3235 AR 30 L AR kA 8
AFLRLFEE B2 44 REL DG FC , PR 0 45 380 14 D i )
() AL BERRAE S — 2D A TARVC I . o 2 s I 2R )
A (Yu%F,2021a; Qin %F, 2022; Yew £l Lee, 2022) 1£
HBVEEAE S5 EIRAS 1 AN A R

SR VLIS S B 1 8 LS 5 T AR RS 3
MBS HLH) R S R PHE RS R S i = .

2 BERRIBEXNTE

BT R SR ORI 3 4E A
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A1k B BB AL BEAR 1) SC R 2 — o 18 X EMTE S5
FLAE IR T X BT G T 85 2 3 250 5 2K (Long
8,2015) , J5 & W) 3 AEM SR R . T
B 3 YR SR B B R AR Ty 20, RE s
T SN TR B Ry 3 AR R ) — T A A
o 5RAIEAR 5 o A B MG AR L, 3 dE i = 3%
SRR SR A5 ) VREAE S b DA B =
WP, (75 8 = o S HME 55 O — Rk . A
TIE B R RIE SBURE S S8 X E TR
X R RE 1oy TR S YR S s i S 4 E
T3 05 253 [ A SRS R

2.1 BERMESHEE

MY ERAE 0] 4y BN SR AE 5 = 5
Y 5e3RAE
2. 1.1 NGRS E

B Z Y S K2 E LEE N =
5 AL A SR A B A A5 2 B8 3 R A3 A AE AR
B RPN LT 25 A RRAIE 35 B A 28 I 45 1404 T 4
BEE 5] . =N R AR I E B AR T N
HE B ZFAE Ty 1 T BT I 48 B 0 5 vk R T
TR FRAE T (Ye 55,2022)

LT 5 A R NF $2 BUR 2% PointNet 5 PointNet++
(Qi%§,2017a,b) 2 I S A ARIESR UM 4 . FELE
Fenh b 5 2 TAES X N 5 50 43 BT 55 4 0T
AT . i, Ak — 2B A s R X
B R SCfE L, PointWeb M 4% (Zhao %5, 2019)
TE PointNet++FEfilf 82 4 [ 18 N R AF IR 3 A5, A1)
iy 358 X358 H % 5 18 A8 T 08 AR R A1 2 (] Hh
A8, DhAR U 4 1 X BUREAE 1) 5t o PointCNN (Li
45 2018b) 5 PointConv (Wu %5, 2019b ) %5 W 4% 3¢
T T AR RS BRAE AR 2 () 2% B R B
R VBT FUZ , FEAG HETR 05 4 8 0 246 2 JU Ry
fESE . Liu %5 A (2020) %14 5 2 SR B RRAE R A A
g T RTFZ 2 BIPL (multi-layer perceptron, MLP) |
FETOh RS R HE RN 356 T AR 57 BN AL ) 3 e i
o T AURRIE SR IOW 2% BB A Hh Al 2 A5 = =B A
B REXTF 2 SRR R SR ECA S, AR RO
EAREE AR SRR 5 RO AN Rk

BE T I 45 1) F A 7 258 4 2 1A B) b i il
G IX I AE U R Z M AP G R L &% 3 2 LT 45
Fa AT 220 1], U Wang 25 A (2018a) 42 H 1% 15 45
TR 5, ot JR s IX sk PN A 40530 o SR e 4 A, 8

ok VA AT L 8 o AU R ST 81 Al 2 ) v PR A T
PRI, Mo T RIS A A RRIE R RE ) o 5 Z 2R
B 1 D) ] A B i 28 ) 2% (regularized graph convolu-
tional neural network , RGCNN) %8 7% (Te 45, 2018) %f
Fzs 1 T A B R0 255 1) W B R BB I 1 TP
296 6y 1 T U 3 24 SR A P A B IR 8% 2 ) B 1) = ()
FRAE B A 54 9 JL AT i 22 . Wang %5 A (2019)
& i1 DGCNN , 76 4 — )22 2l 25 [&] b 384 Jin %k 321 45 BRI
22, RE B A A ) = N IR T IR R AR 5 9 A
T SCHRPAE o R, 5 T 18 I 288 118 Ak J7 =X ) A T
I 75 R MR A 2= K4k 4R b 09 A7 A T B R 3 3R 3
JEE [) 731

BET R R W 285 0 FRAE Ty =i 2o T AL
L3 4 2 ] rp il 22 )l X 8] A bR SCR &R
Feng 55 N\ (2020) B X 45 TR 26 XfE LA 52 7 i IO K1
W) 525 23 A B RFAE A R, B T el T T A SR
P B ) R 2 s AR I 2% 3 4 R 2 ) ML S
HRTER N KB R R E R . 7R est b, 2 )5
FAFE G T AE T 46 A FH LT Transformer (19 F 132 2 1L
TR B2 AT 25 RAE , FE I SR 5 1 SRy R 4R B A5 B
AXIRZ B E R SCOCER . Park 55 A (2022) $2 Hi
BRI F R R R P 8 2 Transformer [
28 i 3k G AT 3 A 1) A 2 AR AR R AR R A A 1 2
PR AT RO B T 46 (3 H SRR . Yu 58 N (2022)
WAt T — 0 3 T # AD Transformer A9 55 2= T 2k )7
2L B B A R B0 R T X IR AL
i 35 B A3 X B, SR 5 {5 T Transformer [ 43
= 28 SRR I 5 1 i 2= 5, DA 3k B 3 R 1)
HB. BRItz Hh, g 1 i ok B VR 7B A RS
Fz B S TR) R IN R] 52 4% B2 5 A4 [R) L, Zhang
N (2022) 821 T THOEE I Y 55 Transformer
PO £ 0 [ 3 07 27 ) SN AR RRAE ORI TR
TN 2 RUBE TR T ) 28R A ) 37 5 RS T 1Y
KB E I KR . HHEIET Transformer [ 151 25 FFAE
IR 2 A1) P 1 5 ML R R L 3 4 5 ] v i 22 )
B X2 ) (9 B SCOC AR IR REAF AR A7 i 25 ) o
FH Y M)

2 N Lz RO 4R 32 5L RGB-D AHBLA
220 1 BE b, A NYUv2 (New York University
version 2) 2 38 £E (Silberman %, 2012) .SUN RGB-D
(scene understanding RGB-D) e 4 (Song &
2015) . S3DIS (Stanford large-scale 3D indoor spaces
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dataset) 03 4€ (Armeni Z%, 2016) F ScanNet 3% 35 4
(Dai 55,2017) 4%, X LR EM T Z P E N5,
A3 MR8 SUbR 1 31 4 5 5% 04 8 J2 bR T
ANXFF T ENR =GR FHI L RE.
2. 1.2 AN S AR R

B R 2T A | B0 R A N A 55
TORIG I, EAN G RAE T B2 B i K. EAb
Y S ENY S, R R E e A, S n
BANFREL , % ARG OGRS, &2
PRAC R O3 Al 4 S ™ o, i 45 % A0 s = 3 5 00 )
IR — TR LR E R 55

H i 28 A7 5 R AR D 2 R B A5 3 T AL &
(range view) [ 73 ¥ J5 ¥ B T i 4 T (sparse
voxel) i 75 7% BT 5 [ (bird-eye-view , BEV) 1 J5
N T 28 5 51 375 (neural radiance filed , NeRF) 1Y
Tivk o BT HALIE B J5 v (Milioto 55, 2019; Cortin-
hal 4, 2020) 4 £ 22 B4 360° £ 52 B 01 145 1 3R
LI (range view) [, JE A 2 4EFRPR AL, 9K J5 1 FH %
A TR0 28 S IBURFAE I P00 7 I 4528 . die ) i A O
J b PR (k I AR SRAE R MR (A 45 ) 4 240 5]
(53 RIEE RALHE RN S = b I R RS T ]
LR 2 2 5 A 45 R 3 2 2 B R 4 1) TR
RRAE B S PR oK o SR 2 ) H 4
TAGHRE S 3 4k i 2= B8 I 23 38 BUBCR AAE EEAR 2 o
ST R A BN )7 5 (Graham 55,2018 ) i 1 45 1
T35 B ) 7F 76 BR X 35 (active region) 17, keGR40 A 25
DI A SRR NI R s D 35 . TR LA
BB E AMEO G R BB AR BRI 3 AR AR Zhu 4
N (2021) 2K FH R 28 Y 75 R 73 s 2=, B i
SRR Y 3 A R . TR LT S R Y 3 R
TESEHOT 2 H G o i 2= 3 58 1 55 T I R
AR T 2020 AR R W) A 14 A B M,
HIZ 05 IR T5 58 , BB 2 2 A f AL
TR R R AL SRR . R 2 TR Z 0T
T A S W 2R RO R = 5, 1
Zhang 55 A\ (2020c¢) #2 H ) PolarNet % 2% , 78 4% A b
R AR R S R R B [ R RN AR
PR At A RO 2845 31) 2D HFAE IR 15 )
S5, Je e [a]— IR0 L BAR EELA [] v B ) A = T T
AR TIN50 o AR LT 5 IR A 179 R A1k T =X
TE S 430 0 AT 5 T AL RE SRS AN EE AUAS B (ER X
TR YA TINS5 R R s . TR AR N

4 AF G FRAE J7 5 (Kundu 55, 2022) i J £ 2 1801
P T N 3 4 g s b i A A b (L AR + R ) B0
SCRFAE (B + S 38 O LS eR KR, 10 3 47 5 Y
P2 AR T3 BT s SO IR 55 o
AT R 3 43 5y IR 55 L AT LIE R
Moo —ERRELG I EIR RIS IS  FEAR R AR
AT -5 I i

2 AN SRR B R AL AR AR TR] , 20 i
Y65 1k (light detection and ranging, LIDAR ) £ 45 45 1
2 KU 5 35 (radio detection and ranging, RADAR) %k
¥ 4 . % S EF S LiDAR % % 4 U0 Semantic3D
(Hackel 55, 2017) $241t T AL5E kT L & A1 T35 A K
H AR 2R R0 3 4EE s . EANH S
337 5 LiDAR %04 4 , 41 SemanticKitti (Behley %5 ,
2019) . nuScenes (Caesar &5 , 2020) . Waymo Open
Dataset(Sun %, 2020) Fl Lyft L5 (Houston 45,2020 ) 4
FRAL T A3 BT AR G B — R 2 RS
I TR E S UNIE | RIS RSN VPN E < S5 eS|
briE WY % 255 . LAk, nuScenes 5 Waymo Open
Dataset Z0H A I8 B I 22 2K B 77 3K 0 AR O , vl A
RUOHFAET R 55 R N5 R A5 i R AN B
SIS SmIE7/LE NS
2.2 mAGFIEXSE
2.2.1 AlEEITT

K5tk L FUE 5 EmMa Mgk ) 3 2
s N R 3MERFIER R . T 3 e R S Atk
IUHEERAE S A BB A i bn 28 HE I SRR 32
YRS | e DU 28 I 45 Dl o ) B M E R E B
P AR Z 2 B E ik S5 R s R R
05[] 3 A1 EALE FN S R AIE , 1 5 [ 268 X6 A5 2= A iR
W53 EIBES) o Gong 5 A (2021b) 4 1 30 G Fiily
*ﬁﬁ%(boundary prediction module ) 131 2 JUAa 47 AE 2
i B B (boundary-aware geometry encoding module) ,
e 753 01 28 90 268 X ) A4S 114 320 % AR S T ABURR, AT 42
THor HIMERZE . Chen 55 A (2022) F O S = v
FRY e PR 23 A A, B ER A T DU A S 1 5
FAE B AN R AP A1 R 30 23 1 5 2 X i 1) A [r)
B L D8N T IR A 2 R 20 a5 s I 45 )1 ey ok
AR IRIXE | 72 22 5 = 1 o H L2k ) 2% v A5 31 70 31
K BE 52 T o Schutt 55 A (2022) £ %8500 37t 125 19 8
R T 2 QG Rl 2 N 2K SR TS A s
B Pl s, (i 0 25 I 45 B8 B A 30 X 0 e AR
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Wik iz shipia.

WAk, B m Y RAE T X ZFh 20 nfa] 5253
FFHA R A FRAE T X Rl A A= 2505 B, T REAR
T SCAy B I 2R M BE 2 98 3 R TE N A . Xu
AN (2021b) $2 PR R — pi — AR 2R = — (A 11 il
AR BESR T [F]— A AR AN A R AE T (AR AE B
MIRETT o Ye 55 A (2021) 7E sl — 14 2 XU JB 1 1 2%
(LR T, 2 T 3SR e B B N vk S LAy
S5 A ST N2 T R IS = BIFR B AR 2, A
i B 25 B 0 25 Pl A5 B, 3 R e 5 A
P AT Z 8RB, RIS AN Z R ik
RH5 N 90E U5 E . Gong 28 A (2021a) B IR
— 2 R S A7 S DR AR g 3 4 ) R
A 22 Fh S ) BT A 1 1 DX e Z BT ol 4340 A 20
T, Li 558 N (2022b) $2 Y T 28 4R AR 4 - 38 AN
T T TR 1 — DA 5 A7 B X PR I —
5, PR RS 2 R O 245 R A 7 16 i 7 22 b B a4
IRE| TSR
2.2.2 ABRbREEFRM R AR

FHLE AW 2 ) A RAR TR B TR B X
A3 EN 72 N N 5 Tl B
R FESEBURE FE 1 4230 4 W B vk i TR i, AT E DR
N TARE A o AR A5 2 A 7 X AN ], ]
KEG R B2 S mag 24> o PRI
H RS2 e H 45 553 W sebm i 09 2540 R Ul 2 22 1)
2 (P R TS s bR RSN | SRk I AE
AR Tz ALRE Sy . TS B 2% 2T 1Y H bR AE
U8 TE AN TEREBRE I 24T (T g i 2 5 Rk
BLEKIE 1% [ s AR i) | i a2 20 45 BR DX i) W B A
B LRGSR X3 5 o R T

B3t N 2K B A Li 25 A (2021h) 48—
FE T O0AR 25 8 A5 1000 A 2 W B o B i, LA D
X AR e ot e N T T (R AR5, 4 53 51 T 45 114 i
itk =, & A& 50 B 28 (discriminator network ) , 1%
D 2% 5 A 2 DX 40 T 245 SR FN B SEAR T, X TeAR v
S AT 2 SRt A R TR X ) P 45 £ I
SR AR T T AN 0 25 X 0 T B 1 40 B A T
W RE o T ] = A O s B 4R Kong 5 A
(2022) F&FHOL S = FHEL A A 17T 41
— R bR S B TOARTE S 10 5 = SR IR A 1 i
779 (LaserMix) , 7 2 Fh BLAT 2 Wi B 7 ik B B0
BRI HIRE T .

Xu Hl Lee (2020) B IR 78 1 v b4 55 i B i
O3 EUESS  AERRE E Ul B T AN S8 B AR 28 1 £ i
ARV ZR ) X 28 BER ) A6 B2 5 4 W B 8 B A BN
TEEN R s BHRE T $2 0 LA E R 2
10% M) S AR ESAE T RS BE AT 3k 21 4 W 7 vk 1
95% Zidv o WoJa , BE 25T IT- i G T fn ey fift Y 5
DI A s bR R AR 5 A B R T R Y A B A
€. Zhang 5% A (2021b) 42 Hii@ i i A 5 = HES) 5
SRS PR B RO 45 SR B A — B EE N R
i FH 24 1% 1 B AH 45 15 7 mloU (mean intersection
over union ) 5 4= Wi B FE 4G (1) 45 B AUAH 2% 3 2%, S
TR A X 2 > 1E WAk 249 o f $ 538 s, Li 46 N
(2022a) fifi F R /0 A5 1 (0. 03% ) 76 % N 5 2 K0 d 4
AR 4 B B A B R 78. 3%, T ) &
Hb 1325 55 W B 4y BIAT 55, Unal 58 A (2022) 48 4 T8
AN EE SMEOE TR 5 55 B HERT B AR 1 B 4E Scribble-
Kitti, JF 75 12 804 £ b A 66 1 200 — 7 A o 4%
(Tarvainen F1 Valpola, 2017 ) 25 FF %) 55 W & 7 2z,
FHZ 8% 1) EAE PR ARAT BRS BE T 18 3 4= W By vk
1 96% 247 . HAET, CA W TAE (Sautier 4 ,2022)
TE R IMBOE A = B 5 AT 25 0. 8% MY EL{E R 25
ARAF R BEIR B T 4 W B vk 19 90% £ A
2.2.3  JolEEAEI

TohRE o 8007 B R s F I 2e )
AT B BT . S8 T i s bR R 5 FE 2% B[]
NG, FO 5337 5 AT 88 o0 1w LA ik
I Y 3 G s B L B SR A
27 2] 0y 5 O A = AT B R — MR A
PRI IR, Sautier 5 A (2022) B K2 H —Fh 5
Yy T W MG SN A 7] 4 2 48 R Z= 1R N
B TEANTT EARA 8 = 5B AR 55T i 42
HUH A5 3 (super pixel) B EG 5 4 2 1] & AH AL
JEE DX B[] A 0 107 O 2R, - J ek 5 T X6 b2y ) Y 25 1
PG PREEAT W B o Afham %8 A (2022) 7E E N 5t
YA b B ol 7 B AR 3 Gk —2 4 X SO0 i
TR, 0 K B 2o A R R A 2 B L) AR A ) 2
FOHE B — D AR R A (] rp, O 2T iRk
SRS TC G ) HAR B Y AR R T X Ll A 2 451k oA
o BORE, BT R = ARE 20 InE 54k
B B R ZER, W Zhpd X T e 4 BT
AR THRORA B, A FF itk — D R S = H
B g .
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B T AETCAREE AR BB 2 T A0 2 A e T
RO, 5 — A Tl A 52 AR B RO e IR A
IFi) ol 50 B B 22 ) ) AR 3 A1 22 . ol AT A Y S
P LN ZRik 2R GF ARG BE I, 1288 2 ohm i A9 H
P b RE A /N F AR SRR AE 23 A 5 5 1] Y
B Wu S N (2019a) W58 R MUAEIH %37 5 7
Bt A ) LSRR AR OE RS, i 5 B2 A SRR AR
RGBT A 1 AR TE SR A 28 v i i e P 1
MHFEEBRRFE ., WIE 2058 TAE, B Has
Jc Wi B 38 1Y (cross-modal unsupervised domain
adaptation, xMUDA ) % (Jaritz 55 , 2020) Fl 25 JC W
B J i [ (point unsupervised domain adaptation,
PointUDA) 5432 (Bian 4, 2022) , 1581 77 o & 1 —
E I ¢via R (7 vk = gl 9K 0l i o
2.3 ZESBMENDEIFTIE

RIS 3 T E BAR C IR BB R AR
BEVERE , {H o I i 25 5 RS AH G A [ A7 ke o o
B 5003 B4 5 32 O6 IR RS DA 300 s RGB-D
MR SZ T = N/ NI S O R B 8
oA 28 S0 o S RO L 5 P 90l T ol
TR FEAS HOE i = & 22550 NI, B 5 15 TR
for Z ISR B0 B D5 1%, Al AR S5 B T

B AD , 2% B4 By o o) BB HR PSR ) 7
ERR . MAmRn G Jr 3, H AT 2825 8 = 0 5 1%
RECAT LAY M ARG R ERFIE RS, R Bl a AR X
PREE PR (Ma 25 ,2022) o AR FH A 32 A5 2eas
KR A 4y N O S = — M ML AL A (Zhuang 45
2021) Fil 22 K iz — MIHL Rl 45 12K (Zhou 45
2022) . HAR H AT 2B RS TV 28t
BOSAUERIVERE B A VE 2 (B i k. flan,
B AR A 2 Yo ] T 2 A S A R I
i A% IS 25 O I IR) RS o i DT IR TS AR R AR T
Z3 1]

2.4 FERENEGSEISE

TE5 57 PR, 1 SO0 3 BAR RES 4R (A1 a5
AR 0 o 1, (HR JEIE X o3t A S 2 i A i B, B g
Z XN 3D R BT SO R . AR T
TSR S 23 R A A R A T X0 AN (] A S
1, 5 ZER SN B s A TR B AR I,
S5 o3 AT ST, BE A8 fi R 5 IO R G L o B i
34 LS A h AR ST W IR SRR RE ), LR
G S 3 AE g P AR SR AL R S . KRR

&, H 0y S48 53 5 773 0] 4324 LA 3D-BoNet ( Yang
%5,2019a) A BB AR EE L 2% (generative shape pro-
posal network , GSPN) 5.3 (Yi 55, 2019) S 4L 1) 5k
F Proposal 1) 77 15 LA PointGroup (Jiang %5, 2020) |
JZWRAC R A 3 4EFE 15 53 %) (hierarchical aggregation
for 3D instance segmentation, HAIS) B £ (Chen 42,
2021) AR 1Y Proposal-free [ /5 7% o3& F Proposal
D7 YRR A TR BT , B e AR R 2 B S
B¢ 36 DX 3, I 78 A A DI P 35000 552 451 ) 4 A
Proposal-free [ 75 2 R F A Jis ) _E 1975 =X, i ad i
AR IA) B RE DR SR B, e SR 2K O (] Y 52 451
ZH e WOYHTIIIESE TAEK T , Proposal-free i 5L 4l
3 E) )7 FE ScanNet A1 S3DIS 5 845 45 FHUAS T AN
FEAITERE -

3 A=Y E

SRR — Tl RAE 3 4R 1R i el B e =X
Bt 26 B A5 B A3 78 272 B A R
SEQUSATAE 2 BN o AR A R s B R AR A T
FRAp, H TR M A ORI A A 4 S5 R, LS
TR 1Y) 3 2 55 200 23 AR BRI BCHE A e H 11Y [1)
R LA TR Y S o AL BT 55 PR RE
PRI G e B k2 AR P Y 3 AR AR ) R (AT AR
f4 3 2 53 ARSI N — T IR

AT SR 3 Yk s AN AT 55 T T BB
B IR JE 4 B AR s A R S A A 2 1 Bk
ST A 24 3 4 5 AN AT 55
3.1 EnHeHESE

XT3 4 s A AR 55 L R B A gy
AR JR R 2 Bt B LS4 4 1) s B R
PIRNZEI o N AR A 5 B S 5 1 5 [ R
R BSR4 3 Yt AR B 3R T L 1S B R
BRI ARAY 3 4k 0 = 8t . FLSEH A R m 8
i 2 A PO A A R AR B A LS TP
FEAARAR B SE 1) 3 4E i = B -

3011 NTARAY s s b 2 4R

ShapeNet £l 4 (Chang %, 2015) J&— > K HLAE
A3 YERE RV AR B PR R E R L&
55 UL R 28 5 A1 220 000 AT LA B i1
(computer aided design, CAD)FRFY | BEASE TR X I 1)
39 KL 15 000 184 o X s m kb4 AT
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%5 kUL, B I 8 A ZE I iy Wik, 3k 30 974 4> 3 4
CAD. Mo, 588 0y i 2 B0de i 5 70 F 1> 3 2 A 1
AR TR ) SRAE 2 048 A s AL, Xof IO A B2 e A 22 %
a2 33X A~ 3 A BEAILRL I T 1 R 32 1 Je 85
) 3 Y23 R AT BRI = 1Y SR 2 2 0481

ModelNet40 £ 4 (Wu 5 ,2015) & — 254 1Y
3 4k CAD B RUBLH AR | 4055 40 1285 71113 356 45t
B FR R HE N SE B R S B R TR S
ShapeNet £35S [ .
3.1.2 ESHAMN A s B E

KITTI (Karlsruhe Institute of Technology and
Toyota Technological Institute) ¢ #i £& (Geiger 55 ,
2012) j2 il i POCH MR . %K R 2
N T PP SARIC RSP BE , RIS R R s B Y
GRS B AL, A 22 4 S s 5 Jp g, Hoh
IR 114 B bR A5 B 8 = i e 91,
WA A 1D APRER S S8R FFA . X T
34 m MRS R, H I T o R4 20 E
INAI A . Herb, BRI 3 4E i 2 80 2l
1L B 5T PE I 2 048 N KT . KITTIR A P Y
34k Z B AR E My, AR L a5 a7
JEAGERER, X MR AR b T s s b R
BAPRAME
3.2 eERRiE

34k i o AN AT S5 B AR A B SR R T K
H RS DR e B B LTI AR o A M 3 4k i b4
JETEAT S8 B R SRR N B AR RIS OL T L DIk
AR ZE R B B S8 B AN S5 R H Y. AR
I 3 4 AR S R TR M 48 454, 40 1 A
ZANRITIE AT DAOR LT R R TR BT AR O A
BRALFNEE T2 0 F 3 G &8 1 5 S 42075
3.2.1 ETFRpEE st

LT RO AN 7 Y R SR G 5 A —
i 7 BT M2 2R o RGBS A — RS A 45 A
A3 SO R G A B TSR ICAR R 19 3 4E LRI HREAIE
AR 1 0 DXl g R A o 1T i A 25 £ 5 TN 3 4
PIVRSE 0 i = IR A T A A A

Xia A (2020) BETF 1 3 £ 9 1 3 2 5 25 b4
P06, M08 15 ] v B 0 A 2 T T A S R A
A2 TR] R ] R DT A U A R S =
WA, B Y — T AR X R A 2 AR D F5C ) 25 (Xia 552
2021) , oA AR FRIE R B Bl 23 it e 2 OHL I {H 5E

FEN) 05 B L B S 4016 5T B R 1A 4k
JEE A0 A B 2 05 s W45 2R . Mendoza %5 A (2020)
P&t — F S R 2 T ASE SR L O 4 Al AR B 3 [
2 ) s 1) it e 4 IO 285 7 B B JLART TR D 40
A 207 1) [ B 000 A5 25 B0 1 R I 43 o Peng 55
N (2020) 1 H — ity 3] o ) 4 675 1) 285 46 22 G s e 4
25 26 Sfe D 4 R B 2 B [ ISE AT DA R0 B DR
G 3 AEMIR T ARG . GRS = I BY
Brah e Atk . 7RSS 1 B, 3T P2 AL 4%
A R I AEL 2 (0 285 5 7055 2 B B, 18 T 1 o %
XTS5 1 B B A s 45 SRR AT g B RO A, D AR
2 B A P L S B o Miao %5 N (2021) 2 1 —
Tt B AR AR 47 T 6 B b 42 9 25 3 2k BE T 2w i 2%
— A 0 07 SORCRRR P AR 1) 3 AR TRk 2 2 4
YRR A0ME B o X PR RR 45 1] LL2E 2] 2R
FRIEFFAE A HLA AR TR 1) R A AH AR 0 1) X A
B M E RN G 2 e m b
3.2.2 HETEM2NESatha

P T 2 AR AT AR R AR R L HLAS (4 25 44 Ak
BA DR HRs A B R s X AR Sy i 1] 0 T R 4R
R AU X H] ) R RA W ik,
T 1 11 0 245 T KR i A R 1 A s Rk T [
BF R FH AH 48 A A5 8RR i . BRI, R AR I 45
AT DA T = B A R A 55

Wang 55 A (2019) FF 61 14 Hb 45 i DGCNN, 1 2h
s Bh S R B LB S I 3 4k 5 AT 55 . RS
AR AR RE AT LA i >k 1 TR 25 18] 14 T
SRR KR R AR 2 (0] Fp EE N7 A, T DLEE )
BNt B 2h A ¥ 8 . Hassani Fll Haley (2019) 5]
22 R 2 3K I FH st R AR AE 64 T A W 1) 3 4
A, Wu%E A (2021a,b)#2 H—Fp 3L 24 5T Y
FEE B 1k, W3R435 AR SR IX S A7 R, X
FRIESEAT 905, I A5 R R A 25 A . dEar
Bl AR T A XUARRAE , I FH 22 3k i R i pL i & &
HEFT B BRI BN RN R R AE ] L e A% B
DX 3R 48 22, I AR I s 249 A 2 ) o ) 56 2R e B
WS A Ry S AR AE o [l B T — T REE
T30 5 X IR 7 ) PROT  BR E E A T RE T
DX SRR 22 [R]85 A B R, I3 2o 4 JR) R A 1 7 i
Beo L, A S DX SRR AR [ H 2 1T DA Sy R
BT E . Zhang A (2021¢) BT T —A~ElH
28 2 AR T R — 4 R AL T 2 R
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JEEIM LR SR A, T s Z M X R, Kk
58 TR 4% SR AR
3.2.3  FETA O PURR Y 4 W B A A

SLGE A Z M EL , A2 T N 45 (genera-
tive adverserial network , GAN) | FH 1 51l 2% 4 o =8 2
2RAR A B TN 4 52 B s s B MER M . AR
ity 2] St AL ] 0 057 2 A AR PR A A 2 3 T4
X U i 4 W B A4

Rl 2 B ML, Wang 25 A (2017) F) FH 4 b &
B ZR AR 3 AT AR Wl S5 S ABE 32 05 A 25 (] v, IRl
FA A RG220 A 5 Bl iy A8 B v e R A R A
SE B S IR . Achlioptas 25 A (2018) U {4 FH
SPERE BT T ELAG A s AU B R 0 A e
%, A Shamisae Bl ot 2 2 W e 25 8], SR 76 [
(VB AE 2o TP i A Y, S b X 48 AR R 25
(] FPFEA TN 25, 30 ) A T I 45 5 25 2 DI 2
T AT LA G e R A2 5 0 P AR 1 TL AT 4544 o

R RS A AR Sy — TG R ) 2 AR
R AR T T W . Wang 28 A (2020b) #2 H—
TR T2 2 SE B R AR B RRAE T 55 5 i o TRl B i1t
T — i MR B0 4 09 73 KR IR SE 55 5 DO 21 40 7
REEALE A o BRILZAN BT T — A s th M
2% (Wang 55 ,2020a) , DL IR 401k 0 25 18 S A g
30 o R R A A ) A0 e e b A S 2 B i g T LA
5K [l BT T A B A A B 0 A
X BT I 2R A 1 b2 20 05 = A, R B0
5588 S A Z RIS LA 2544 .
3.2.4  FETFTAR A shdifdan iy 4 B S kb4

Spurek 58 A (2021) K HIFHAZ 53 A h bt 4 22
P A 4= i A B 5 Bl o5 5 R s 3 LT 25 0 . o
2 A B G PR A R T R L I ) P T
2RO E E R T A 254 . Pan %6 A
(2021) 3 T —Fh AR 53 5 2 M4 W £, 1) OB 72
PATERNFE T AR S G 11 5 22 1 TR e A AR SRR A
B, R BTT T 24 R, o] DU 50 A Al
B P 3 R E AL A5 ) I AZ RO
SRR BTG, Zamorski 25 A (2020) 32 Hy T 3 Fl
A AR i B N, I R M I T B
Gt es RS A Sh DA AT irE B Sham i 2% 128
FRE R
3.3 EXPA#AEENE

H AT 32 0 a5 2 4 X 28 0058 s X 11 2040 Wi

B BN FRER Y 2 T A R 1 8
B o O B R A 3 4E AR 25 5 3R
15 AR 0 S ol DU, B T i 4005 B 53,
[E1] P 500 AT 2 5, 607 P R L8 %o 50 0 1 5 1 b 4
Do 28 3l A B SR . PR, B S &
PB4 A — BT A ST A
3.3. 1 BE T AR BOIAR A elokb 4

Chen 55 A\ (2020) 1 648 1 76 A 75 28 B0 £ dls
AAE LT LTS B O SNk A7 A kb4, 105 I 25
PSR ST 1 B Sh A2 , o0 51 FH - 51 8 kR 40 50 4 s
= MESERR B 5 5, TR i 2B 3%tk o5 2 A
E 25 [H] WSS 3] 50 38 0 S W AE 2 (0] TR B 5 ) A0 531 45
2y H AR AR AR 1 T AR 5 R R AR 1 43 A A ]
Wen 55 A (2021) 31T T FR B4 A IS8 5 5 2 1015
Z ARG PR L A E SR . IF [ 91 FH A 2 DA B
Sl 2 4 ) S R R, RS PR LA Il AR il . %00
IR ) SERE 5 W JUART R AR, I R4l o 4 T 5%
B A S Z [ TR — 8ot . B A8 3R 4 e L 52
BT e B BRI, AR5 S ] 57 R Ok o > B ik
S EEE . TR M I A N m R
TNBES SR Z AR S 2 R (HARIRYE A& |, i de
R IR A L) e ik B AR B 215 B LR 5%
R 2 10 i 2 2 i R R O 58 3 5 T 2 R Bl
P IXIFRIR o Y FR I A5 2 O 8 3 i s B, H
7 JESERE ML RN BYER 3 5 10 24 M58 & i 2= rh
BRI 55 2 B, D)5 (R B 2 SR A i e o I E AR
AN ZALTE T X PR R T 45 H S,
S 4 B R B AR I B 1k AR LA T L A SR — AN T ) %
B2 S — A L A 2 FIPEREHI 2

Zhang % N\ (2021a) B IR FE S s tb AR5 5] A
GAN 55 . A HAE 52 8 5 = Il 2% GAN 15 3]
()5 = AR S0, 0 5 GAN 3 i St -4k fe LR DT FC 11
W BRI &, — AN A% i i) 2k GAN A i —
ASGERE I 5, TR I — A 3 G [ R AR R M 5 R
TR BRI 2, SR S A SR B SRR
TZHESR T FH A BE T [ 1k B A% 4 2 LB i v A -
PEFIN LR GAN 45, AT AR 1 58 3 5 = 5 i
A BRI 05 2 A T DL o il o 3 HERE R AERIERL
TR AR IR B = S A TE R 5T 2 [ )
NG FR o AR, Rk S = A —A 5 T 4R
e 2 P R TG A R Fe ln 40, T A 408 A i T4
BT 55 AR I s 2 X I A AR B . 1T
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FEARUETZ A BE T 09 RIS 3% it By A A9 A A 5 2 ]
P2 A, I HORIE & ff 0 B b S g e ) 1R 1Y
A LER Sy . H T GAN BYBI A, IZHELL REAS AR b 3
SEENT A SR B S . SR, 5T
J7 A L, X AL T GAN 30 e S5 S 5 A Ak 1 7 2R3k
AR, HAM M RE AR B R T I AL AR 1A A -
3.3.2 L TRE  k A

Cai 55 A (2022) 48 i T — G —my a5t i =5
Ji) LA 34 55 7k Bl — 52 4 o 2 B LA — B IR 4R = Ab
RGE o ZIT IR T 2 R RN TR
TR PR F o T 2 G 2 TR R LA T A A
= AN R SRR TR 7. 2 2] i a4
gz 4 T — RNV R KA AR S5 AL HE
TEDU) VB R A4 LA B v A A W . LA R
i ANFR B AT TR B — RIBR LS & %
FHN 5 2 S AT AR R A [R] 30 4 PR 2 AN 4
KR [RIBFIZ T 25 A ) 51 254 75 AR e
=2 BRI IR T 5 e s =2 ) 155
(1) 56 BT AR P T AR DE AL

Gong %5 N (2022) 45 4 [R1H 5 £t A6 A4 B B 42
AN A GR B 2 ] — S0k i R
WEHT R . 5 1 By BORR AR R A T 3 1) i X6 5
B B 5, 25 AR A R A Sk IR R R 3 AT
Horpr BRI 2 MRS P T 5 I A SR A G, ik
T W FIUIAT: 55 LA >0 4 R 7 5 Bk R 7
TE AR B 43 QR BRRUAS 5 05 2 TR AR, sl P B
R4 BB E R TR I I R IR - S IR IR 1 5 3%
TR T HEH — Z: 1F D0 AR A5 D1 1) A B ST, B
BLAZ B A AR 7] PN 7 F DA B AR 1 I 24 o i AR A —
o 552 B B RO Ab o R R A T S 4 G X 5
55 1B B i g i 25 7 A 0 T A O AN BB AR R
T FURAE R A48 R0 aa A ol FH A A g% ik
W 5T 83 5 2 (A B A A B TR 2 ek
AR BRI A DL TR A T s A R

4 ERNHRHER

4.1 3FFHERBAXSRELATHE

3 YERHAE PR HUTE I LA U T R R R N
X T 8 2 A A B O 58 ™ o0 T 00 75 i AR o
Li%E A (2018b) 42 H T PointCNN, %1t T y-# ) 46
SCEUN B RO TS BEAE A Z R S s BT

RIEHN T REFMEA . Lins A (2019b) $2 HIEAR
e Z A B 28 W 2 (relation-shape convolutional neu-
ral network , RSCNN) , M FH i 25 JUATFEE AR ) AR A4 1l
Xof o A B A R L B = B AR AR T B
BORAHETE . Yan 55 A (2020) B0 T A0 B MR FE 5
Jay B AE J5y 3 A B (point adaptive sample and local-
nonlocal module, PointASNL) , 7E 15, 7= £ B 25 ) 2%
5] AEE JIHLE . PointASNL A FH 12 2 1 WL 42
HH I R A, (AR R A SR WAL BE T L AT 4
FEHAREKRE T RIE, 51 AR &S5 R R d e e 7t
AN [F) JRy PR A e 2 ] 8 IR AR B, 38 THRRIE 1 42 R 3R
KAE T o DA ATBA (Liu % ,2022) #2 H T Scatter-
Net(scatter network ) , FI| F A PR R B PR AL GE 1Y
T SRR R FNBRIC A R0, S K Y LY
Jrs AR A 2 A, (A B R % DA SE TR AN 1Y )= 78
JUITAR B PR IBURFAE

Guo %5 A (2021) LA K Zhao %5 A (2021) F5G7E 5
= EHifE T Transformer HE42 . R & I FH H I E IIHL
T 47 4 A 2 AR R 2 ) A IR BE R S LB
SRR o AER 4 R 07 202 o TR & W N A7 9
I8, S B T R R 37 5 8 = R U T
%o JEFE WK AT RS R R A s ELIE
FEA A R JUAAT 520 A B ek . 1207 XA AL
WD TSR R R TR 2%, O BAETY 52 Transformer
iK B A Y AR . Wu 58 A (2022) 7E Point Trans-
former v1 (2021) iy 3Ll - 37 & T Point Transformer
v2o PIV24 Y 1 or il B vE = L, s 1T IR
AL o 400G S )L, {45 48 5 Transformer #5254 1, 7]
DI JE A TR JEE 1 o 28 P 28 45 7

BEXS 2 e AN AR R S I, [ N A R TT T AT
%%, Chen%% A (2019)3H ClusterNet, £ F R 45 3k
Hh 2 TR A8 AR X A RIRE D I B AR AR AR A S i 22
o0 245 (14 i ARSI 25 UARRAIE o P TR 8 42 M
PR, AN 25 AR i3 23 Ry A T LART 2548 o ARG B 5
FIVRERT 7 BE A DAy J S LT F — b e s o vl LAAE Ry
RZ e AN R-E . R, ClusterNet REAS 1 — 20
AR FRAE SR IOCA 5 2 e A EHFIE . You A
(2020) #& H & A5 5% AN A2 W 4% (pointwise rotation-
invariant network , PRIN) 5. ¥ DL B i 55 3 S5 i 5% A
75 [ 4% (Sparse PRIN, SPRIN) 5.1 (You %, 2022) 3k
PEM AL B W AN FRAE o PRIN B Ji & 23 [l 2l 43k
BB ERIEARZ , 1 F I BROP 1A 3R 6 B HUZ s
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TR AAEREAE o Yu %5 A (2020) i3 PR-invNet (posi-
tional & relational feature embedding block-based
rotation-invariant network ) , | F§ PCA 4] 2 115 — Ff
AR =27 2 R R B T 5E £ B2 Y e
e AR OR AL HEBE % 45 M) . PR-invNet fif B 42 19 %
AR A AT B 2 ) rh PR A s B BR S AS
Joi A FLAR S e 22 225 B0 N, D TR BBURE 2 A A2
fit.c Zhao % A (2022a) [FIREAR B o A0 L, 32 1
Jey 8 4= Jey FE AIE X 2% (local global representation net-
work , LGR-Net) , 1] FH SRS 40 F) 8 2 AF X B 7 2
TEARARE AR AR A, 7E 55 BUIE % AN A2 FRAE 42 WU [7]
T TSR A R
4.2 BHERREXDE

o 55 03 I 3 e o8 S8 vh B G B
o EETE N A 2375 353 B A CHORTE PR &
J& AEZA T )5 m SFEE E¥A V2 I A TAE

I, Horb, B A BATE 4 B Fn s B A s 3
SOOPEUE S B EEAT R

S S PO A Gk R S B TR 43 FISOR
AEEERW , BT, BRI BA (Gong 55,
2021b) $2 i 31 %% 70 52 H (boundry prediction mod-
ule) XA RIS PRI GEAT I . Horp, 5T
DA R ITTI S5 R AN 17 o [, 32 I R Y
JUAA] R 2 A 55 B (boundary-aware geometry encod-
ing module ) M JR3#H DX 35k L 425 4l 121 25 BURR A T LA REAIE
AH B B 5 T 5 RR R 1 R AE )7 28 PointNet++ (Qi
25,2017h) Fl PointCNN (Li %, 2018b) H: T EI &
NE R 51543 E R 25 (graph convolution network
for segmentation, SegGCN) 7% (Lei 45, 2020) DA J¢ 5
T B LAY R AE T 2T AL AR (point
attention transformer, PAT) 3515 ( Yang 2 2019h) %%
FERAT 70 FI07 1% 53] 1 0 1 0 BN 3T T

1 ScanNet ¥ il Z HM 25 R (Gong 55 ,2021b)
Fig. 1 Boundary prediction results for scenes in ScanNet (Gong et al. , 2021b)

TE 1] 37 35 125 20 0 v 8 2000 B8 27 ] 5 DR SR
P, I E AT BA (Gong 45, 2021a) B K3 H —FhZ K
M3 55 1852 B I e BRASE  , H 37 5 20 1 IR R A
Ji 22 M) BT T 8 5 DX SZ B 1l e ) AT
T 37 B (1) F X3R5 43 4 B (receptive field compo-
nent code ) fR A Z1 il T X388 LHHE B KA H]
JZ U R IR BT 10 4 DACREDRE B2 1) A7 i,
JE S 3NZ m BTE R BIHERRZE R . A 7R R 25 ]
R B Al ok 42 2 Ui v a) 2 g 5 R AT 2 ROE U
B AHRHTFEICR (Gong 55, 2021a) 7538 N i = Kds
5 S3DIS % S i 7 Ui £E Semantic3D LI HUR
e FIRCR . XEAE N (2021) B T 25 AR B ik
%Wéﬁ(spatial depthwise residual network, SDRNet) ,
Sh4 a3 R B RS R 22 450 LU Ik RRAF 2L A A
YA R/ 1 PRI 23 H R

FEE5 WB A s oy eh, ) AT B — R
A% He2 2 1 Ak 24 SR 18 i 7 v (Li 55, 2022a) o
A FE X b2 2T 1) 55 W B a5 25 4031 3 el )
S ARCEC R Y SR (U ALE RS | B HLENEE ) TE K
Z: BRI ) R S R 8 s RS B A 22 ] ) 1E
FOREA XS, T R e 2 s 25 . b %07
Peath— A2 1 5 A AR X ek [R] 5 25y HLA )R
T S R A5 45 A DR 25 RN — 0P 29 SR A G
FAR P — IR A X H 2k 2T B 45 454, an i 2 i
IRo TEJRFRIXKIRH, A RAR S =S S — WA T
(&R Z (B — B2 e 4 R Z2 R AR
AR TINEE 55 55— 1Y 4 R 28 I B R T
Xof He 2 S ST 0T, 7E S3DIS ER R 4E i ol St B4
W5 2 3 R 0. 03% bR T 3045 B9 43 E0KS B
BT 78. 3% i o
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R

TR | FRERL , —Ek Xj‘tlziﬁﬁe
Hm Hyﬁ?ﬂ!ﬂ ﬁ*’? & ks | Lo | it

L IRARTHIE ML

[

e

bR > !

" etese
LiEs

S AL TR R A [T Sk
L it L e [ i

K2 ARG HE > TR 2 o3 5 7 IEHE AR (Li 55, 2022a)

Fig. 2 Framework of hybrid contrastive regularization (Li et al.

4.3 FELRZEGSESKEN

TEG F B, 3D = S 3 e — TR A Bk
SR 55 o AR LT3R S, SE ) 4 1T 20
SN P R T R AR B A HE R Bk U, S
I3 RN T 5 X AN ) o SO A 3 i B —
3B T IR — i SR S S . A RIS
JrEAT LLIE g0 A B2, B3 F Proposal 19 77 2 Al
Proposal-free [} 7

HE T Proposal 1Y J7 A A —Fl F _E T 09K
W, 38 1 A= Bl — ZR 31 1Y proposal A I H AR SL
FH-7E BEA™ proposal P93 F) H SEHIHERS . Yang 558 A
(2019a) $2 1 3D-BoNet e ELHE 77 551 2 v I A7 S5 401
(14 3D 31 FHE , JF: [A] I S50 3 A A~ S RS . % T H
P proposal A9 Az i, 3D /1 FAE J2 X5 ) 1A% i) — o 1 P
JURBERDER . SR, % T RH 53414 3D 41 FHAE 2
ANATEER, PR R 3D 34 SFAE AR %k B AR 44 LA
JEAR TR A B, 5 2084 proposal 240 & 24
X R EAAL F R R B AT . I, YiSE A
(2019) 42t T GSPN J5i , 1 A7 1% H #% proposal #Y
JSCRR R — A~ B4 1 320 FUHE [0 04 [R) 7L, 2R 25
Sy BT SR, 38 5 3 S P R UL R AR DA AR
JRALJE Y H R proposal .

Proposal-free ¥ J7 ¥ 4f #i* 1 % Proposal HY#<Hi
K 520 3 FE R 1 SCor BRI e R 2B PR . Wang
S N (2018b) $ Hy T AH AL 12 18 I 45 (similarity
group proposal network, SGPN), L) PointNet {E & T
P 285 Sk $i2 A A ARRAE , S T R RS R R A e ok
2 2 JTAT sSOG AR REAE 25 ) R AR RLUEE , DA TiTH A AL

, 2022a)

R SR SRy SEEAB] o BRI, R 3 5K P AR BRI 5
R NAF , HARRUE R AR 2 B TUA R B, M
DL J B MR 0 i = Bl vh o G, Liv 58 A
(2019a) 42 i T FE T F i 45 R0 2 KB 2% A EZ
(multi-scale affinity with sparse convolution, MASC) ,
I X s AR R AL PR, IR AE T U A
A A LA b TR0 B HE 23 R R 193 U5 o1, [l
Az A TR RUBE TR AR SRR 2R 1 2R R, I AR AR 1 X
RN 25 FIRE RN A S o BR T 38 A RE AR
W P01 2 P BE R AT S () B 2R A0 VF 22 A T AR
S PR RS SR TR D A% 2 8] B 2 [ B R ok
HEAT S 4320 o Jiang 55 A (2020) 2 ) PointGroup J7
T RTINS T SRR 25 14 ) I A T R 210068 Bz 552 431 v
O RS B, I 200 8% B A i — i B8 2 o
SRJ5 , PointGroup 75 J5 If & 5 R0 B2 5 4R N 34 64T
SE RS . T AR N B RS A, PointGroup LA AT
AR BR A 22 0 i LR HLAT 6 A R SCRY
PEAT 2, F i B T R A L4 . 7E Point-
Group FY LAl I+, Chen 55 A (2021) 21 43 JZ R G 1Y
HAIS (hierarchical aggregation for 3D instance segmen-
tation) J7 % , B SR A RS I R (B A AR
Hh, DURE SRR 3 1), AR5 P 3l 25 i B 8 B (B 0
LB L Se B p S, 25 TR R AR B BRG 2oRe g
SRS S HALS e 1 A e 552 451 P 3 £ = 4
2%, T B S 451) P £14 MR i O o8 S 91 S 1 1) 5
AT PES> o PointGroup Fl HAIS 7E X 73 1l 5% i i
SR I SR TR T oI R, B —A R A
SYBCERANE SCRIN SRR Z BB LT, S =Wk
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F14) Jrg S 5 A AR AT 1Y), X el A5 [) — A AR ) A )
05 43 5 4 T kg AN TR) 8 28 531 okt B feff P 8 3 S 1)
(25 R IEA T J5 2219 S R I 80T L FI R R iR
T AL 1 2= S oy I R . L, Ve S8 A (2022)
FEH T SoftGroup B AL | SLVFAEA T REK 242851,
DA fift T SCIUIN A 152 XoF S 490 53-8 %) 5 e, DA BH
PR ) S A TN AI Ry 15 B2k gk — AR TR L EI Y
e
4.4 PEBEEYEI=INE
4.4.1 2B St

34k m AT 55 B R AR B i S s v
e By JUATIE AR o Bl G a2 A 38 )7 1 iy R i
AR e A Nl - e N ) oy B O 3
Zhang 55 N (2020b ) £ H PR Rl ARFAE 20 25 SR WG 14E 47 3 4
Mg a R 2 RERHE M D e - A A [H 1S
SR I R 25 5 R A R R IR 4 RIS £
Bl 42 J F Ry BRI 2R 5 R 786 2 SRR AIE 2R 5 SR PR O s
M = U454 . Beah , it 7 — b isis, LA
Bij 1k A B 05 = o A AN B R SRl . Zhao 58 A
(202D it T —Fp Bk i =3 g e ik, 5
S R A 5 2 AR B HL LR SCH SE B 5
BT T A W28 2R G idh BN 1 TLAT T2 AR LA K kst
Yy se ARl i = Z [ 28 B O & i AN RS = 7
G| Z 18] 1) — B Ay W B R I R AR AR M 45,
BCRR 77 AT AR 385 2 22 ) 7 2 A P Y 2 2
o YuZE A (2021b) B S5 K BT Transformer A9 2 %
i g I 28 4R 1 B 5 2 58 AT 5 v, O i
AR5 BIAR G 1 400 ) 58 BUR B 05 = AR 42 X
IR N (2022) $2 H 22 ]OBE (4 AT B i, id
HHFE R AJZ 5 Transformer J2 32 BUE G AN 7] ] 4
TE AR A T bR o BRIGZ A, 52 28 B T L) A5
HHIE R a %, S H) A A (Tang %5, 2022) 47 Hy — Fil
BHTPE B SCHE A — B ZR— IR S 5 A2 R 2%, )
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