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Multi-modal Self-supervised Point Cloud Representation Learning Based on Bidirectional Fit
Mask Reconstruction

CHENG Hao-Zhe, ZHU Ji-Hua, SHI Peng-Cheng, HU Nai-Wen, XIE Yi-Fan, LI Shi-Qi
(School of Software Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: Point cloud self-supervised representation learning is conducted in an unlabeled pre-training manner, exploring the structural
relationships of 3D topological geometric spaces and capturing feature representations. This approach can be applied to downstream tasks,
such as point cloud classification, segmentation, and object detection. To enhance the generalization and robustness of the pretrained
models, this study proposes a multi-modal self-supervised method for learning point cloud representations. The method is based on
bidirectional fit mask reconstruction and comprises three main components: (1) The “bad teacher” model, guided by the inverse density
scale, employs a bidirectional fit strategy that utilizes inverse density noise representation and global feature representation to expedite the
convergence of the mask region towards the true value. (2) The StyleGAN-based auxiliary point cloud generation model, grounded in local
geometric information, generates stylized point clouds and fuses them with mask reconstruction results while adhering to threshold
constraints. The objective is to mitigate the adverse effects of noise on representation learning during the reconstruction process. (3) The
multi-modal teacher model aims to enhance the diversity of the 3D feature space and prevent the collapse of modal information. It relies
on the triple feature contrast loss function to fully extract the latent information contained in the point cloud-image-text sample space. The

proposed method is evaluated on ModelNet, ScanObjectNN, and ShapeNet datasets for fine-tuning tasks. Experimental results demonstrate
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that the pretrained model achieves state-of-the-art performance in various point cloud recognition tasks, including point cloud classification,
linear support vector machine classification, few-shot classification, zero-shot classification, and part segmentation.

Key words: 3D point cloud; self-supervised representation learning; multi-modal feature; density scale; generative adversarial network (GAN)
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WE OIS E K. B R AR R T b SR A, RPE 7S E] R SR IBC I AR A th 7 AR A TR DL, Dy R R
GHRHIE Fyy € RMC FIBUMBARURFE F, € RV*C Z [8] (115 BAR 28, A SCTIUE SC—Fh s 0 23 A7 1) 26 A 5658 p () , BIAE
FEFET H PR 534 g, (HIF,) M p, (HIF,,) . B TR 50 3 AR I8 2 T 0R B8 /- RHAE A 26 AF 20 A p,, (HIF ) A5 3
THIMRRFAE VAL AT g, (HIF) ~ gy (HIF,) A p, (HF ) B2 59158 SR S50 704 26 A MR 70 A1 DRI, Ak
AR REL L PTRIRN:
L = -KL[q, (HIF)|Ip(H)] - KLIp, (HIF) gy (HIF)] (C))
b, KL A KL #E (Kullback-Leibler divergence, BLFRAHXT). 45 L, 3&F Transformer ) HERD 5 22 B R AN 2
Ui TR R K R 1R O i 40 5 B 40 2K B BT s
Lais = Lur + Ler+ Lo mr (5)

Lyiw = lep (P[] P [mig ) = |

2.3 ET StyleGAN HI4# BN & =4 iR R

FERD AR AR 1) B 5 RAE W A6 M B 2 e 75 o RO A RSN I 590 Bk 3 40 Wi 75, {ELTE 2 2] I AR P,
W8 S0 2 A SR B R T RIRRAGE R N 2 [ 114 5 B 1 T 3R 36 i 67 T s ), 34 T BELASH 5 4 22 IS R AIE X 5555 2 T
BAEIIE R BT, B T LR d, RSO Em A B RN % 2] 7 1A T BAE 5 ) i R v, o e 7 i AR MR, 3
PEHEET StyleGAN 48N 25 228 AL, 40P 4 BioR. A8 4d Bl A it o8 N 32 & = A0k LA, 1% B 75 R
B J= 38 i 2 P 2 TR 45 00 AR A3 R, SR 4038 P, € RV Sl i 2 2 R BXURFAE 45 45 SR 5 R 46 )= 38 s e e pf
B2, K HTGE R R RS AL s R AE P € RV*KXCHO | 27 J5 ZAFE R U 6 A R 25 A AR KRG P e RV <66 R4
N StyleGAN 25 1% .

Ja i ni 5 A BRI StyleGANE Sl B i =
g e :: el = v B \@Al : N/
e F e THA: = B NG RERAERE,
| Q)| P T P GO | A
— Tl e LaN |
- YR
© wHiE: L TS

Bl4 T StyleGAN HI%#HB) s = A i 2

SR, StyleGAN B 5 TR T 4 RUG I AR BRAT 55, B3 5N BRI SRR i i85, DALk, A SR e 7 i tan

(1) IIRFFHEAR 2R KX 28 2 G K A BUAZ R /N 5 8 1 1. (2) 1 B e 7 et PR AT SR 0 88 et A e 4 SR AT R

. 7B StyleGAN M4 Hh, S XUR R RUG B s PL" e RV*RC N ELE Ped L AR A G () RWTAE 0BT i =

Prev 25, WERHE P AR 4 D () HEUE IR TR, IR, HSEm P 53R s P ARGLRENS, 53]
REEAAHB 2L 3T Pgiegan ©

Piyiegn = WP + (1 = w) P™ (©6)

Hrh, w7 StyleGAN it 8. TE RIS ALl B 15 2= S HE RS B A (M AR B il v, AR SCR AR LS Diis () i i 3



g HAR AR wrrnd oo e

Puyian P
1P tegunll- 1P

B M R B T, R R . R, WA B R A R BB AR 2 2 R
HET 8y 1 45

Dis (Pstylegang Pre) =1-cos (PslyleganaPre) =1- (7)

< tylegans £ re) <
P = { ify’kgm, ODisZ;iy(.:;, A N
SR S BRI ERLR P, B PTE R BN B R R R .
24 HIRGSHHER
N T 2SS B E BT T 55 2 RoR DI VIR AE, JEB 1L 2 BRI SR i R P A S N 5
BRI S BRI i, A SC2 B 4 M E MK T % VICReg Vi) 8 &, it 22 B BT A 7 = SR H
BUR KB AT o BIRBRIR. 126, 5 s PABX S R EME 1 A SCAR T 088 45 43 i N TRUIZRASZY CLIP B8
ViT-B #HAT9mEY £ () HA5 B EURASAE (F, = f;(D|F; € RS) FISCARKHIE (Fr = f (T)|Fr € R€} . fE3:F Transformer )
FERD HE A A, SR S S B B BARIC Frioken FUCERFIL Frogren RIS BN R Fpp Frp . Z )5, 5
BLASRHIE F, Fr 3T BB PERHAEXT 55 (B T80 AR, 3 BN 7l S, BSHRIE 1, T B8 i A 15,
HAVKRRE L, AT R R A

®)

L, (F,Fg) = Smoothy, (F, Fr) )
FERLZS A AR B IE WAL R R B8 L, b, ASCIE R BA R 20 R A B4 2% pR BOR TSI RN 17 2V % i 5t

L, (F,Fg)= %i{max[o,l— VVar(F)+e }+1Ei{max[0,1— N Var(Fg)+e

oy, B BRI, & N, — g Oy 1E-4. B RN ) 845 22 35t, AR XS o ST RBE N F%
REFE P AR 2 N RN R (R, 7 P 5 22 IR WA B8 R A L, A o 1 B2 ] R SR IR A

LEF)=EY {ﬁ 1= mean(F)[F; - mean(F.,-)]T}

i#j

} (10)

ij

c 2
+ % Z{% Z; [Fr;—mean(Fg;)] [FE.j—mean(FE.j)]T} (11)
Hrr, CAMNFHEEIES, mean () R EERIMENIRIE. Z8 EITIR, A BESPRIC I 2 558 = BEAMEXT Ui 2k
RECHIT:
Lun (Fr, Fr, Frp, Frp) =a[Li(F1, Frp) + Lo (Fr, Frp)l+ BLL, (Fi, Fre) + L,(Fr, Frp)]
+y L (F, Fre)+ L (Fr, Fr.p)l (12)
Hf, o gHy AT IS
2.5 RIRREEE
258 BRI A ST IR U7V B, SR R B B AL S AR O (1) R R RE R T N B IR BT R A o
BT AR B AL L - (2) SRS TR b (1) = FERFAEST LU R BB Loy - BRI, A SCRARTR R AL Loveran
AR A:
Loveran = Lpise + Lm (13)

3 L I§
3.1 FRINZFR 4TS

ASLLVEET = bR B . 2T RGB A RS T2 ) SCARAE At N ShapeNet!' ™2 £ = 1AL
WIZREE 4, th CAD B i H AL 55 N N LA BIBAR. HA @R ShapeNetPart &4 IHJ& T 16 2K



Ak AT ROMEHBEEN SRS BT EZATF 9

16881 MR, Ll Wbt 444k J5 10 RGB BE 354 43 783 3k, fE N ZRB B, 3T Transformer FFEfiTh 55 22 45 8 (1)
SR E S ReCon AR, B Gy s FIAT I £0H0 2 A 64 F1 32, HERD 3 60%, F5AEIEIE 4 384, Hh4t,
Transformer M5 IR B AL E05 00 12 F0 6, SRIDIRBEFISLEy 4 Fl 6. TE 2 A FUMBLY b, BURIAS A S A
MM 2 5 R aE 3%, (GR T VIT-BM*H CLIPPR R R AL 58 s S5 BRI AR, I 5 A ezt
ZAEEARCIAT I L. B2, FTF Transformer [ 5 25 1R 51 9 2% ) T SR 0 A0E 52 B BL T 40 A0 40 1145 R0
P TAE. 7E Nl T ModelNet 2RI 7 AT 55, BAEL. BN i, SmABiR e KB, Aol s R A3 s
By 10940, 1024, 12, 6. 64 F1 32, AT ScanObjectNN 4 4E, LRSS H BIVE N 15, 2048, 12, 6.
128 1 32. INEEARFIEREAR YA ZRAT SIS HOLE 5 ModelNet Bl 420 RAT S HH, Tk 4E 2 IS0
SE M5 ScanObjectNN A [A]. 732 W4 4% R BE 2% STHESE PyTorch AZEREIE &, JF B ¥ KT A L3656 T F4 1e
ik Nvidia GeForce RTX3090 [¥] Ubuntu 22.04 &%t 58 /. MM ZH SHMAR . K BEZR. X
BANEIRIY N AdamW . 5E-4. SE-5. 128 LLJ% 300. fES2b 45 R @, iR E R

32 ZHS=HE

() N Ltksy 2%

ModelNet!" & i CAD B & i KB = 4E MR 3 45, 36055 12311 DA TR MRAE H 2K B EOR ), %
Kb 4L AT 4 o AL 10 ZRY01R 1) ModelNet10 F1 40 5944 1) ModelNet40. S5 F BT # H 77 vk xd = 48 A\ T %4
953 25301, ModelNetd0 #AE N or 2588 . o, 432545 %5 ModelNetd0 #E47 A R EUE 11 R RAEE, KAE 251
ANFY N 1024 1 8 192. A X J7 3% 5L J71:4E ModelNetd0 35 4E E IR 20 23 LL 45 a0 1 Fiow, 202648
b HE AR 2 (overall accuracy, OA) Ron. K 1 Fp - 2R 07 vl RFR TSI KRR A J73% 2800 LA K
N BN BOHEAT BRI NG BT 43, A8 305 1:4E ModelNet40 BUHE 48 b (1043 A5 BEIA 3 T B /ACE. o, 2R
BB N 1024 F1 8192 T, 43 2k ik 5] 94.6% H1 94.8%. 1% 45 AN T A% MBI FH Rk, 3F
HEHAETRMER., BT 2EENEHFEIEMLL, BRI R 28R,

%1 ModelNet40 Xt B35 TIL M s AR I ST ELEE R (%)

. P s PN
7 AT s 2 WA J7E2E5) T024 3192
PointNet"”’ CVPR/2017 89.2 90.8
PointNet++* NIPS/2017 90.7 91.9
DGCNN! TOG/2019 92.9 —
PointMLP"* ICLR/2022 . 94.5 -
. [44] . El - >l _
PointNeXt NIPS/2022 94.0
P2P-RN101%” NIPS/2022 93.1 -
P2P-HorNet*”! NIPS/2022 94.0 -
Hik[36] AR /2023 93.8 -
Point-BERT!'") CVPR/2022 93.2 93.8
MaskPoint™!! ECCV/2022 93.8 -
Point-MAE!"" ECCV/2022 93.8 94.0
: [20] —
Point-M2AE NIPS/2022 2 94.0
ACTEY ICLR/2023 93.7 94.0
ReCon®™ ICML/2023 94.5 94.7
12P-MAE®® CVPR/2023 94.1 -
KRILTT i - 94.6 94.8

it BIUEA SO TR IR B B8 71, A% SCHE ModelNet40 £ £ bR &M SR B ML (SVM) 43
MR TE ROITVE VP A ST S BT T3 A Za Pk STRF [ B ML 0 BU S5 R ISR 2 s, Rh & K07 IR AN



10 BB AR R B B )

T Z8 BEAT O ZR B EL I 513 21 70 R4 R ARSI I 175 951K 3 93.6%, N2 thr 45 R 2.5 11T i
Zo-FUE P EIR - BRSO B S O VR LG, AR SO S R It AR
2 ModelNetd0 Hffi £ b %5V (0 i 2= e M SRR AL RS ELSE R (%)

7% A& Ay CRRLES REER (0A)
Jigsaw3D"! NIPS/2019 DGCNN 90.6
Info3D! ECCV/2020 PointNet 89.8
ACD™ ECCV/2020 PointNet++ 89.8
cMcevE CVPR/2021 DGCNN 89.8
OcCo™” ICCV/2021 DGCNN 89.2
CrossPoint CVPR/2022 DGCNN 91.2
Point-BERT!"” CVPR/2022 Transformer 87.4
Point-MAE!" ECCV/2022 Transformer 91.0
Point-M2AE™" NIPS/2022 Transformer 929
ReCon®™ ICML/2023 Transformer 93.4
12P-MAEP* CVPR/2023 Transformer 93.4
MCIB!! KBS/2024 DGCNN 91.6
KX TT: — Transformer 93.6

(2) B Aoy 5

ScanObjectNN" g M L5 it FUC AR T R (A1 2 il = Bt 4. Jorp, =93 5t 6 2092 MR R 0 A
15 A0, M B N TR $ s 45 ModelNet, ScanObjectNN $ 45 £ 5715 1# % Mt 5 A5 35 o5, 5 0 2= Tl i 7Y
i kAR, A SCTTVE S I J5 1 AE St R ScanObjectNN _EHITAR 23255F U 45 R (OA) 3k 3 Fiaw. Jhrh,
W EFYR IS5 (OBI_BG). WAL IF/ B (OBJ_ONLY) M4k 7> 54> (PB_T50 RS) B T4 EH) 3 Ff
A EHAREYT . NG RTT1E, 16 3 FIARRFR 2B L, RT3 R I B4 285 1, 4 hilik
5] 96.22%. 94.10% J% 92.44%, Wi &= T & /7% ACTPY, ReCon A K 12P-MAEP™. 78 B 77 45 & S ME 3R 23 38 43
PB_T50 RS H, A vkth B 543028 K . 5 ModelNet H¥z A0 R, A LR FEFE ScanObjectNN % 4
(OBJ_BG ¥ 43#B4) b5 Mgt 32 1 m bl oy 28R, K45 RS BUE ik th 45 a3k 4 FoR. SE0 Ik
SWITIEAHEL, S0 B 45 SR ik B 87.8%, 924 il e e 2R L SO 1 ML A2 5 R

# 3 ScanObjectNN i E&FIERITIR AT LA R (%)

Jii: A2 U Yaprzdil] OBJ] BG  OBJ ONLY  PB T50 RS

PointNet™ CVPR/2017 733 79.2 68.0
PointNet++" NIPS/2017 82.3 84.3 77.9
DGCNNE! TOG/2019 82.8 86.2 78.1

PointMLP™ ICLR/2022 k== — — 85.4+0.3

PointNeXt™*" NIPS/2022 - - 87.7+0.4
P2P-RN101"* NIPS/2022 — — 87.4
P2P-HorNet>” NIPS/2022 — - 89.3
Point-BERT!'") CVPR/2022 87.43 88.12 83.07
MaskPoint™!! ECCV/2022 89.30 88.10 84.30
Point-MAE""! ECCV/2022 90.02 88.29 85.18
Point-M2AEP" NIPS/2022 — 91.22 88.81 86.43
ACTE” ICLR/2023 93.29 91.91 88.21
ReCon'™ ICML/2023 95.35 93.63 91.26
12P-MAE® CVPR/2023 94.15 91.57 90.11

AR TT — 96.22 94.10 92.44




Rk F AT RIS S BAE L MFEEATET 1

# 4 ScanObjectNN 4l 5 b & 572 I M S RF 1] BN 43 20F LU 45 SR (%)

7k AT Bl 2 U4y CRELES FRER (0A)

. PointNet 55.2

191
Jigsaw3D NIPS/2019 DGCNN 595
PointNet 69.5
OcCo"” ICCV/2021 DGCNN 78.3
DGCNN 77.9
. PointNet 75.6

[13]

CrossPoint CVPR/2022 DGCNN 817
Point-MAE"” ECCV/2022 Transformer 77.7
Point-M2AE"™ NIPS/2022 Transformer 84.1
PointNet 76.8

48]
CrossNet TMM/2023 DGCNN 83.9
12P-MAE™ CVPR/2023 Transformer 87.1
ATk — Transformer 87.8

3.3 IEERMIRS S

/NFEZR (few-shot) M1k 4328 & E 8 I A R 2008 3000 B B T 2R 284 1) 43 25 e 00 e O V2 R e B 4
PPk N KA, FAEN S K AR CLTE R R, BRI, NEEA 7 2RI 7 H AT R4 7R N-way/
K-shot. 5ZHIA B B RN T8 E A, 48X ModelNet40 FHE 4 H Bk gk 73 A 258 1 B50R0 3 FioRe A4,
B 5-way/10-shot. 5-way/20-shot. 10-way/10-shot } 10-way/20-shot. A3 777k 5 A J7 154 ModelNetd0 FidE4E
ERNFEARYIE S AT ELAE B (OA) WnER 5 B, Horb, A SR A 10 Fo 45 S0 T 3 BORIbR ik 22 Jg 7 7y S 4
S 5 W, A SCTTVELE 4 PSR B INEAR AR 53 AT 55 BE T, AR T S0 73 28808, Bl 97.6% + 2.0%, 98.9%
+1.0%, 93.6% = 3.8%, 96.0% + 2.2%. 5 EH1 1156 7575 ACTE™ . ReCon' I GPr-Net" i L., 7% 3L ¥ /M A4 s
SR N RS S 7.

# 5 ModelNet40 Hifn 5 B &P B IMERDR 5 FERT ELEE R (%)

Ty WDV AR 10-shot 5-wayZO—shot IO—ShO: O-Wa};O—shot
PointNet++" NIPS/2017 — 38.5416.0 424445  23.142.2  18.8+1.7
DGCNN! TOG/2019 - 31.689.0  40.8+14.6 199465  16.9+1.5
FeaiD' NIS209 DGO 34sss 8205 300m4 23926
Treel™ NIPS/2020 PointNet 632434  68.9+3.0  492+1.9  50.1x1.6

DGCNN 60.0+2.8 65.7£2.6 48.5+1.8 53.0£1.3

PointNet 89.7£1.9 92.4£1.6 83.9£1.8 89.7£1.5
DGCNN 90.6+2.8 92.5+1.9 82.9+1.3 86.5£2.2

PointNet 90.9+4.8 93.5+4.4 84.6+4.7 90.2+2.2
DGCNN 92.5+£3.0 94.9+2.1 83.6+5.3 87.9+4.2

Point-BERT!'”  CVPR/2022  Transformer  94.643.1 963427  91.0£54  92.745.1
MaskPoint"*"! ECCV/2022  Transformer  95.0£3.7 972417 914440  93.4435
Point-MAE"”  ECCV/2022  Transformer  963+2.5  97.841.8  92.6+4.1  95.0+3.0
Point-M2AE®”  NIPS/2022 Transformer  96.8+1.8  983+14 923445  95.043.0

OcCo"” ICCV/2021

CrossPoint!"” CVPR/2022

ACTE? ICLR/2023 Transformer ~ 96.842.3  98.0+1.4 933440  95.642.8
ReCon®” ICML/2023 Transformer ~ 97.3%1.9  98.9+12 933439  95.8+3.0
GPr-Net™! CVPR/2023 PNet"" 80.440.6  82.0409  70.4£1.8  72.8%1.8

ACTTVE - Transformer ~ 97.6+2.0 98.9+1.0 93.6+3.8  96.0+2.2




12 BB AR R B B )

34 THAYES A

FREAR (zero-shot) P53 Z 2 TN ZRAS Y 12 A0 28 A ¥ I et AR, 50 F 9 282001 1ok, AR s L
N T4 /5 ModelNet10 Fil ModelNet40 a4 E Adi N, B iE N SRR 2 L RE ). (EEE BRI, BREASS]
5O 2 ST TR SRR R A7 A i 7, B BRGSO i 28 4R A VAT-B ™ HAR#E VR 45 (frozen). A 307 i 581
A 4 B i - BRSO SRS | W R R 5 2] DT TR AR B RE AR R 53 JET EL 45 B (OA) I3k 6 JT7R. PointCLIP™!
T 2 W A W G OR T A = 4L, I HARSE SO BB DRI =4 S m &R, SRR BRI T L
YRS ING, B TR R A, T S L R R R S AR A 145 A A5 S, CLIP2Point™?),
ReCon''J PointCLIP V2UIX 3 FhELA Saidh J7 v i AN ) (0 et RIS I A 2 - TR FE UG L SR A RS R
TR BT 2 5] DL GPT-3 SUARIEG 50 %5 77 sUR T S m BRI B . 5 Bk 4 FOpvEAH b, A7kl
Y Bt 9 B RV T HE A E P (K B R 1 A B DA B 2 RS R E X 5. 127 V2 (0 R AR SRR RN T 25 i Rt fT o, 5 L
Z B FRE(L T CLIP F1 ViT-B Tl S BE B4 3Rk B S R SCASFAE. 3R 6 AT %N, AN J5¥57E ModelNet10
ModelNetd0 FIFREA > 245 BN TEF] 82.4% M 67.4%, YIE I BTt LU IR Bt J7 v, iE B A ST vk 7E TR A 1K
SR TUES L RA 3.

#* 6 ModelNet10 1 ModelNet40 FEEE b 5 Fh J7 vk ) ZREAR AR 5 0} LL 45 R (%)

Fik AT E 2 B4 ERNTES ModelNet10 ModelNet40
PointCLIPP" CVPR/2022 ResNet-50 30.2 20.2
CLIP2Point™ ICCV/2023 Transformer 66.6 49.4
ReCon"” ICML/2023 Transformer 81.6 66.8
PointCLIP V2 ICCV/2023 Transformer 73.1 64.2
VN iR - Transformer 82.4 67.4
35 =SS E

AL RE 28, Rim B0 E TR I A= TN 2R 8 0 = 48 J LA {5 B R 2R R e ). Bk, AR
ShapeNetPart 4 5 56 B AF 23 15256, A T AT Eie, SEi6 Fridk I 143 %13k 5 Point-MAE! Al ReCon"™ I [F]. 1t
Gh, T TR bRIEFES V2 N A I EE (intersection-over-union, IoU). 5256 71, 14 ToU (mloU) MFFh 2 H#k it 5 H.
5 SCRPF AN 2884 2550 mloU FISLH] mloU. A7 i1 FIILA J71%:4E ShapeNetPart (44 L 1 4F 75 F%t
Ehah Bansk 7 Fros. dhab, A SCREER R 2B ToU% 458, Wk 8 fion. 3R 7 Ak 8 it bhgh Rnr Lifg
H, A SR SRS mloU A mloU PAFFEAR 153 K B 85.1% Fl 86.6%, 3517t i FAth s 5 A TG s ¢ S s T 4
THAIPE 28 R T Transformer MIARZ Lt ik, BRAL, 16 16 AR 3B 45 b, ASCHVETE 10 T A
BRE ST BT 8B RN, RSO 145 ST A, i 5 R, TRl RS Bl
(ground truth) FEARSE b 75 e id /), BRI S 7R 70 B2 RS AR EL 25 5. 7E 18] 5 v, 4068 s R s T 1% 0,

FNIEF Transformer 1 55 25 - R -SCA =12 [ W BF 2% 30 J5 9 ReCon Wi N2 8% b vk, 6 B JE i) 4 Fh N T
TEAR R, AR SCT7 v B T AR AT 6 i 2D, J2 DUIEBA A SO 16 B RT3 F R
7 ShapeNetPart ZHE 5 L 45 Fh 775 1P 03B 2 E0 E 25 5 (%)

Jiid PP WA B 2% Z$5lmloU SFlmIoU
PointNet!! CVPR/2017 - 80.4 83.7
PointNet++* NIPS/2017 - 81.9 85.1
DGCNNE! TOG/2019 - 82.3 85.2
Jigsaw3D!! NIPS/2019 DGCNN - 85.3
PointContrast!'" ECCV/2020 MinkNet® +UNet™ — 85.1

PointMLP™’ ICLR/2022 — 84.6 86.1




i S AT Ramem T 3R bz AT 13

# 7 ShapeNetPart £45 4 bR VER 70 HI0 HLEE R (%) (45)

J7i%: W B2 U4 BT M 5 mloU SEImIoU
CrossPoint!"! CVPR/2022 DGCNN - 85.5
Point-BERT!"” CVPR/2022 Transformer 84.1 85.6
Point-MAE"”! ECCV/2022 Transformer — 86.1
P2P-SFPN™ NIPS/2022 CNPI4+SFPNTY 82.5 85.7
P2P-UPer™! NIPS/2022 CN+UPerNet™") 84.1 86.5
ACTP ICLR/2023 Transformer 84.7 86.1
ReCon®! ICML/2023 Transformer 84.8 86.4
Rk — Transformer 85.1 86.6

K 8 ShapeNetPart £ 54 b 2SI EA R AN SR H A7 HI0S HLEE R (%)

aero . ar . . motor . skate
bag cap car chair one guitar knife lamp laptop bike MUg pistol rocket board table

PointNet”) 834 78.7 825 749 89.6 73.0 915 859 80.8 953 652 930 812 579 728 806
PointNet++*) 824 790 877 77.3 90.8 718 91.0 859 837 953 716 941 813 587 764 826
DGCNN®' 840 834 867 77.8 90.6 747 912 875 828 957 663 949 81.1 635 745 826
Point-BERT'” 843 848 88.0 79.8 91.0 81.7 91.6 879 852 956 756 947 843 634 763 815
PointMLP ™ 835 834 87.5 80.5 903 782 922 881 826 962 775 958 854 G646 833 843

p2pt 843 851 883 804 91.6 80.8 92.1 879 856 959 761 942 824 627 747 837
AL 853 853 89.1 815 91.7 819 921 882 862 965 756 951 847 66.7 80.1 819

Jrik

=dh

2 @
Axogrid 1|

K5 ShapeNetPart Z#E 4 - 3 F 7V 1554 2 E1 AT AL

3.6 JHRLE S FIEES I

(1) THERL b 5]

I E AR ST 5 o % TR T I A R B R S R ) TR R T, AT kO S RN B SR 4k
ScanObjectNN ¢ i il 2 =] 246, SCIb 4 B (OA) Wik 9 s, Horf, “NP#oRIn, “— &Mk, A ik i
JIFRER5 2 3 Al (1) “SR#UM IR (2) ShBh 5 2 AR R (3) 2 A BOUMBE AL, 76 b DR S i A5 B F0 22 45
ASHOTALRL 256 v, 1 P 28 1) 1E [P0 3 0 K R B Ly PSS R AE AN AR M T 400 2K R B £, £ B LA £
IR 2] R 9 AT LATRH, 3 B PR AUR U N BE B T X468 5, Y055t 3 85 P A 2 k. e SR U A A



BOER AN AT I, 72 3 R BE S E 2 BIEUE 95.79%, 93.84% A1 91.77% Ik FE 45 5. M LL T4l Bl i = 2k it
7 (95.64%/93.71%/91.65%) L AT (95.54%/93.69%/91.42%) (K173 J45 5, <R iR A (1) 73 S5 5T R 14
a g K. FJE BRIE T2 AR B AR [ W 7 0L A v R T T 2883 RS g 75 (B . BRI e, T 2RSS 2 R 203 - ot i 3 S 1
FUE 7S N RN S AN R REIA, IXXF ScanObjectNN FHRE N E B, 2 J5, 3 P AUK 24 4 L5 B i
ST, 2SR UM A Y R4 Bl i 25 A2 O B EAT 2 A, 73 B RN 96.15%, 94.02% Fl1 92.26%. AH L HARFT Fl
A5 4, JEoR RNy SR B, 4538 9 v R R RN P 45 4 IO AR L 48 B St B 4 2 288808, A
B BUF 48 (1) ASCHTR I 3 Bl AR B35 55 T 4 00 2 2RV RE = AL BURAE . () B BT 5 R I
NI BER, R 5HT StyleGAN B Al = 4 R (W 45 G AR I RCR IR T B o 8.3 Zad 2, BUE RITE
T PR BRI R 0] H00 & SRS TERT AR B 2h 72 505 R SRR AE 43 A M ALL I e 75 43 A1 . 283 386 5 S0 1) Jin ekt 2 g A1)
&, BRI IE TR B SR G AN . NG B s = E AN, D B BT A A B
4 F 5. Bk, 75T L8 75 (1) ScanObjectNN 4R 20T, Wi AR AL 4y Fil N HRFAIE 2 20 R0 28 4 2 i T A 2 5%
71, FAR B R B s o 2R

(2) W B R EFR T T PR A A0 1 mih ¥ >

TEATT, W% REHR S T R ZUR B b 3 R 5 AR U N A A 2, Hh B T m i s
JE At 390 8 5 B AR vk (MR 25 RS 48 ) IR HERD B8 43 2R BRI AL Ly SAFIERL A TR BREL Ly .
% R SR Y AT, HhC s B AR N [ T8 /N L 7R 6 AT IR 200 2 BB R ARG,
5 R HARIE T R AN I 58 MR S 2 TAE. 78 ScanObjectNN Hia4E L1 i = 70 M M2 ST 45 5 (0A) i 10
FiR. AFR 10 Ha] LUAS 3, A 56T w100 3 B2 ik vl 14030 25 B 2 IS 7 2 R0 A 280 AL 2 S 437 2 R B ) 45 B A
RUZE 3 PR o0 B 45 B 1020 2R 0 ik 5] 95.66% 93.78% A1 91.71%. AHEL B/ BB R &, B A R
PEFZCR R . MRFAE S 3R R AL Lo (9 F ZEIHRETE T OAHEND B IS IRRAE 2 2 E 5 104G 1205 5 R 8
Jifi > HE A B 91 O R B A T S RN 95.62% - 93.76% 11 91.69%. 55 B IR i~ 45 i 2 7 451 4 R B8 ) VY R &5
THLL, Lo 00532855 ROTHREE %
# 9 ScanObjectNN ##fn 4 TR il =4 J57H fi 10 ScanObjectNN ¥4 1% REH & T

EER (%) PR BT 5= R Al I 45 3 (%)

- ST —

t;;ﬁ m Zﬁiﬁ’géi %ﬁﬂﬁﬁz 01;3(1}7 OBJ ONLY PB_T50 RS @ﬁfg’g Lewvr Lrr OBJ BG OBJ ONLY PB T50 RS
— - — 9535 93.63 91.26 - - — 9535 93.63 91.26
N - - 95.79 93.84 91.77 N = 9544 93.67 91.45
- \ - 95.64 93.71 91.65 v N — 9566 93.78 91.71
— - J 95.54 93.69 91.42 - — N 9546 93.70 91.33
N \ - 96.15 94.02 92.26 - \/ N 9562 93.76 91.69
~ — N 96.02 93.90 92.11 N N N 95.79 93.84 91.77
- \ \ 95.98 93.88 91.91
N \ \ 96.22 94.10 92.44

(3) £T StyleGAN (¥4 B i = A2 U Y 2 30 11k

BT StyleGAN (1% B s = AR BB R R0 T W S 4053 I (1) 34T StyleGAN M6 T w, FRINREEET
R LA RS AE R A 45 B EAE. (2) #E T StyleGAN HIHBN S = A s IR 5 R A IS B8 A = & R1{E
7, FH T HRPIHE R e A R e A AR . T IR S 4R TR SR 3 7E ScanObjectNN H1 PB_T50_RS #5731 47
5ER, BAXAE R T a4 kAl FOR B BT StyleGAN (R4 Bl = A2 AL, S TRl & A w , A 3CHR[0.5,0.9] Y6
P S FOREME AT I, W 6(a) AT A, B A R T w = 0.7 B, 2R RBEAE. HIERHEET StyleGAN A Bifl
B Sz B S P 30 YA RS 51, SRIEAE RS AT B TR &S I 4G . Ik, P AR T
HAEIN TSRS RAF I ZRACR. AR, MAEE RS P JUT- MR, B S/@E N T w = 0.9 B, 4H B i 2 A2 A 5
HREIEVER, 2R R 2%, ANEBIE v 43 2845 B 6(b) iR, 245 iR s 45 R 550800 15 = A& st R4 5%
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PRE TR v = 0.1 I, 2 2RE5 R H N 91.65%. FEAE BME © AWK, 72 RECR SR T, %45 RE
B 15 5 AR 25 SR A AL A BRI, BT StyleGAN % B 25 A2 UK X 3 2 48 L 7= AR k. (H R
JEBARUERL TR SR XT T 405 20 24T 557 AE AR .

91.8 9

91.65

91.63 91)‘65

91.23
91.2
91.04
91.0 NN N S 89 -
0.4 0.5 0.6 0.7 0.8 0.9 1.0 0 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
s N Fo [EaklERs
(a) A& Fo (b) HI{Ez

Ko AREHET w MERIE 00 K8 RAIR

(4) 2B UL b7 >

2 RS FTRE I 3 BA0HE PR RISCABERS. A R AT 3 Rk s B0y 500 (1) B REAS ANARPEARAE
XEFHRBRE L, . (2) AN B IENSUR AL L, . (3) 7 Z ISR £, . BT, A7 LA ScanObjectNN
i b OBI_BG 770 # 40 Hdi SR N UG AIEFE AL, 0T PR v 1 3 A SC B 3 2K bR Bl b AT Y R I M. He, s
60 SE it 240 15 0y O B 2 T HE RS B RO ST AR, HREPTRIE S 00 U 3 45 5k bR 2045 1) 7 JKE J3E LA SR IE
AR, FERINE 11 PR, MEGRSCABS S =4 i SRS RN £, ATRHEN 555, 70 FRE L B
0.4% A1 1.0% JFUGHE K. 7 HeFERb E, 9B 165 B35, £, A0 L RTMNZEF TR2%)5, 274270 Kok, 28640
PEAERTIAR I, SRS RERIUVE IR, JF B WA R IR NS R e 8 £, R B . R RIAE T3
A S BARRUE R, SR MERFIER IR 5 BAR L. BeAh, £, JEBIy 1A S I5t i S B, Ti ih 77 22 1 D Ak 3 2K R 4
Lo MR ERICIBIE. DRI, £, 78 IR R IR 142 DOk L 5 .

# 11 ScanObjectNN #ffi £ b 2 BESHUNBI 5 2 70 KT 2 S 4523 (%)

KIS SURBA ScanObjectNN
L L, L L L, L. OBJ BG (0A)
- - - - - 95.35
- - - — 95.39
- - - 95.41
- - - 95.40
- - 95.46
- - 95.45
v - 95.50
- \ 95.48
v v 95.52
v v 95.54

[ =

(5) SCAHZS TH Al )

TR SCAMEZS X T BB SR A = ARV TR EE, A SO T BREA 7 K 4E 55, FRBE ReCon S HRE, K
FABAE H AR )T 200 ModelNet BURAE 5E B4 KRS580, Forb, SORYE 200 3 MR AL: A4, RAILL KRG 4.
A2 5 “A model of™A point cloud ofA 3D rendered model of™%%. K5 KR 5 =R, B Chair Al
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Airplane 5. J54%/6 % “with white backgroundwith white context.”%. IR CAH IR fx 24 45 R — ) SERE 1A .

YERNFFEAR RS RN £ 12 IR T U RE ) 45 0. WR A R T LU H, “A rendered image of ™ +25 71

R R d . LR BEIFE T RS 3 AT 25 DR ANSCAAE AN, B0 R BOTER SCA TR R A B TR 22 ) 4R

M, [ AR S = 15 B BEANTTIR G R, H BoUAE BAOHI r] Be 5 508 2 SI BB R g (5 S IR SR S5 AR 5.
# 12 ModelNetd0 HHREE b U M2 BHEAR S RHEMZE 4R (%)

I S=l OA FA+IE 4 OA

“ >+ 60.22 o+ 60.22

“A"+2E7]) 62.90 e 56.23

“A model of ™+ 5] 56.32 247+ “with white background.” 63.89

“A model of a”+2 5| 58.65 K 5+“with white context.” 63.98
“An image of+2Jj] 62.38 - -
“An image of a”+2 5 62.22 - -
“A 3D model of +jl 63.02 - -
“A 3D model of 2"+ 32.15 - -
“A rendered model of*+2Jjl] 63.31 - -
“A rendered model of a”+35 7] 62.98 — -
“A point cloud of "+ 60.11 - -
“A point cloud of a”+35 %) 60.85 - -
“A point cloud model of ™+ 51| 63.55 - -
“A point cloud model of a”+35 7] 62.59 - -
“A 3D rendered model of*+2 5] 62.26 - -
“A 3D rendered model of a”+255l 62.95 — -
“A rendered image of ™+ 66.38 - -
“A rendered image of a”+2 5| 62.39 - -
“A 3D rendered image of *+33 5] 65.21 - -
“A 3D rendered image of a”+2 5 64.05 - —

(6) HRB T A

3D TSR F 52 2% P8 % i Jok A 20 = ()R (R Y B S Bk M it N T VTN T 7 VAR T A R ) AR S
TEAHRIEAT 26 A% TNl id 4 PRI 28T e b A I A Tk AR SO v, febn i S 4iE . BAFMAE. BRIBITH
[ L 2% FLOPs. teAh, £%f L B9 7775655 Point-MAE". Point-M2AE®", 12P-MAE™. ACTP"LLJ ReCon". 7£
ModelNet40 34 LR & Je Xt Lh &5 SR ik 13 fon. R E 4% b, BEA AT E @A L2 31 1
ReCon FIAR X HES R K, (HEAAHEFEE/D, TR RSEILZ=NH]. 5 ME 5% L, Point-MAE. ACT.
ReCon FIA L7 S5 R I (8] F1 FLOPs #HALL I L1 2./ T Point-M2AE Fl 12P-MAE. i R 7E T W 7 1%
TE 2 RS R 4 R0 ) B S o ) Y R OK. 455 b, AR SCHE IR S AR AR 25 SR B 1 100 T T LA AR G e 7 o A
L =R/

% 13 ModelNet40 Hffi 5 AR 0 B2 I 45 R

- 7 ) 5L 2 S IS IA) 52 2 J5
ZHE (M) RAFHAE (Mib) FEIZATI ] (5) FLOPs (M)
Point-MAE!"”! 22.1 23038 49 76761.32
Point-M2AE?” 12.8 14821 78 149390.23
I2P-MAEP 12.8 18849 118 355708.04
ACTP 22.1 11145 46 76761.32
ReCon'™ 43.6 11064 38 85037.04

F S WIRS 43.6 11037 40 85128.32
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3.7 BN

W R R TR T TR RMIIE T StyleGAN F4 B s 25 A BRI 93591 LA S 7] 0 45 SRS ANt B 2
SRR S AN FI TR R 5 25 M P 0 o 2 SIS B BRAh, 78 2 KB s i, B A 7 SR B R
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—IRIRAEA ST AR R s ERIVERE, 4% 10%-50% H HE 218 27— Jay 3 DX S -4 380 A2 98 23 i N ETRU AR Y. &%
AN 7(c) P, B4R T FEE R S BEHLE F A, (B R — LEZf R w] AR, 250 238 S BURE R UM 3R B K-
R, FIRERAIE 7 RENLEFFRE R B LA SRR IWT. BLAbh, FEARIR Z 2R BN, ASOE BRI AL TSt )7 1% ReCon
HAHE SRR, Si b, ATREAETS A R EEANAN RIS AL B0 T, By R AP & it

9 - 95 L o 95 .
94 o4 | I 94 L -
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82— ok o 89 |— RXHE o™\ 89 F—— A 200 \\
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REIT B, FET StyleGAN [ BN 5 2 28 OB X 2 A S UMY, A BB il SR ER . fihb s
B e 2 BEASFFIE X SR L R T i B B R R% 2J 8 /7. 7E ModelNet. ScanObjectNN K ShapeNet £ #54E I,
Frig thoTESE R = K B STHFmENL 2 AIEAR G BRSNS DU R 2 3, 530 ek 77 v
S PG B RASCR. BhAb, R S SO0 M S I 45 IR B, TR R R A TR B KR T AT RS B R
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