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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
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proposed method is evaluated on ModelNet, ScanObjectNN, and ShapeNet datasets for fine-tuning tasks. Experimental results demonstrate
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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P, S, Bk, R8I R R E b, A SCR A B @A A AR Iop (chamfer-distance loss), FI#EFRZ AN IE ]
A ERETRRE Lyg
1

DT mingen g llre=gll+ > minp g, lire =gt ()

P.[m;
| re[ ldX]lreeFm[mmx] 81€P,[miax]

Forfr, re il gt 43 5 NS 25 7098 43 (1 2 A 445 SRR B0 . PRS0 BB [R) R DA A1 BE S I IR FIAUA . TR, A7 AE
ORI HERD B R BRI Lo e
Lgyr = max(0, lep (Poaa [Migx] s Pre [Migx]) — Lyir) 3)
AR R B B AE R A E 2 R BB BE B, I ok ) L R e 7 R A 2 SR KBRS, X E
HCE A AT H . B LR AAKR 2 T b ) B E T A, REALE 2 (8] R ORI AR At T A 2 R BRI, D A O B
SR Fyy € RMC FNZUMBRURHE F, € RV*C Z (A5 BAR 3, AR ST SC—Ff i i o3 A1 (K 25 AR 5658 p (H) , BINAE
TEHET H WF R34 g, (HIF,) B p, (HIF,,) . BT HF50 H AR il i 1O/ B A REAE 1 55 AR 20 A p, (HIF ) A5 FE
TR LRFAE T L 20 AT g, (HIF,) ~ qq (HIF,) RV p, (H|F ) 8750 3 5E S50 50 A FIARAERER G0 A DR, SRFAiE
AR REL L PRI
L = -KL[q,(HIF)|Ip(H)] - KL[p, (HIF)llg, (HIF)] (C))
HAdr KL A KL 8% (Kullback-Leibler divergence, BLFRAHXT ). 45 L, #£T Transformer 75 85 245 7R 1 <IR #
Uit~ T TG K BSG FR) XI 1) 40 5 B A 403 2K R B T R A
Lais = Lur + Ler + Lawr (%)

Lyw = lep (P [i0], Py [mig ) = |

2.3 ETF StyleGAN HI%H BN & =4 iR R

FERD A= AT (1 8 45 RAE W GR B B 2 0 7 . R DRI R Hp R A W 0 ok 350 4 e 75 {HL7E 2 ST i AR
W S0oF i 2 A S B AR T RIREAGE R N 23 [ 110 5 2 1 T 3R 736 i 67 T s ), 34 T BELAS 5 4 22 IS S P AIE 0 5555 2 Tl
PR IEEIBAT. 2T Bk #, A SONA Sz B BRI % 2] O R 7R AR 5 ) i R, o g 75 in A4 R 1, I
FEHIET StyleGAN (14BN iS4 BB AL, GNP 4 FeoR. S Adi i A ple gl o0 032 & Jo 3 AR R LA, %A 70 7 3R
BR324 RS A B, SR80 P, € RY>0 Sl il 2 2 B FRER BURFAE 45 45 SR 15 46 3 38 s e e pf
Bz, AR R XA 5 S HFAE P € RVXKGHO | 2 J5 R IE OB A B 5 28 AL AR KRS P € RV >R A
N StyleGAN R4 fFIN.

Jr il Rz AU BRI StyleGANA: 4 15 2

— — —— —— —— — — _—em = = e = = == == =

P NEEmp,
Zoy =8 - S o %\\
mamp L, FEER a(%* LE%R ﬂbgg AU DR (R
|

SEBEL mimasRe,

Pt Prvte I l A —— 5 s|ylega|:x.,o""

. R 2 5
© st T

B4 T StyleGAN KB s = A s 2
SR, StyleGAN FEA 2 BT 4k UG A A AT 55, B4 51 N S0k R 28 i 35 DALk, AR S 19 e ik i 1)
T (D) MREER R B4 2 4 B FAZ /N 5B A 1 1. (2) B3 Mg s o PR A1 308 dr ol 8 o A it SR AT £
fb. B StyleGAN P48, S 52 LR R RS M= PPV e RVOS SR EAE P . £ 8% G () AW A BUHT i =
Prev 2S5, WERHE P R4 D () HEUE IR TIPEIUAL. &, HSEm P 5 R s P ARGLRENE, 153
A ACEH B S B3 Pyygiegan ©
Pyyiegn = WP + (1 — w) P (6)
HH, w M StyleGAN & K 1. 7 XIS AL B S = 5D E 2 M A RS G o, AR SCRHRSLIES Dis () fii e
—
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Puyian P
1P tegunll 1P

B M R B T, (R A . R, WA B R A . BB AR 2 5 R
HET iy 1 45

Dis (PstylegansPre) =1-cos (PstyleganaPre) =1- (7)

< tylegans £ re) <
’kc{ilw,%mgﬁifgizT
SR S BRI ERL R P, B PTE R BN BR R R .
24 HIRGSHHER
NG T2 A B E BT T 55 = RoR DI IR E, JEB 1L 2 SRR SR i R P A S N S
BRI S ERRL i, A SCR2 B 4 R E MK 7% VICReg Vi) 8 &, it 2B B A 7 = S H
BUR KB AT o BIRBRIK. 126, 5 s PABX S R EME 1 A SCA T 2088 4% 43 i N TRUIZRASZY CLIP B8
ViT-B #HAT9mtY £ () 15 B EUGASAE (F, = f;(D|F,; € RS) FISCARKHE (Fr = f (T)|Fr € R€} . fE3:F Transformer )
FERD A A, 2R S S B0 B BARC Frioken FUCEIRIE Frogren RIS ENERISAFE) F iy Frp . Z )5, 5
BLASRHIE Fo, Fr 3T IS RASABPERHAEXS 55 (B T80 AR, BN 7k S, BSHRIE 1, T B8 A B8,
HAVKRE L, AT R R A

(®)

L, (F,Fg) = Smooth,, (F, Fg) )
FERLZS N AR B IE WAL AR R B8 L, b, AR BA R 240 R A B3 2% pR BOR TS RN [ 2 VA % i 5t

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

o, B BRI, e NE R, — g Uy 1E-4. B RN ) BEA5 22 35t AR XS b ST RBE N [
RERE P IR 22 MR R (R, 75 2P 75 22 IR WA B3 % R B L, A o 1 B2 1) R SR IR A

LEF)=5Y {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, CAMNFHEEIEE, mean () R EERIMENWIRIE. Z8 EITIR, A BESIR G 2858 = BEAMEXT Ui 2k
RECHIT:
Lun (Fr, Fr, Frp, Frp) =a[Li(Fr, Fre) + L (Fr, Frp)l+ BLL, (Fi, Fre) + L, (Fr, Frp)]
+y L (F, Fre)+ L (Fr, Fr.p)l (12)
Hf, o gy AT IS
2.5 RIRREEE
258 BRI A ST IR U7V B, SR R B B AL ST AR A (1) R R RE R T N B IR BT R A o
BT AR B L - (2) SRS HRITAER b (1) = BERRAEST LU R BB Loy - BRI, A SCRARTR R AL Loveran
AR A
Loveran = Lpise + Lm (13)

3 X W

3.1 FRUIZFNRL 485
ASLLVEET = bR I i 2T RGB HIIEMG RS T2 ) SCARAE At N ShapeNet!' ™2 s = 4 AL
WIZREE S, th CAD B i H AL 55 N N L& BIBAR. HA @R ShapeNetPart &4 IHJ& T 16 2K
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16881 MR, 2L Wbt 544k J5 10 RGB BIE 34 43 783 ok, fE I ZRB B, 3£ T Transformer F#E 6T 55 22 45 8 (1)
SR E S ReCon AR, B Gy s FIAT I £0H0 2 A 64 A1 32, HERD 3 60%, FFAEIHIE 4 384. Hh4t,
Transformer M4 ER B AL E05 00 12 0 6, SRIDIRBEFISLEy 4 Fl 6. TE 2 A FUMBIY b, BURIEAS A SCA
MM 2 5 R s %, (GR T VIT-BM* A CLIPPYR R R AL 58 s S5 BRI AR, I 5 A et
LR FRICHAT ST b, 28, 25T Transformer (¥ 55 25 R 51 9 45 ) F )N SRARRAE 58 BOELHE 2 SRR 43 B 45 N 0
P TAE. 7E Nl T ModelNet 2RI 7 AT 55, BAE. N8, SmABiR e KB, ol s R AR s
By 510940, 1024, 12, 6. 64 F1 32, AT ScanObjectNN #fi4E, FiRBESH BIVE N 15, 2048, 12, 6.
128 1 32. INEEARFIEREAR YA AT SIS HOE 5 ModelNet Bdl 420 RAT S HH, Tk 4E 2 IR S 0%
SE M5 ScanObjectNN A [A]. 732 W4 4% iR BE 2% STHESE PyTorch AZEREIE &, I B KT A L3656 T F4 1e
ik Nvidia GeForce RTX3090 [1] Ubuntu 22.04 &4t 58/, MM ZH SHMAERE . K BEZR. X
BANE IRy N AdamW . 5E-4. SE-5. 128 LLJ% 300. 7ES2b 45 R Enth, R E R
32 ZHS=HHE

() N LWtksy 28

ModelNet!" & i CAD B & i KB = 4e Wik i 48, SR 4055 12311 DA TR ARG H 2K B EOR ), %
BARE T NS 10 ZRYIR 1 ModelNet10 1 40 ZRY 7R ¥ ModelNet40. Jy36E Fr 3 H 7 ikt = 4 N\ T %5
153 53R, ModelNetd0 HAE 9 70 KA. Horb, 43 2828 5% ModelNet40 #E4T AN [F] 402 T RAE, SR R
B AN 1024 Fi1 8 192, A5 5L J5 1 4E ModelNetd0 $¥8 45 IR 20 S0 th g5 inke 1 o, 73 2K48
b HE AR 2 (overall accuracy, OA) Row. K 1 P 207l RFR TSI, KRR A J73%2800 LA K
N BN BOEAT BRI NG BT 43, A 305 HEE ModelNet40 BUHE 48 b (1043 A5 BEIL 3 T B /ACE. o, ZE5 N
BB N 1024 F1 8192 T, 43 2k ik F| 94.6% H1 94.8%. 1% 45 B AE AN T A% MBI FH Rk, 3F
HEHAWE TR ER, BT 2EENEHFEIEMLL, BRI R 28R,

%1 ModelNet40 Rt B35k M mi = AR I ST ELEE R (%)

™ P NN 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 929 —
PointMLP* ICLR/2022 . 94.5 2
. [44] . El - >l _
PointNeXt NIPS/2022 94.0
P2P-RN101% NIPS/2022 93.1 -
P2P-HorNet*”! NIPS/2022 94.0 -
SCHR[36] AEEA/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 -
KRILTTi = 94.6 94.8

it BISUEA SO IR 2R B B8 7, A% SCHE ModelNet40 £ £ bR &M SCRF &AL (SVM) 4
KM TE ROITIE VP A ST S BT T3 A I Ea Pk STRF I B ML 0 B S5 R INSE 2 s, Rh & 07 R AN
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T ZE BEAT O ZR B EL I 543 21 70 R4 R AR I 175 951K 3 93.6%, N2 th 7 845 R 25 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 EAL > RS ELSE R (%)

7% AP & Uy CRRLES REER (0A)
Jigsaw3D"! NIPS/2019 DGCNN 90.6
Info3DM! ECCV/2020 PointNet 89.8
ACD™ ECCV/2020 PointNet++ 89.8
cMcevET 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
MCIBH! KBS/2024 DGCNN 91.6
KT — Transformer 93.6

(2) ES Aoy 5

ScanObjectNN g M L5 it FUC AR T R MK 22 i = it 4. Jorp, =937 5t 6 2092 MR R 4
15 A0, M EE N TR $ 45 45 ModelNet, ScanObjectNN $ 45 £ 5715 1# % Mt 75 A5 5 o5, 5 5 2= Tl i 7Y
i kAR, A SCTTVE S I J5 V5 AE St R4 ScanObjectNN _EHITAR 23255 L 45 R (OA) fnFk 3 Fiaw. Jhrh,
W EFIR IS5 (OBI_BG). WAL IF/#87 (OBJ_ONLY) M4k 7> 54> (PB_T50 RS) B T4 EH) 3 Fif
A E BRI 8. NG RTT1E, 16 3 BN EFR 4 20 08 b, AR SO R I B AL 4y 2K 45 1, 4 5lik
5] 96.22%. 94.10% J% 92.44%, Wl &= T &8 /7% ACTPY, ReCon LA K 12P-MAEP™. 78 B 77 45 & S MEHR 73 38 4
PB_T50 RS o, A7kt B Sk 4r 2% . 5 ModelNet 048 4EAH [F, A& C FRETE ScanObjectNN %45 4E
(OBJ_BG ¥ 43#84r) b5 gtk 32 B m bl 4y 28R, &8 RS BUE a0 th 45 a3k 4 FoR. SEGH R TIEk

ST, AR SCIT 25 BRI 87.8%, 924 i e e 2 M ST FR I ML) 2845 .
# 3 ScanObjectNN i E E&FIERITIR AT LA R (%)

WARrS PP ES W AE J7 %385 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=t = — 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-M2AE” NIPS/2022 s 2] 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
AT - 96.22 94.10 92.44
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# 4 ScanObjectNN 4l 5 b & 572 I M S RF 1] BN 43 20F LU 45 SR (%)

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

. PointNet 55.2

191
Jigsaw3D NIPS/2019 DGCNN 505
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
ARICTTiE — Transformer 87.8

3.3 IMERYES

/NFEZR (few-shot) M1k 43 28 & E 8 i A PR 25008 B0 B MBS WU 2R 288 1) 43 25 B8 00 e 0 V2 R e B 4k
PPk N KA, FA KPS K AR CLTE G R, BRI, /NEEA 73 2RI 2 H AT R4 7R N-way/
K-shot. 5Z 5 IA B B RN 7B E A, 48X ModelNet40 FHE 4 H Bk 35 73 A 258 31 B50R 3 PR 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 Fi#E4E

ERVINEARDR T SR ELER (OA) TFR 5 P, Herb, ARSCRA 10 IR 45 R~ T B BORbR E 22 f 7m0 6 25

ST 5 Wt A S TR 4 R F (R /MEAYI R AR S U E T, IS T I I3 JS0UR, B 97.6% + 2.0%, 98.9% =
1.0%, 93.6% =+ 3.8%, 96.0% + 2.2%. 5 se 7719 ACTP. ReCon™ 1 GPr-Net A Eb, 4% LI /INRE A 04443

KRR SRIR H IR TE S ).

5 ModelNetd0 Hffi 4 %M 575 K MEARYIR > RS LLEE R (%)

N S AL S-way 10-way
3 AT g 2 TR
Jrik ISz WA RN 10-shot 20-shot 10-shot 20-shot
PointNet++* NIPS/2017 - 38.5416.0 424445  23.142.2  18.8+1.7
DGCNNP TOG/2019 — 31.6£9.0  40.8+14.6  19.9+6.5  16.9+1.5
. PointNet 66.5£2.5 692424  356.9+2.5  66.5+1.4
[91

Jigsaw3D NIPS/2019 DGCNN  343:13 422435 260424  29.9+2.6
PointNet 632434  68.9+£3.0  492+1.9  50.11.6

[50]
cTree NIPS/2020 DGCNN  60.042.8  65.742.6  485:18  53.0+1.3
PointNet 897419  924+1.6  83.9+1.8  89.7+15

[10]
OcCo 1CCv2021 DGCNN  90.6:2.8  92.5:1.9  82.9+13  86.542.2
. PointNet 90.9+4.8  93.5+4.4  84.6+47 902422

[13]

CrossPoint CVPR/2022 DGCNN  92.543.0 949421  83.6£53  87.9+42
Point-BERT!"!  CVPR/2022  Transformer  94.643.1 963427  91.0£54  92.7+5.1
MaskPoint"*!! ECCV/2022 Transformer ~ 95.043.7  97.241.7  91.4+4.0 93.4+3.5
Point-MAE!"” ECCV/2022 Transformer ~ 96.3+2.5  97.8+1.8  92.6+4.1  95.0+3.0
Point-M2AE?”! NIPS/2022 Transformer ~ 96.841.8  98.3+1.4 923445  95.0+3.0
ACTP? ICLR/2023 Transformer ~ 96.842.3  98.0+1.4 933440  95.6+2.8
ReCon®” ICML/2023 Transformer ~ 97.3%1.9 989412 933439  95.8+3.0
GPr-Net™ CVPR/2023 PNet"" 80.4+0.6  82.0409  70.4£1.8  72.8%1.8
KL — Transformer 97.6+2.0 98.9+1.0 93.6+3.8 96.0+2.2
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34 THAYES A

FREAR (zero-shot) P53 Z 2N TN ZRAR Y 12 A0 28 A ¥ I et iR R v, 50 IF L 3 282001 1ok, AR S L
N T4 5 ModelNet10 Fil ModelNet40 a2 E Adi N, 3o iE N AR 2 L RE ). (EEE BRI, BREASS]
SO ST TR A R A7 AR A0 2 5, B B AT SCAS G i 245 R ) VIT-B ™ AL 3R 45 (frozen). A5 581
A 4 B i - BRSO SRS | W R R 5 2] DT TR AR B RE AR 53 2T EL 45 B (OA) Wk 6 7R, PointCLIP™!
T 2 WA W G OR A = 4L, I HARSE SO BB DRI =4 S m &R, A BRI T L
Y ST ING, B TR R A, T T L R SR S AR A 145 A A5 S, CLIP2Point™?),
ReCon''J PointCLIP V2UIX 3 FhEL A Saidh 7 vk i AN ) (0 et B SEIE  2 - TR FE UG S SR A RS AT
TR BT 2 5] DL GPT-3 SUARIEG 50 %5 77 sUR T S m BRI B . 5 Bk 4 B vEAH b, A7
YWt 98 B RV T HE A E A v (KB A 1 A B DA B 22 RS R E X 5. 127 2 1 R AR AR R TN 25 i Rt fT o, 5 L
Z B FRE(L T CLIP F1 ViT-B T ZBE B SR B S R SCASFAE. 3R 6 AT %N, AN J5 V5 7E ModelNet10
ModelNet40 FIFREA > 245 B TEF] 82.4% M 67.4%, YT BT toh U IR Bt J7 v, i WA ST vk AE R A 1K
SR TUES L RA 3.

% 6 ModelNet10 1 ModelNet40 BE4E b &b 735 (1) ZREA YA 53250 L A5 R (%)

Fik AT B2 B4y CRNTES 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 S Transformer 82.4 67.4
35 ZHS=EESE

AR D 328, R 7 F 0 E TR I A= TN 2R B0 = 4 JUAT{5 B IR Z IR R R ). Bk, AR
ShapeNetPart 4 5 76 B 43 15256, S~ T AT Eig, L idk 43 #1315 Point-MAE! Al ReCon" i [F]. 1
Ah, T TR bRIEFES V2 N A I EE (intersection-over-union, IoU). 5256 71, 14 ToU (mloU) MFFHZ k5 H.
5 SCRBFPEAN 2884 2555 mloU FISL] mloU. A7 1 FIILA J71%:4E ShapeNetPart (448 L HIH4F 75 F%t
Ehah B ansk 7 Fros. dhabh, A SCREER R 2B ToU% 453, Wk 8 fion. 3R 7 AR 8 it bhgh Rnf LAfg
H, A ST EAE SRS mloU A mloU PAFIFEAR b 23 K B 85.1% F1 86.6%, 3517t 1 FAth s A TG s ¢ S s T 4
THAIE R 2 FIFHE T Transformer MIARZ Lt ik, BRAL, 16 16 AR 43 B85 R b, ASCHVETE 10 T E A
BRE SRS BT B RN, A SCK AR 145 ST 2 T A, 5 R, TR RS ]l
(ground truth) FEARSE b 78 e id /), BRI S 7R 70 B4 R 5 FAE R EL 25 L. 7E 1] 5 v, 40 68 s s T 1% 0,

FNIEF Transformer (1 55 25 - R -SCA =2 1 MB350 J5 3k ReCon™ Wi 2 8% b vk, 6 BT JE i) 4 Fh N T
TEAR R, AR SCT7 v B T AR AT 6 i 2D, J2 DUIE BRSO 1 B R 2 F e
7 ShapeNetPart ZHE 5 45 Fl 77 V5 1P 03B - E0 EL 25 5 (%)

Jiid PP WA B % 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
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% 7 ShapeNetPart ZHE4E b & Fh 7 5 M0-FE A4 73 B LS5 R (%) (20)

J7ik FATI R 2 4R 1 4% Z#5)mloU S HilmloU
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 CNI¥14SFPNI 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
KTk — Transformer 85.1 86.6

% 8 ShapeNetPart 255 & Fh 772 B A S04 7 BT LL &5 5 (%)

T3 ;:rr; bag cap car chair pﬁzile guitar knife lamp laptop nl;(i)lizr ug pistol rocket I:l(::i table
PointNet”) 834 78.7 825 749 89.6 73.0 915 859 80.8 953 652 930 812 579 728 806
PointNet++*) 824 790 877 773 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

p2p™ 843 851 883 804 91.6 808 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

3.6

(1) THERL Y b 5]
B I A S 77 9 v & AR R A RO B R A R g B TR R, ARk St R SR
ScanObjectNN ¢ i fh 2 =] 2 ik, SCIbZE 5 (OA) WiFk 9 fraw. Forf, «“\"oRismn, «— &onMikk. A 73 i
R TFRERL G g 3 e (1) “SR BB Y (2) 5B sl R B AL (3) 22 MEAS SO AL. 76 ¥ R R 280 A 7 A0 22 A
A YT 256 v, 1 P 2 10 TE [ P00 3 0 K R B Ly P B R AE AN S VT 5451 2K R B £, £ B LA £
IR 2] R 9 PRl LATR I, 3 B B AUR U N BE B T X458 5, Y055t 3 85 SR p A 2 DTk, e SR U A A

< IR

3 6 & o
ReCon A5k ||

K5 ShapeNetPart £ 4 - 3 7V 554 2 E AT AL

THRLZE S FEBSWIIE
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MR AT I, E 3 R R BE S E A BIEUE 95.79%, 93.84% A1 91.77% IXIKE BE &5 5. A0 Lb T4 B 5 = Ak it
B (95.64%/93.71%/91.65%) FI A LT R (95.54%/93.69%/91.42%) H 4324t B, <R BT RERY () 43 2K Tk i
R FEJR RIE T2 AR LA I ) e 75 0L R T 1 AR SR AT e 75 (B DR, TN R B i A i b i O Sl
FME R R on S IR KB, JX ST ScanObjectNN $dli &t N B . 2 J5, 3 FBIR (R I 4 & DL 5 i i v ik 2
ST, 24 SR FOM A Y 04 Bl i = A2 O B EAT 2 A, 73 B RN 96.15%, 94.02% Fl1 92.26%. AH L HARFT Fh
AL EE 4, FoR RN SR B, 4538 9 v R R RN P 45 4 IO AR L 4 B St B 4 2 28808, A
B BUF 48 (1) ARSCHTHR I 3 Bl AR B35 55 T 4 (00 2 2RV RE = AL BURAE . (2) B B REFR 5 R I
CIREIT R, RH 55T StyleGAN B Al 2 4 RS (W 45 G AR I RCR IR T B o .35 Zad 2, BUE RITE
T PR BRI R 1) H00 & SRS TERT AR B 2h 72 595 R SRR AE 43 A MEALL AT g 75 43 A . 285 386 5 S0 )] Jin ekl 2 g A1)
&, BRI IE TR B SR G AN . NG B s = E AN 5, FEAD B BT A A 7 B R
WP EFE. KUk, 76T A B 1) ScanObjectNN 2R E I, PR AL 45 WHIE 2 G B 3 E J0mse 7R
77, R B R A= o 2Rt

(2) W B B R EHR T T (R ZT A 20 3 mih % 3]

TEAT, W% REHR S N R ZUR B 3 R 5 AR RN ABSIE A 2, Hh B T m i s
JE At 390 85 5 R v (AR 25 RS 48 ) IR UM HEAD 25 43 2R BRI AL Ly SAFIERL A TR BREL Ly .
3 P R FE G T SR AR, s a5 I I RN ] 52 /N R R R S AT RS . ST 2 2 BN LI R AFE
5 R HARIE T R AN I 58 MR B2 2 TAE. 7€ ScanObjectNN Hia4E L1 i = 70 M fh22 ST 45 5 (0A) i 10
FizR. AFR 10 Ha] LUAS 3, 1A 56T w300 3 B2 ik vl 1°0 30 25 B 2 IS 7 2 R I 280 AL B S 437 2 R B ) 45 B AL
RUZE 3 PR o0 SR 45 B 1020 2R 70 ik 5] 95.66% 93.78% A1 91.71%. AHEL B/ B R &, iZ B A H Ay
YEFIZCR R . MRFAE S 30K R AL Lo (9 F ZETHRETE TR HEND S IS INARRAE 2 2 E I 140G 12058 5 R 8
Jifi > FE A B 91 O R B A T s RN 95.62% - 93.76% 11 91.69%. 55 BI04 i 2 7 45 4 R B3 ) VY R 4%
THLL, Lo 00532855 ROTHREE B3
# 9 ScanObjectNN H#E £ PRI ) =43 2R IE Rl # 10 ScanObjectNN ##idE L% EREHRS TH

SR (%) PRI S 2 0 S R 1 45 53 (%)
“ﬂgﬁ%ﬂﬁ’ ﬁfg;g gﬁﬁz o;é— OBJ ONLY PB_T50 RS i ﬁfgﬁ{ Le.Mr Lrr OBJ BG OBJ ONLY PB_T50 RS

— = — 9535 9363 91.26 - - — 9535 93.63 91.26
v - — 9579  93.84 91.77 - N — 9544 93.67 91.45
— v — 9564  93.71 91.65 v N = 9566 93.78 91.71
— - v 95.54  93.69 91.42 - — A 9546 93.70 91.33
v N — 9615  94.02 92.26 - R N 95.62 93.76 91.69
N — N 96.02  93.90 92.11 v v N 9579 93.84 91.77
— v v 9598  93.88 91.91

N v v 96.22  94.10 92.44

(3) T StyleGAN 14 By o5 25 A2 B B S 4030 0F

£ T StyleGAN HIHHBI s = AR SR b i R S 80 08 (1) 2T StyleGAN BRLE AT w, HIWREET
R S XURG A B 55 5 5 AT L. (2) BT StyleGAN [RGB 45 25 A8 s T 5 JRUUA T AT 28 2 05 25 PR R B A1
v, P T HCDUHERT B 2 P AR R0 e 75 A R . PR S 4000 UE SE B 3HE ScanObjectNN H1 PB_T50_RS #7434
L 5E R, HANAE B T P4 5l AR BE 34T StyleGAN [ B pi = A2 SR XF Rk & R F o, A3 [0.5,0.9] Y
PR S FIORFEHMEHEATIRE. M 6(a) FHATAN, MEh &N T w = 0.7 B, 028K DUk, HIRKET StyleGAN A= iid
B s R B S s P A AR AR 5, PRI AR RS R B T IS R E R 45 1. Ak, P AN =S
ML TR RAT A SACR. AR, MAE RS RS P JUTHRIES, B M4 A N F w = 0.9 B, 4B i = A2 A 2
HREFEVER, nRe Rz, AFBE « K55 2845 Rl 6(b) Fivs. R IH E 45 L 550 S = A s R R 5%
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PRE TR v = 0.1 I, 2 2REE R H N 91.65%. FEAE BME v AWK, 72 RECR SR T, 245 RE
B 25 5 AR 25 SR A AL A BRI, BT StyleGAN FA%H B 25 A2 U RLKE X 3 2 48 L 7= AR Tk, (H B4
JEBARUEIL 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 [EaRERs
(a) A& Fo (b) HI1{Ez

K6 ARMEHET w MERAE 70 KRR

(4) 2B UL b7 >

2 RS FMARE R 3 BA0HE PR S SCABERS . A R AT B0 3 R 2k s B0y 500 (1) B RES ANARPEARAE
RFHRBRE L, . (2) AN B IEMHIRREL L, . (3) 7 Z NS R L, . BT, A7 LA ScanObjectNN
i b OBI_BG 770 # 40 Hdi SR WIS AIEFE A, 0T PR v 1 3 A SC B 03 2K bR Bl b AT Y = I sk, He, s
60 SI it 240 15 0y O B 2 TR B RO ST AR, HRAE PRI S 00 U 3 745 5K bR 2045 1) 7 JKE J3E LA SR IE
ARE, FHARINE 11 P, AEGRSCABRES S Z 4 i aBESRREE £, #ATRHEN 555, 70 FRE LB
0.4% A1 1.0% JFAGHE 1. A2 HeFERE E, 9B L5 B35, £, A0 L ARTINIEF TRI2%)5, 32774270 Kok, 2864
PEAE R, ARSI 7> KRR DL IR, JF BAES WAR R IR N R i 8 £, K% SR . R RIAE T3
A& BARRAUE R, SRR IER IR 5 BAR L. BeAh, £, JEBIy 1A S I5t i S B, Ti bih 77 22 I D Ak 53 2K R 4
Lo FACMRERIGIBRIE. DRI, £, 78 IR TR IR 142 Dk 5 .

# 11 ScanObjectNN #ffi £ b 2 BESHUMBI 5 2 70 KT 2 S 45 2R (%)

EUGHEAS PN ScanObjectNN
L L, L L L, s OBJ BG (0A)
- - - - S 95.35
- - - 3 95.39
- — = 95.41
> 3 - 95.40
i - 95.46
= - 95.45
v - 95.50
- \ 95.48
v \ 95.52
v v 95.54

[ | =

(5) SCAHLZS T Al )

TR SCAMEZS X Tl R S A = ARV TR EE, A SCEET BREA 7 R AE 55, FRBE ReCon S HRE, K
FHBAE H AR )T 2% ModelNet HURAE TE LA R SE80. Forb, SOARYE 208 3 MR AL: A4, R LL KR4,
A2 5 “A model of™A point cloud ofA 3D rendered model of™%%. K| KR 5 =R, B Chair Al
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Airplane . J54%/, % “with white background™with white context.”%. IR SCAH IR fx 245 R — R SEBE 1A .

YERNFFEARS RS RN £ 12 IR T AR RE S 45 8. WR P AT LU H, “A rendered image of ™ +25 71

R d . LR BEIFE T A 3 AT 25 DA AN SCAAE AN, B0 R TR SCA TR R A B TR 22 ) AR

M, [ 2 AR S = 15 B B BT PR, H BoUAE BRI ] e 5 508 2 SI BB R g (5 S IR SR S5 AR 5.
# 12 ModelNetd0 HHREE b UKW H 2 BHARSRHEMZE 4R (%)

I S=l OA FA+IE 4 OA

“ >+ 60.22 o+ 60.22

“A+35) 62.90 Fehl+er 56.23

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

“A model of a”+35 5] 58.65 5 5+“with white context.” 63.98
“An image of+2Jjl] 62.38 - -
“An image of a”+2 5 62.22 == -
“A 3D model of +jl 63.02 3 -
“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 ™+l 62.95 — -
“A rendered image of ™+ 66.38 - -
“A rendered image of a”+25 5 62.39 - -
“A 3D rendered image of*+2&Jjl] 65.21 - .
“A 3D rendered image of a”+2 5 64.05 - B

(6) TRAL ST A

3D TRYIZRARE R (1 52 Z5% B & 3 g A5 78 2 1) T ) S AR e R M . Dl 7 VPN T Bt D VR IS B 5 2 B, RS0k
TEMIFIEAT 2 N iB R 4 FhASRIZR AL AR bR MR I T ik RA S5 7. fabr s S e . BAFMHAE. SAisiTi
[ L 2% FLOPs. tAh, £%f L B9 7775655 Point-MAE". Point-M2AE®", 12P-MAE™. ACTP"LLJ ReCon". 7£
ModelNet40 H4F 4 b i MR R A 52 2% B o b 25 S 13 Fiow. 25 1A R 2% B b, Tk £ RS 2 e Mot bL 22 ST (1
ReCon FIA L iS50 EK, (HBAFHAERVN, T8 RIS HOLZHLH]. 1 FE 4% I, Point-MAE. ACT.
ReCon FIA L7 I S5 iR I (8] #1 FLOPs #HALL I L1 2./ T Point-M2AE Fl 12P-MAE. H Ji R 7E T W 7 1%
T 20 JRURERFIE AL RO ) BSOS RV RE K. &5 b, AR SCYE H A S R R 200 SR (475 10 R AT 4R LA AR Ko 5 e A
=R/

% 13 ModelNet40 Hffi 5 LA 0 B IIK45 R

- 7 ) S 2 IS IA) 52 2 J5

ZHE (M) BAFHAE (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
AR T7 43.6 11037 40 85128.32
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3.7 BN

W R R TR T TR TR ML T StyleGAN (4 B s 25 A BRI 93531 LA S 7] 0 45 SRS ANt B 2
RS S AN FI TR R 5 25 M P 0 o 2 ST AN B BeAh, 78 2 KB s i, B A 7 SR B R 1
BAMETER BB AR, I, A BUR AR/ 1024 4> £ ModelNet40 Hdia i JyEAill, 735 i 4 E H A [0,
0.17 FIBENL A =R L BEHLZE R ELRTEFDN [0, 0.8] 512 BLE AT Z R EERTE DN [0, 0.5] 9 5 AE 9% A LA
IS 11 25 2 53 SR I, S A Mk LW, A SO F AR - FEUR - SOR = S LA e it 777 ReCon™ I FEI
SRRIIUAE [F) S SR S BEE R 5B 8 2 AR SS, HEPRAE 7 PR, B2, 18] 7(a) AR AN [FIMR A 45 21 R 1K) 72K
R ATCAEAG B, ASCTTVER 73 HRE L — LA T UL B JE N AL T AT T th R W A5 R 24 0] e s 5
Wi BA RAFEIPTE. Besh, B 7(b) R AN FIBENLE KRR T2 REER. 2 LER KRG mg L 2 K5, ATk
L AE ABON PR S OREF RAF A0 FERIL. MEAE, £ 7(b) H, EEARDy 0.8 AT IRIRBERAT R AT HIPERE.
b, ASCN 9 LR BENLEFF sl DT VAGR B T =2 LT (5 2., BUSBER (3R aT LA SRR RS0 O 1t
—IBIRAUEAR ST AL i m _ERIVERE, 4% 10%-50% 0 L2618 77— Jay 38 DX K 80 2 98 23 i N ETR A2, &%
RANE 7(c) P, BAR T FEE AL S BEALE FEAL, EF — LE 20 BN T A t, 2530 235 S SO A U2 T K-
K, FIRERAIE 7 RENLZFFRE R B LIS SRR IWT. BhAbh, FEARIRE 2R BTN, A E B AL T St )7 1% ReCon
HAHE S RER, 41 b, ATREAET A R EEANAN RIS 80 T, By R AP &1,

9 - 95 | 95 .
3‘2‘ o L & 9% L -
< 90 | < By Sl
;& 88 | & 92 + 4;\;(/ 92
£ 86t £ o9t £ 91
?é 84 + ?RK 90 | w iﬁé 9 \ 39.6
82— ok o 89 |— RIHE o™\ 89 F—— AT 200 \\
ig S R?COH ) ) ) 79.8"‘ 88 Reclon ) |88k \" 88 R?COH ) ) 883
0 0.02 0.04 0.06 0.08 0.10 0 02 04 06 08 0 01 02 03 04 05
gk 7 255 2 BEHLZ e PRI S
(a) MR (b) BEHLE 2% (0) ZIAE K%
7 BRI R
4 B &

PO 244 A B S B Rn = A AR TR G A A5 . 2 AR AE M X 55 RS E B
WEEERIA, ASCHE R T BUA LA FEAD R 1) B RS I B R B RRE I, B A SR RERS T
REIT B, FET StyleGAN [ Bh 5 2 28 OB % 2 A S UM AL, A BlEE il S HmER . Mk s
B o 2 BEASFFIE XS SF L R T i B B R R% 2J 8 /7. 7E ModelNet. ScanObjectNN K ShapeNet £ #54E I,
g thoTESE R = K SRS ENL 2 AIEAR G TREA S FE DU R 2 B, 530 ek 772
S G B RASCR. BhAb, R S SO0 M SR I 45 FAIE B, TR R A TR B KR T AT RS B R
TR, B, B PR 4 B BGIE A ST o R R R 2 B T 0 RIF RIS AL
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