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Contrastive Learning of Local Features for Sequential
Point Cloud Models

wang Xiao rong, Huang hua

(School of Computer Science & Technology, Beijing Jiaotong University)

Abstract: In recent years, sequential point cloud models have demonstrated substantial potential in the
field of point cloud processing. Compared with traditional KNN-based neighborhood feature aggregation
methods, these sequential models enhance computational efficiency while expanding the receptive field
by mapping point cloud data into spatially adjacent sequences. However, the expansion of the receptive
field typically compromises the model's ability to capture fine-grained local features, resulting in
insufficient learning of detailed local information. To address this limitation, this paper proposes a
masked contrastive learning-based approach for enhancing local features in sequential point cloud
models. Specifically, we design a unified framework integrating masked contrastive learning with
supervised point cloud segmentation, where contrastive learning tasks are employed to intensively
explore local characteristics within point cloud data. To achieve effective collaboration between self-
supervised contrastive learning and supervised segmentation tasks, the model incorporates a
regularization strategy that maintains feature consistency while balancing the learning objectives of both
tasks. Experimental evaluations on the ShapeNet Part and S3DIS datasets demonstrate that the proposed
method significantly improves segmentation performance in complex scenarios. Across multiple
evaluation metrics, our approach outperforms existing models, conclusively validating the effectiveness
of the proposed methodology.

Key words: Computer Vision; Point Cloud Segmentation; Contrastive Learning; Local Feature
Enhancement
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PN —YE P D), IMIAELRRE 2 ()R AR RN, B2 K 7 R sz B . X
b3 T7 AL AT AL B8 SN R VG AL BN R RUZ RS S, JRIE I R IR SR T B
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BEXSIX kA, ASCIR T ] ST A R AR R T SR —— i R b ST s
P SRR SR R AE 2 ST RE J0 o ATTVER H AR RAE A A B B OB O S, 3Rk
JRIERATT FRURREE, ANITAE = BUES RAS EAr e . BRI S, R B, @
HGIN—AMHEES, RIGIRE R R RIE I 7 ST RE o 1 A B AL 480 (Masked
Autoencoder, MAE) [JEAE, FEINZRIRE P BENLIEFE &8 70 1L, Ik T IX L8 mi (O AT 4 A
ARG AR, B SR S B R AT b, K LU B S 4 TR SCRE R (). T
e AR TR IRRAE 25 ST OR, ATV xet bl 2 S UIE 2 b N BRI G . SRS A fS
(1) s = AER — X R FERLEL,  FBIAE S 1) B bR 2 SRR IS 1) S = AR . i
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R, DR R A R i) 7 = R IR BERE , 3B DN sl 2= 70 B S5 B,
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AR S N 1) 5 B LB T B 5 23 RURRAS o e AE I i R v G o JR) AR AE 10 2
2], RERUAEAE SR RS S A R A AN S B F AR G 4, AT B i i s 2 I RORG

ASCER T R RS X L 2% 3] (Local Mask Contrastive Learning, LMCL)HEZE, F-F
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32 FHHaE
321 HHFSBILREER

ShapeNet Part #(#fitE 2 — M T =4 i = o B EEHESEESE, 75 16881 1~KH 16
AN 3D Wk, B SS 2048 AN R, R A REAIE G bR RE, Bk
4% 50 MEMARE. HIONAHRE N BT 15, SRR 5 R 2 A X
(I ¥ALAHLEE . HLE4E) . ShapeNet Part £ 4R 3= 2 T PP ASL AU 7R AR B 14 2 BT
% BRI,

N T IS TEASCER R A HERS X L 2 21 Uik (LMCL) 7E sz 48 EUE & h A Uk,
£ ShapeNet Part %5 FEAT 7 HBAF /#1525, HoK LMCL 23 5l & 3N m A LA (17 51
B =R OctFormer 1 Point Transformer V3 (PTv3) 1. Sz 4t B LISEHIFHIRZ L 1oU

(cat.mloU) fEANMTESRFR, W3R 1 PR,
# 1 MALZE ShapeNet Part Zidi 4 b %S Hb 45 5
Tab.1 Comparative Results of the Models on the ShapeNet Part Dataset

*ﬁ Zﬂ cat.mloU Airplane Bag Cap Car Chair Earphone  Motorbike Table
OctFormer 83.97 85.18 83.14 85.33 82.68 93.94 80.15 74.08 87.29
OctFormer+LMCL 85.34 86.09 85.27 86.91 85.12 94.81 81.33 75.36 87.88
PTv3 85.14 87.43 84.85 86.82 83.18 93.13 79.34 774 89.03
PTv3+LMCL 86.76 88.06 86.32 87.15 85.33 94.02 81.6 79.71 90.35

(1) MEEAKE, OctFormer ¥ cat.mloU A 83.93 #2714 85.33, PTv3 [fJ catmloU M
85.14 $& = % 86.76, JEId 5| N RGN LLAE 2], G RUE R T T A a8 S m 2 H R
IR TURTRAE (5 ST R0 3R T

(2) WFEIKRE, LMCL XTS5 4% 1Z85] (Un Earphone #1 Motorbike) #2F
BONWIE, %40 Earphone 7£ Pont Transformer V3 o catmloU M 79.34 &7} % 81.6, T
Motorbike M 77.4 #2742 79.71. [, LMCL tHJEIL T Ham AR fEl:, Mo BItEREtEL
AN 18] I BT LT

322 EEMHKRK

NERAE LMCL J7 VA I & 1t K FOR S A A1 A RE g, SR T SIREAR t ke, 4

T LMCL 7EAC 3 B AT 2% JUATTRAR K S I P B ER T Geit R . SIRE6 1% 4% ShapeNet
Part ¥4 th BN E 22 45/ 125 59 (4n Earphone 1 Motorbike) #EATIINR, ik fa
BRG] (i Airplane £l Table) HEATSTEL . X FaRib i1, 23T 10 BT AS
By, skgRas RNk 2 s

(1) XFFHEA4509285] (4o Car Al Motorbike) , LMCL 751238 i 38 5 )53 345 ) LA 4RFAiE
(RERENRE /7, FEIXEEH ERIH T ot R M IEREIRTT (p<0.05) , FH] LMCL 7EH
JEANTI{E BANTRTE 5 2% J LR S5 440 (4 23 H0HG B2 07 TH) AT 8 25 i L 9

(2) AT U255 (i Airplane AT Table) , B4k LMCL J7iA — & BT RE 1R
Tt AR H TR EESE I LT S5 A AR T B, PERR S RIB B S ih WK (p>0.05)
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KB LMCL Jixt T 280, H oot 3R AR B
2 LMCL t-H 56 szib 4t 1
Tab. 2 T-test results of LMCL

F) PTv3 PTv3+LMCL p1E WEE
Earphone 79.26 81.25 0.018 BE
Motorbike 77.42 79.38 0.013 B3
Airplane 87.38 88.12 0.057 E[EE

Table 88.93 89.76 0.062 S/

3.3 E\BXHE
331 iBEXNSEELER

S3DIS HIEELIETEN RN A B XD E], B8 6 MEFIXIN 3D [k,
TP 2.7 42 /i VPG TEAR BL5 12 R RAER R AP 2 IE . (mloW) & H T

ENIRE TR #. S3DIS HHEEE iz F TIAE A E Bk = NI s h iz Ao e
#* 3 KERIE S3DIS HEdE LS T
Tab. 3 Comparative Results of the Models on the S3DIS Dataset

*ﬁ @ mloU Ceiling Floor Wall Window Door Table Chair Sofa
OctFormer 82.00 92.72 98.07 85 60.38 77.83 84.71 90.65 66.67
OctFormer+LMCL 83.03 93.31 98.65 86.32 60.18 79.33 85.07 91.8 69.63
PTV3 83.96 93.61 98.08 86.23 65.21 72.12 84.13 92.33 80.03
PTV3+LMCL 85.48 94.31 98.33 87.77 66.07 75.8 85.65 93.19 82.72

W% 3 fiizs, OctFormer fJ mloU M 82.00 #£F+% 83.03, PTv3 f1 mloU M
83.96 7% 85.48. LMCL MG BURAKIIAE Z R0 b, JEHGRAERZ BRI
ceiling. Window F1 Sofa) Hsr#IPERE F¥ A ERT. EE 5 Fr LA 2| LMCL 7 )&
A by EIvERETREESR T, IXRE LMCL [ Js 3B x L2 IR RE NS A 20 4s & = B Al 1 F 4
JA ERSUE R, AR s R R 2R LA S R R R A B L B e

(@) (b)ground truth (c)PTv3 (d)PTv3+LMCL
5 ANFAMBEAILE S3DIS Hdli s LA x s

Fig. 5 Comparative Results of Different Models on the S3DIS Dataset
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Tab. 4 Hyperparameter Combination
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Fig. 6 Visualization of Decay Curves for Different Parameter Combinations
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Tab.5 The Impact of Hyperparameter Combinations on Point Cloud Segmentation Performance

310

SHAE mloU OA

2,=05, a=0.05 83.82 91.81
20=05, @=0.1  84.19 91.91
20=10, @=0.05 8455 92.06
2,=10, a=0.1  85.48 92.25
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