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Multimodal point cloud analysis network integrating
geometric structural features
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Abstract: Multimodal feature learning has received widespread attention in the point cloud domain, but
the ultimate accuracy of the network in downstream tasks still depends heavily on the design of the point
cloud analysis backbone network. Existing backbone networks fail to focus on compressing the number

of point clouds in the down sampling phase, and it is difficult to efficiently capture multilevel geometric
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structure features in the feature extraction phase. Therefore, to address the above problems, a point cloud
analysis network that incorporated multilevel geometric structure features was proposed, and a
multimodal alignment pre-training strategy was introduced. In the down sampling stage, traditional local
structural features were combined with global attention features to filter out structural key points with
high discriminative power, thus substantially eliminating redundant points with limited contribution to
3D understanding. In the feature extraction stage, a lightweight module was designed to realize the
extraction and adaptive fusion of multilevel geometric structural features in the neighboring domain,
which achieved a good balance between the number of parameters and the richness of the features. In
the pre-training stage, a multimodal feature alignment pre-training strategy for text, image, and point
cloud was introduced to further enhance the performance of the model. The experimental results show
and 87.9% on ModelNet40 and

ScanObjectNN datasets, respectively, which is a significant improvement over both classical and recent

that the network achieves classification accuracies of 94.2%

point cloud analysis networks, and also shows good performance in segmentation tasks.
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Fig.1 Overall framework of the net
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Tab.1 Classification results on ModelNet40

NS mAcc% O0A% SH:
PointNet"” 86.2 89.2 3.5x10*
DGCNN"! 90.2 92.9 1.7x10*

PointMamba"” _ 93.6 12.3x10°*
Mamba3D!""! 91.8 93.4 16.9x10*
ResPOL"" 91.1 93.9 1.5x10°
CrossAlignNet[zzl _ 932 1.2x10"
PointGeo 91.1 94.0 1.8x10"
AcT!™ _ 93.6 _
PointNet++ + ULIP™! 91.2 93.4 1.5x10*
PointBERT + ULIP™! — 94.1 21.9x10*
PointGeo-+ULIP 92.2 94.2 1.8x10"




% 414

AR, &5 RbE TUATRHIE A A2 A 5 0 R 2% 521

A Ko (BRI, AU SR A5
Ziit, PointGeo FIE FE LTl AL L F )
1 ACT FlPointNet++ULIP 7%, W&#T PointBERT +
ULIP 53

i —2, 241{di A ULIP-ShapeNet Triplets % #&
T 2B TN %G, PointGeo+ULIP 7£ OA
BAURTFT 0.2%, {H7E mAce b3R5 T 1% Y
WA, B TR ITENRAERR. )
A, G5 SCAS G i #8 AAE TN 25 B B i 41
WoBr, TEHERRY BO AR, AU B PointGeo ‘B

TR A
-
-

TS TAE. PRk, BRI BRI S i S 8w A
SRIRFEAAR o i T 9 ELULHE 7R CACS 3R,
AR ModelNet40 4328 S50 Hh i 48 T SR A4S
WibAr Tk, Wk s s . RGO FRR ST
M, SR U)ok B (R BE A G B . AT FPS 1X
— BG5S N ORFE T, CACS i) %571
THT DX 355 O 0 RN R BT RS /N U A A, AR
FEARSE ELA LAy (AN g8 50 ) A #aiE X (an
AN ) B OGRS, DT A Je SRR P A it o 2
I E RS A

5 HME-FENMETRETRL

Fig.5 Visualization of curvature-attention cooperative sampling
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Tab.2 Classification results on ScanObjectNN

Hk mAcc% 0A%
PointNet"”’ 63.4 68.2
DGCNN!! — 78.1

SimpleView" _ 80.5+0.3
MaskPoints"™” — 84.6
RepSurf-Ur” — 84.3
CrossA]ignNetm] — 84.5
PointGeo 83.8 85.4
PointBERT +ULIP™” — 86.4
PointGeo+ULIP 86.6 87.9

2.5 ShapeNetPart #1755 _FBIEB 5 £ K16

b T & =522 4E 55, PointGeo [F] ¥ 1E A F
M4 Hl . AR SCHE ShapeNetPart 45 4 I i 17
T A IS, VR AR S A TAR R 7 —
B, AESEH T3 28 IF E (mean intersection over
union per instance, mloUT) FIZEHPE3 58I L (mean
intersection over union per category, mloUC), LI
BAI IoU fH. a4 3 P, PointGeo Ui T
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Tab.3 Ablation study results on ShapeNetPart

A mloUC mloUl ®HL M ¥ ®E fF HHL FH 1 1T WK BEE s P kE BEik mT
PointNet” 80.4 837 834 787 825 749 896 730 915 859 808 953 632 93.0 812 579 728 80.6
DGCNN"" 82.3 852 840 834 877 773 908 71.8 91.0 859 837 953 71.6 941 813 587 764 82.6
PointMLP®” 84.6 86.1 835 834 875 805 903 782 922 881 826 962 775 958 854 64.6 833 843
PointBERT™" 84.1 85.6 843 848 88.0 79.8 910 817 916 879 852 956 756 947 843 634 763 815
CrossAlignNeth 84.2 85.9 84.7 851 89.0 802 912 806 91.6 87.8 853 958 751 948 843 624 767 822
PointGeo 84.5 859 849 847 877 782 921 809 O91.1 882 851 955 749 948 842 665 767 857
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Fig. 6 Visualization of part segmentation results on ShapeNetPart
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Tab. 4 Classification comparison results on ModelNet40

LHA CREET RBJUAEHME  REr EEMRTE %

A FPS fe +ﬁ MAA 93.65
B CACS None None 93.81
C CACS N MAA 93.89
D CACS f‘% MAA 93.86
E CACS o+ frll Add 93.92
FOAI)  cAcs £+ MAA 94.00
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Fig. 7 Comparison of zero-shot classification accuracy

between frozen and unfrozen strategies in the pre-
training stage
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