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fhESAS: TP391 CERFRIRIG: A
Multi-Scale Dual-Branch Dual-Attention-Based KAN Network for Point Cloud

Classification

GU Junhao', ZHANG Sunjie', QIN Chendong®

(1.School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;)
Abstract: Although Transformers have made significant progress in 3D point cloud processing, efficiently and
accurately learning valuable low-frequency and high-frequency information remains a challenge. Moreover, most
existing methods focus primarily on local spatial information, neglecting global spatial information, which leads to
information loss. This paper proposes a novel point cloud learning network, referred to as the Multi-Scale Dual-
Branch Dual-Attention Network. First, in the feature extraction process of the point cloud, compared to methods
that search for neighboring points at a fixed scale, the multi-scale KNN approach not only preserves local
structural details but also more effectively captures global geometric information. Second, this paper introduces a
dual-branch dual-attention architecture to extract different spatial features, proposing a dual-attention mechanism
combining local window attention and global channel content attention to extract low-frequency and high-
frequency information from the network, respectively. Additionally, on this basis, this paper introduces the GR-
KAN layer into the classification head, replacing the traditionally used MLP layer, which allows for more flexible
handling of nonlinear features and makes the network more sensitive to complex datasets. Finally, extensive
experiments demonstrate that the proposed model achieves an accuracy of 93.8% on the ModelNet40 dataset and
86.5% on the ScanObjectNN dataset, showcasing its superior performance and broad application prospects in 3D
point cloud processing.

Keywords: point cloud classification; multi-scale KNN; transformer; GR-KAN; dual-branch
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Fig. 1 Overall network architecture
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Fig. 2 Detailed diagram of feature aggregation block
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Fig. 3 Multi-Scale KNN detailed feature aggregation diagram
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Fig. 4 Local Window Attention framework diagram
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Fig. 5 Global Channel Content Attention framework diagram
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Tab. 1 Shape classification results on ModelNet40

Methods Model Input Size OA(%) mAcc(%)
PointWebF! 1024 92.3 89.4
PointConv!*! 1024 92.5 -
RSCNN & 1024 92.9
Based on CNN KPConv®! 1024 92.9 -
DiffConv!?? 1024 93.1 90.4
FG1e! 1024 93.3 90.7
AdaptConv**! 1024 934 90.7
PointNet™ 1024 89.2 86.0
Others PointNet++2 1024 91.9 88.2
PointNext!*! 1024 93.2 90.6
PointPN!?*! 1024 93.3 -
PATT 1024 91.7 -
PointTrans!®®! 1024 92.8 89.0
Based on 3DCTN#! 1024 93.2 90.7
Transformer pCTW! 1024 93.2 -
DPCT!8 1024 93.4
PointCont!*"! 1024 935 -
Ours 1024 93.8 91.2

AR T S Eseidk ) Transformer. CNN- LK HARVR BE 2 ST Ok 4T 7 b8, R 1. A
KT, £ ModelNetd0 %iidE I, 51 I8y & I HLAIA PointCon TR EL, A STHRE HY I A0E & S H L
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Figure 7. Confusion matrix on the ScanObjectNN dataset
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Tab. 2 Shape classification results on ScanObjectNN

Methods Model Input Size OA(%) mAcc(%)
DGCNNUI 1024 78.1 73.6
Based on CNN FFGE®! 1024 80.0 775
PRANet®! 1024 82.1 79.1
PointNet™ 1024 68.2 63.4
Others PointNet++2! 1024 779 75.4
PointMLP*! 1024 85.7 84.4
Point Transformer™! 1024 77.6 75.3
GBNet!*HLsU 1024 80.5 77.8
Based on PointBert!*4132 1024 83.1 -
Transformer Point-TNT!® 1024 835
PointMAERY 1024 85.2
PointCont!*"! 1024 86.0 -
Ours 1024 86.5 85.0

# 2 7R T ScanObjectNN [1432545 5. X H PointCont™™™ frIBayE 2 /I LA EL, 45 SCR IR 25
FIHUBLRE R R BT T 0.5%, 1E] 7 R0E & A B0 2 . HE L FIRE SR 00 & A7 HL Y Point-TNTE?!
W4, ARSCHEH AT A TERE R LT T 3%, #E—DRI T HAEZ e o MmeEkm: L. &4,
AT ELL 86 5% A E A T AT AL, IR THWEFZ (mAce) J7TmLL 85.0%HfE T {5+
FRGE, BRAE T BT R P 4 1E A B B ST 5 o I R B R T
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ASCRTTEAR 53 A 55 v 7 iR R B T HEAT T VR T . T SR AR R AEAH R I G i B R 3EAT 1Y

T R ey, i BRI 1. 2 A1 5, W] UK I XUIB AL SRS AH BT S iKY maxpooling B
avgpooling &%, 7£ ModelNet40 ¥4 IR/ AIHE T T 0.3%F1 0.8%, MifE ScanObjectNN %44 b
W AFHIFETH T 0.4%F1 5.8%. [ XFELSEES 3. 6 A1 4. 7 ATLARIN, 78St Ak B i 55 ) 48 s in 57 — A
WAy 3, AAFHER EIE A BE AR - 0.2%. IXRIFTEE R RIMT S, A SCHE H I RUh A R 0% /e
AP R S R E R, A RERTHRHMIE RS 1 2 AR AR 1 o

Kskhh 9 S5 6. 7 BHATXEL, RUEE NGB T BERE NG B MRS, BRGNS
FEALHOARFAESR IR . B3R 0E B A H. MBI TURMEE R, DL AR BER S M ZRte e i S 07 H . w254
ANFV IR S A5, OO0 5 LA RE % S N 4 TR bl SR PR 4 SR RS R, (R BERFAE 2 18] 1A RS L,
T TCRME RS, HADRBE REAEIR R P26 o (R P A A 38, TS THE R B & e 5 AR I e . AESEIR b, XU
RANLEIRTR T 0.3%3] 0.7% 10 AEM RS T XTEESEE: 1. 3 FISLER 2. 4, #E—BIE T A B IER
FIHUEI A Rt . i RA maxpooling 733738 & avgpooling 73 3¢ AR INTE & Ak, #RAE R ZHRTHL
PERE.

Eegesess 8 fl 9, W BLE A BTHY GR-KAN 73 28k AHELTAE SN MLP 43383k, fEPI M dE4R B
HIRSBEXA e T, JUHORAE ScanObjectNN #i#fifk L, HEEFETH T 0.5%. XM GR-KAN 44715 %
AR PR R A IR T MLP W%, fERANSEE 9 b, 454 TrA 44, £ ModelNet40 Fl
ScanObjectNN ##i 5 E#HUA T iR, Xt — R T A SO v i P 26 2848 Rt B I HIE i s
I RALSS A R

2R 3. AR A S
Tab.3 Ablation study of different modules

F5  Maxpooling LWA  Avgpooling GCCA MLP GR- ModelNet40 ScanObjectNN
39k KAN  OA(%) mAcc(%) OA(%)  mAcc(%)
1 v N 93.0 90.8 85.7 83.9
2 N N 92.5 89.7 80.3 76.7
3 J J J 933 90.3 85.9 84.1
4 v J J 92.9 90.3 815 78.2
5 J J J 933 90.5 86.0 84.3
6 v N N N 93.5 91.0 86.3 845
7 v N v N 93.1 90.6 86.2 84.3
8 v N N v N 93.5 90.9 86.0 84.1
9 J J J v J 93.8 91.2 86.5 85.0

LR AR SLs: ASCAEAER PRI, 7 AR REZRERSEE . RIFERREAR, HAh
FAFEAMAREL T, 2 REZR KNN LR KNN ZCR#E ModelNetd0 %4 L 0.9%, fE
ScanObjectNN #t#ifE Eimy 1.2%. XA LAUER], ASCH ) 2 RUZ AR BURFIE AT AR RO 5 B 45 A 42 =)
FRATRE IR,

4. [ RUBE TR B i S 56
Tab.4 Ablation study of different scales

ModelNet40 ScanObjectNN
5 PRI ZRE OA[%) mACC(%) OA[%) mACC(%)
1 ; 929 90.2 854 838
2 J 93.8 91.2 86.5 85.0

2 RIS A E SR iE S ASEZ REAF S HA LS 7Rk, DLk 2 RS S 1Y i
HSHLE. Wk 5 Pon, HEISHKE 2 6, 75 ModelNetd0 it Sl 7 fm o KR, mT £
FUEE SRS 1) H K2 SRR R AL, KRR SR 2 TR m, BIR T 026k Re. Bk, #ATEF 2
BEEAE N Z RSN i B EL
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Tab.5 classification results of different parameter setting for the multi-scale strategy

FrEx 1 BB 2 BBt 3 ModelNet40
JE K 43k JUE K 43 U K 4l OA(%)  mAc
c(%)
[0.1,0.2,0.4] [4,8,16] [0.2,0.4,0.8] [8,16,32] [0.4,0.8,1.6] [16,32,64] 93.4 90.5
[0.1,0.2,0.4] [8,16,32] [0.2,0.4,0.8] [16,32,64] [0.4,0.8,1.6] [32,64,128] 93.8 91.2
[0.1,0.2,0.4] [16,32,64] [0.2,0.4,0.8] [32,64,128] [0.4,0.8,1.6] [64,128,256] 933 90.3

Wr Bkt ASCHER 6 s TANFIR BN MTHRNSEIR S R N T VRl IR I AT R, 3R
fIT#£ ModelNet40 A1 ScanObjectNN %4l 4 _EIZ DI T W48 HOTRIE . MSEERSS RATLLE . A 3 MB B
HUE TS R RE, T — DI B2 SINTURE R, RSB N NSHERNMERE,
HEINEY Bt R E RIS 8RR, RS RRAIBIERN 5, BRI BRI T 2 FoK . mifEAL 2

AR LR OB AR BRI W 2 M LU R R IR AL, DRI BRI N X 2% TR B R B2 o DRI, AR SR
EHESHE L METEE, RAEFE T 3D B S5
R 6. AR B LS i6

Table 6. Ablation study on different numbers of stages.

[ B % ¥ (M) ModelNet40 ScanObjectNN
OA(%) mAcc(%) OA(%) mAcc(%)
2 4.99 93.1 89.7 84.6 82.8
3 9.24 93.8 91.2 86.5 85.0
4 18.14 92.9 90.4 86.8 85.3
2.5 AT

N T B U IR SCHR I BV LR T AR, IR B B B AR A ] S0 s s R AR
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Figure 8. Comparison Before and After Local Window Attention

« & L) . .e

. “ "51‘ A‘ o 1':.:‘. Fat: oy : .
T o o ._'.f,;\:;.:}rr.
-:‘-' !-"r ‘ ERPRT LA X o
R e TRNEE
GCCAT = /i GCCAER NG

P 9 42 ey A AV R T JE X EE
Figure 9. Comparison Before and After Global Channel Content Attention
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Figure 10. Visualization of encoder features using MLP classification head and GR-KAN classification head
on the ModelNet40 dataset
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Figure 11. Visualization of encoder features using MLP classification head and GR-KAN classification head
on the ScanObjectNN dataset
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Fig.12 Visualization of clustering results at each stage
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