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Point Cloud Classification Based on Separable Transformer

Liu Chenghui, Li Guangping
(School of Information Engineering, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Transformer tends to take advantage of capturing remote dependencies to extract relational interactions
at remote points of the point cloud, ignoring important local structural details, and achieves high performance by
significantly increasing the computational burden. To alleviate this problem, we propose a separable Transformer
point cloud classification method, named Sep-point, based on the idea of separable visual Transformer. The
proposed Sep-point facilitates sequential local-global relational interactions within and between groups of point
clouds through depth-separable self-attention. New location token embedding and group self-attention methods are
used to compute inter-group attentional relationships with negligible computational cost and to establish telematic
interactions across multiple regions, respectively. In this way, the local-global features are extracted while the
computational burden is significantly reduced. Experimental results show that the proposed Sep-point improves the
classification accuracy by 0.2% on the ModelNet40 dataset over the existing PCT (Point Cloud Transformer) and
by 6.3% on the real ScanObjectNN dataset, respectively. Moreover, the number of network parameters and FLOPS
metrics are reduced by 0.72M and 0.18G, respectively. These experimental results clearly demonstrate the

promising effectiveness of our proposed method.
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Table 1 Classification performance of different methods on the

ModelNet40 dataset
R N R N AR/ BARUERN R/ % T HHER /%
PointNet!"* P 1 89.2 86.0
PointCNN!' p 1 92.5 88.1
SpiderCNN® P 1 92.4
PointConv'"” P+N 1 92.5
KPConv"™” P 7 929
DGCNN™ P 1 92.9 90.2
RS-CNN®" P 1 92.9
PointASNLPY PN 1 93.2
Point-TnT"” P 1 92.6
PointStack™” P 1 93.3 89.6
PointNet++"! P 1 90.7
PCT™! P 1 93.2 90.2
Sep-point P 1 934 90.9
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Table3 The performance and computational resource
requirements of different classification networks on the

# 2 ScanObjectNNHHEEE FAF 7250 1tk R

Table 2 Classification performance of different methods on the

ModelNet40 dataset

Hom Params o opgG bR, AN
M /ms
PointNet!" 3.47 0.45 89..2 13.6
PointNet++"" 1.48 0.77 90.7 184
DGCNN!'® 1.81 243 92.9 85.8
PCT™ 2.88 228 93.2 213
Sep-point 2.16 2.10 93.4 173

ScanObjectNN dataset
TR MANSHE/K RRERRY% PR %

PointNet"* 1 68.2 63.4
PointCNN! 1 78.5 75.1
DGCNN!'™ 1 78.1 73.6
DRNet""! 1 80.3 78.0
GBNet™ 7 80.5 77.8

Simpleview™ 1 80.5

MVTNP 1 82.8

PointBERT™ 1 83.1
PRA-Net"*®! 1 82.1 79.1
Point-TnT"”! 1 83.5 81.0
PointNet++"’ 1 77.9 75.4
PCT® 1 79.4 76.7
Sep-point 1 84.2 82.5

333 HHE RS

N T 10 BH HH Sep-pointZH il 73 2 M 25 I M RE AT B
RN, 73 R REATH SRR SR M R AN 3 s, AN 3C
I LG R B p I HA(FLOPs, H.6 AM) WS
HH & (Params, ®.07 NG) LK) ZE(Latency , 5474
ms) , 73BT T AL 73 8 0 28 55 AR T LA L4 I 28 1)

334 Hakib

N T BB R A A A R AR5 BAE
ModelNet40. ScanObjectNNE & L X B 34T T
THRRET T, SRS IR 2 S0 AR A ) S i B .
BPFAL 7 Sep-point 4 N H v S JI(LSA) A TH] H E
T J1(GSA)FIL B 4 Ui N (LTE ) BCHOG A M B 1Y)
SZMA, Y kSIS 45 SR NRAFTR .

& 4 Sep-pointyH Rl SZLS 45
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ModelNet40 ScanObjectNN
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i sit) LSA GSA LTE

\ Vo931 901 82.2 79.7
\ Vo933 907 83.1 80.9

93.0  89.8 80.8 78.0

v N N 934 909 84.2 82.5
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feature information
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