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Background

Algorithm-Level Applications
• Shape classification
• Object detection
• Semantic segmentation

System-Level Applications
• Autonomous driving
• Robotics
• VR & AR
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Challenges

Point Cloud Irregularity
• Uneven distribution
• Difficult surface representation

Computational Complexity
• Complex feature extractors
• Large-scale point cloud analysis
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Related Works: Point Cloud Analysis
Intermediate Voxels
• Voxnet [1], Voxelnet [2]
• Loss of fine-grained details

Raw Point Cloud
• PointNet [3], PointNet++ [4]
• Better detail preservation

Irregularity Unsolved -> Poor Accuracy
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Related Works: Point Cloud Geometry
Local Geometry
• PointConv [5]: density functions
• EdgeConv [6]: graph nodes

Global Geometry
• PointASNL [7]: local-nonlocal module
• CurveNet [8]: curve-based guided walk

Complex Optimization → Poor Latency
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Workflow
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Figure 1: The workflow of PointNorm for shape classification and part segmentation.
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DualNorm
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Figure 2: Overview of DualNorm (Point Normalization + Reverse Point Normalization).
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Standard Deviation Analysis
Suppose 𝛼i is a parameter, 𝜎i is the standard deviation, and Δ = 𝛼i

𝜎i
.

σ < α

�����

������

�����
������

σ > ασ = α� � � � � �

△>1     Push △=1     Stay △<1     Pull

Figure 3: PointNorm’s ‘push-and-pull’ strategy for optimizing the point cloud density.
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Optimization Landscape Analysis
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Figure 4: Optimization Landscape Analysis with Loss, OA, mAcc, and Gradient
Predictiveness.
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Implementation Details
• AdamW
• Cosine Annealing
• Initial lr = 1e-2
• Final lr = 1e-4
• Batch Size = 32
• Embedding Dimension = 64
• Cross Entropy + Label Smoothing
• Random Rotation + Translation
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Ablation Studies: Quantitative
OA
(%)

mAcc
(%)

FLOPs #Params
Train
Time

Test
Time

Layer
Number

24 86.5 85.2 8.71G 7.30M 99 9
40 86.8 85.6 14.59G 12.63M 145 13
56 86.7 85.0 20.48G 17.95M 190 16

Bottleneck
Ratio

0.25 85.9 84.5 5.79G 4.65M 99 9
0.50 86.6 85.4 8.72G 7.31M 111 10
1.00 86.8 85.6 14.59G 12.63M 145 13
2.00 86.6 85.1 26.34G 23.27M 205 17

Local/Global LMGS 86.8 85.6 14.59G 12.63M 145 13
LMLS 81.2 78.3 14.59G 12.63M 145 13
GMLS 25.1 16.8 14.59G 12.63M 143 13
GMGS 78.4 75.5 14.59G 12.63M 143 13

Norm. w/o PN 80.7 77.8 14.59G 12.63M 136 12
w/o RPN 85.6 84.1 14.59G 12.63M 141 12
w/ both 86.8 85.6 14.59G 12.63M 145 13
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Ablation Studies: Qualitative
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Figure 5: Loss Landscape [9] along two random directions for different PointNorm variants.
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Shape Classification: Quantitative
ModelNet40 [10] ScanObjectNN [11]Method Publication Input

OA (%) mAcc (%) OA (%) mAcc (%)
#Params Train

Speed
Test

Speed
PointNet [3] CVPR 2017 1k 89.2 86.0 68.2 63.4 3.47M - -

PointNet++ [4] NeurIPS 2017 1k 90.7 88.4 77.9 75.4 1.48M 223.8 308.5
PointCNN [12] NeurIPS 2018 1k 92.5 88.1 78.5 75.1 - - -

DGCNN [6] TOG 2019 1k 92.9 90.2 78.1 73.6 1.82M - -
RS-CNN [13] CVPR 2019 1k 92.9 - - - 2.38M - -
PointConv [5] CVPR 2019 1k 92.5 - - - 18.6M 17.9 10.2
KPConv [14] ICCV 2019 7k 92.9 - - - 14.3M 31.0 80.0

PointASNL [7] CVPR 2020 1k 93.2 - - - 10.1M - -
Grid-GCN [15] CVPR 2020 1k 93.1 91.3 - - - - -

DRNet [16] WACV 2021 1k 93.1 - 80.3 78.0 - - -
PAConv [17] CVPR 2021 1k 93.6 - - - 2.44M - -
CurveNet [8] ICCV 2021 1k 93.8 - - - 2.04M 20.8 15.0
GDANet [18] AAAI 2021 1k 93.4 - - - 0.93M 26.3 14.0
PRANet [19] TIP 2021 1k 93.2 90.6 81.0 77.9 - - -

PointMLP [20] ICLR 2022 1k 94.1 91.3 85.4 83.9 12.60M 47.1 112.0
RepSurf-U [21] CVPR 2022 1k - - 84.6 81.9 1.48M - -

PointNorm 1k 94.1 91.3 86.8 85.6 12.63M 58.2 140.0
PointNorm-Tiny 1k 93.5 90.6 85.3 83.6 0.68M 196.4 420.0
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Part Segmentation: Quantitative

Method Inst.
mIoU

Cls.
mIoU

air-
plane bag cap car chair aero-

phone guitar knife lamp laptop motor-
bike mug pistol rocket skate-

board table

PointNet [3] 83.7 80.4 83.4 78.7 82.5 74.9 89.6 73.0 91.5 85.9 80.8 95.3 65.2 93.0 81.2 57.9 72.8 80.6
PointNet++ [4] 85.1 81.9 82.4 79.0 87.7 77.3 90.8 71.8 91.0 85.9 83.7 95.3 71.6 94.1 81.3 58.7 76.4 82.6

PCNN [22] 85.1 81.8 82.4 80.1 85.5 79.5 90.8 73.2 91.3 86.0 85.0 95.7 73.2 94.8 83.3 51.0 75.0 81.8
DGCNN [6] 85.2 82.3 84.0 83.4 86.7 77.8 90.6 74.7 91.2 87.5 82.8 95.7 66.3 94.9 81.1 63.5 74.5 82.6

PointCNN [12] 86.1 84.6 84.1 86.5 86.0 80.8 90.6 79.7 92.3 88.4 85.3 96.1 77.2 95.2 84.2 64.2 80.0 83.0
RS-CNN [13] 86.2 84.0 83.5 84.8 88.8 79.6 91.2 81.1 91.6 88.4 86.0 96.0 73.7 94.1 83.4 60.5 77.7 83.6

SyncSpecCNN [23] 84.7 82.0 81.6 81.7 81.9 75.2 90.2 74.9 93.0 86.1 84.7 95.6 66.7 92.7 81.6 60.6 82.9 82.1
SPLATNet [24] 85.4 83.7 83.2 84.3 89.1 80.3 90.7 75.5 92.1 87.1 83.9 96.3 75.6 95.8 83.8 64.0 75.5 81.8
SpiderCNN [25] 85.3 82.4 83.5 81.0 87.2 77.5 90.7 76.8 91.1 87.3 83.3 95.8 70.2 93.5 82.7 59.7 75.8 82.8

PAConv [17] 86.1 84.6 84.3 85.0 90.4 79.7 90.6 80.8 92.0 88.7 82.2 95.9 73.9 94.7 84.7 65.9 81.4 84.0
PointMLP [20] 86.1 84.6 83.5 83.4 87.5 80.5 90.3 78.2 92.2 88.1 82.6 96.2 77.5 95.8 85.4 64.6 83.3 84.3

PointNorm 86.2 84.7 82.7 84.9 88.9 79.8 90.2 81.9 91.6 87.4 82.9 95.8 78.4 95.5 84.5 65.6 81.4 83.8
PointNorm-Tiny 85.6 84.5 82.9 88.0 89.7 79.3 90.1 79.9 91.6 87.7 82.4 95.8 76.3 95.0 83.5 64.6 81.9 83.5

Table 1: Part Segmentation Result on ShapeNetPart [26].
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Part Segmentation: Qualitative

Figure 6: GT, PointNorm, PointNorm-Tiny.
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Semantic Segmentation: Quantitative

Method S3DIS 6-Fold S3DIS Area-5 #Params FLOPs
mIoU mAcc OA mIoU mAcc OA

PointNet [3] 47.6 66.2 78.5 43.2 52.6 77.8 1.7M 4.1G
PointWeb [27] 66.7 76.2 87.3 60.2 66.6 87.0 - -
KPConv [14] 70.6 79.1 - 67.1 72.8 - 14.9M -

PointASNL [7] 68.7 79.0 88.8 62.6 68.5 87.7 22.4M 19.1G
RPNet 70.8 - - - - - 2.4M 5.1G

DSPoint 63.3 70.9 - - - - - -
PointNet++ 54.5 67.1 81.0 52.6 63.1 82.3 0.969M 1.00G
PointNet++

(w/ DualNorm)
62.7 73.8 85.7 57.6 68.2 88.4 1.006M 1.05G

(w/ DualNorm) ↑8.2 ↑6.7 ↑4.7 ↑5.0 ↑5.1 ↑6.1 ↑0.037M ↑0.05G
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Semantic Segmentation: Qualitative

Figure 7: PointNet++, PointNet++ (w/ DualNorm), GT.
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Conclusion
Summary
• DualNorm: Point Norm. + Reverse Point Norm.
• Normalization solves irregularity
• Local mean and global std. improves efficiency

Future Works
• Object Detection (SUN RGB-D [28])
• Outdoor Semantic Segmentation (SemanticKITTI [29])
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