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3D Point Clouds

- Application areas:
- Autonomous driving, augmented reality, and robotics

- Structural difference with images:
- Unlike images, which are arranged on regular pixel grids, 3D point clouds are sets embedded in

continuous space
- This precludes immediate application of deep network designs that have become standard in

computer vision, such as networks based on CNNSs.



Previous Work

- Projection Based Networks

- Project 3D point clouds into various image planes, then use 2D CNNs to extract features
- Drawbacks:
- The geometric information inside point clouds is collapsed due to projection
- Underutilize the sparsity of point clouds when forming dense pixel grids on projection planes

- Voxel-Based Networks

- Transform to regular representations is 3D voxelization, followed by convolutions in 3D
- Drawbacks: Incur massive computation/memory costs

- Point-Based Networks

- Deep network structures that ingest point clouds directly: PointNet, PointNet++
- Connect the point set into a graph and conduct message passing on this graph: DGCNN, ECC



In This Work

- We design a Point Transformer layer for point cloud processing, which is invariant
to permutation and cardinality.

- We construct Point Transformer networks for classification and dense prediction on
point clouds, which can serve as general backbones for 3D scene understanding.

- We set the new SOTA on multiple highly competitive benchmarks, outperforming
long lines of prior work.



Methodology
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Point Transformer Layer
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Module Design
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Architecture
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Figure 3. Point transformer networks for semantic segmentation (top) and classification (bottom).



Results



Semantic Segmentation

e S3DIS
e OQutperforms all prior work across OA, mAcc, mioU

Method OA mAcc mloU | ceiling floor wall beam column window door table chair sofa bookcase board clutter
PomntNet [ 25] - 490 41.1 888 973 698 0.1 39 46.3 108 59.0 526 59 403 264 332
SegCloud [36] ~ 574 489 90.1  96.1 699 00 184 384 231 704 759 409 584 130 416
TangentConv [ 5] - 622 526 905 97.7 740 00 20.7 390 313 775 694 573 385 488 398
PointCNN [20] 89 639 573 923 982 794 00 17.6 28 62.1 744 806 317 66.7 62.1 56.7
SPGraph [ 5] 8.4 665 580 894 969 781 00 428 489 616 847 754 698 526 21 522
PCCN [+2] - 67.0 583 923 962 759 03 6.0 69.5 635 669 656 473 689 59.1 46.2
PAT [50] - 708  60.1 930 985 723 10 415 85.1 382 577 836 48.1 67.0 613 336
PointWeb [55] 870 666 603 920 985 794 00 21.1 59.7 348 763 883 469 69.3 649 525
HPEIN [17] 872 683 619 91,5 982 814 00 233 653 400 755 877 585 67.8 656 494
MinkowskiNet [*7] | - 71.7 654 91.8 987 862 00 34.1 489 624 816 898 472 749 744 586
KPConv [17] ~ 728 67.1 928 973 824 00 239 580 690 815 910 754 753 66.7 589
PointTransformer %8 765 704 940 985 863 00 38.0 634 743 89.1 824 743 802 760 593

Table 1. Semantic segmentation results on the S3DIS dataset, evaluated on Area 5.



Semantic Segmentation

e Outperforms across the board

e Several times fewer parameters T Ok ks Gaiol
PointNet [27] 78.5 66.2 17.6

_ RSNet [ 1] - 66.5 56.5

Input Ground Truth Point Transformer SPGraph [15] 85.5 73.0 62.1

PAT [50] - 76.5 64.3

PointCNN [20] | 88.1 756 654
PointWeb [ 7] 873 762  66.7

ShellNet [57] 871 =~ 66R
RandLA-Net[37] | 88.0 820  70.0
KPConv [7] 79.1 706

PointTransformer | 90.2 81.9 73.5

Table 2. Semantic segmentation results on the S3DIS dataset, eval-
uated with 6-fold cross-validation.




Shape Classification

Method input  mAcc OA

3DShapeNets [17] voxel 773 84.7

VoxNet [27] voxel 830 859

Subvolume [26] voxel 86.0 89.2

MVCNN [34] image - 90.1

PointNet [27] point 86.2 8§9.2

PY MOdel Net40 A-SCN [++] point  87.6 90.0
) ) Set Transformer [1 7] | point - 90.4

e Outperforms all prior work in both PAT [50] point - 917
PointNet++ [ 7] point - 91.9

mAcc and OA SpecGCN [40] point -  92.1
PointCNN [20)] point  88.1 922

DGCNN [+1] point 902 922

PointWeb [7] point 894 923

SpiderCNN [49] point - 924

PointConv [46] point - 92.5

Point2Sequence [21] | point 904 92.6

KPConv [ 7] point - 92.9

InterpCNN [27] point - 93.0

PointTransformer point  90.6 93.7

Table 3. Shape classification results on the ModelNet40 dataset.



Shape Classification

Figure 6. Visualization of shape retrieval results on the ModelNet4( dataset. The leftmost column shows the input query and the other
columns show the retrieved models.



Object Part Segmentation

Method cat. mloU ins. mloU
PointNet [ 7] 80.4 83.7
A-SCN [4%] = 84.6
PCNN [47] 81.8 85.1
PointNet++ [27] 81.9 85.1
DGCNN [44] 82.3 85.1
® ShapeNetPart Point2Sequence [ 1] - 85.2
e SOTA instance mloU T i T Y =
e Competitive category mloU Folmony e 828 7
SGPN [47] 82.8 85.8
PointCNN [20] 84.6 86.1
InterpCNN [27] 84.0 86.3
KPConv [ 7] 85.1 86.4
PointTransformer 83.7 86.6

Table 4. Object part segmentation results on the ShapeNetPart
dataset.



Object Part Segmentation

|
Figure 7. Visualization of object part segmentation results on the ShapeNetPart dataset. The ground truth is in the top row, Point Trans-
former predictions on the bottom.




Ablations

Pos. encoding mloU mAcc OA k | mloU mAcc OA Operator mloU mAcc OA
o (6)22 ; ; g ggg ; 2‘7)3 ggg ggg MLP 61.7 686 87.1
absolute : ; : : : : .
MLP+poolin 63.7 71.0 878
relative 704 765 908 16 | 704 765 908 s 3
relative for attention | 67.0  73.0 893 32| 683 750 898 scalar a"em'_on 64.6 719 884
relative for feature | 68.7 744 904 64 | 67.7 741 899 vector attention | 70.4 765  90.8




