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1 Additional Experiments

1.1 Encoding Backbone Replacement

We employ various encoding backbones to extract feature from point clouds.
Dual alignment score (DAS), mean intersection over union (mloU) and part cor-
respondence ratio (PCR) are utilized for evaluation. We conduct the experiment
on ShapeNet [1] dataset.

As witnessed by the Table 1, both the PointConv [4] and PointNet++ [3]
perform well on the three metrics, while the PointNet [2] fails to achieve compet-
itive results. The hierarchical architecture of PointConv [4] and PointNet++ [3]
may explain their success. Specifically, we calculate the average time-per-epoch
of the tree encoding backbones on different categories in Table 2. The batch-
size is set to 6 by default and we train all models with a single NVIDIA GTX
2080Ti GPU. The time cost of PointConv [4] and PointNet++ [3] is greater than
PointNet [2].

1.2 Visualization Results

More visualization results of predicted semantic 3D keypoints by our model are
displayed in Figure. 1. Our method ensures great semantic consistency on several
categories from ShapeNet[1].

1.3 Downstream Task

As is shown in Figure. 2, our keypoints detector can be applied to semantic
shape alignment.
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Table 1: Three metrics on ShapeNet [1] with different encoding back-

bones.

Airplane

Chair

Table

Mean

DAS mIoU PCR

DAS mloU PCR

DAS mIoU PCR

DAS mloU PCR

PointConv [4]
PointNet++ [3]
PointNet [2]

77.2 80.0 87.3
81.0 79.1 81.5
24.1 19.3 304

76.9 67.4 79.4
83.1 68.9 85.2
27.3 194 41.2

78.1 56.2 81.9
78.5 54.1 85.7
26.9 27.2 35.3

774 67.8 82.8
80.8 67.3 84.1
26.1 21.9 35.6

Table 2: Average time-per-epoch (min) of different encoding backbones
on ShapeNet [1]

Airplane Chair Table|Mean

PointConv [4] 19.2 26.5 12.119.2
PointNet++ [3]| 11.7 16.2 7.8 | 119
PointNet [2] | 5.3 9.5 5.8 | 6.9
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Fig. 1: Visualization Results of More Categories on ShapeNet [1]

Keypoints Correspondence Semantic Shape Alignment

Fig. 2: Semantic shape alignment with our predicted semantic key-
points.



