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Appendix A Implementation Details

Implementation details of the four LAP-enabled networks reported in the main paper, including LAP-PointNet++, LAP-RSCNN,

LAP-DGCNN, and LAP-KPConv, are provided below. In each network, the shared MLP used for mapping the point features to

offset vectors is a three-layer MLPs with batch normalization and ReLU activation after the first and second layers, respectively.

All the data pre-processing, data augmentation, and hyper-parameters settings are kept the same as the original networks.

Appendix A.1 Implementation Details of LAP-PointNet++
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Figure A1 The structure of the LAP-enabled set abstraction level in LAP-PointNet++. For each sampled point, LAP-

PointNet++ gathers the multi-scale neighboring points with three different radii R1, R2, and R3. The features of these scales are

updated with LocalConv and then enhanced by the features of the learned attention points.

LAP-PointNet++ is built upon PointNet++ [1] with multi-scale grouping. For the first and second set abstraction levels in

PointNet++, three sets of features are extracted with different radii and then concatenated together. For the LAP-Conv adapted

into the first set abstraction level of PointNet++, one LAP is learned for each neighborhood grouping scale. The features in each

scale are integrated with the features of learned attention points accordingly and then concatenated together. Besides, PointNet++

concatenates features of points with their coordinates in each layer as the input features. We follow this design and concatenate

features of points with coordinates in both the LAPs Mapping blocks and Attention Features Aggregation blocks. The detailed

structure of this LAP-enabled set abstraction level is shown in Figure A1. The number of input points of LAP-PointNet++ is 1024.

In the first set abstraction level, these points are sub-sampled into 512 points. We use the features of these 512 points to learn

their attention points separately. The neighborhood size k used in KNN to aggregate neighboring features for learned attention

points is set as 16 by default.

Appendix A.2 Implementation Details of LAP-RSCNN

LAP-RSCNN is built upon RSCNN [2] with single-scale grouping, since only the single-scale version of code is released officially.

The structure of the set abstraction level of LAP-RSCNN is similar to that of LAP-PointNet++, except that the RSConv is used as

the LocalConv, which concatenates the absolute coordinates of the sampled points and neighboring points, the relative coordinates

of neighboring points, and the Euclidean distance between neighboring points and sampled points as the input features. We use

LAP-Conv in the first set abstraction level in LAP-RSCNN. The number of neighboring points k is set as 32 for gathering the

neighborhood features for the learned attention points of 512 sampled points. This structure of LAP-enabled set abstraction level

is shown in Figure A2.
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Figure A2 The structure of the LAP-enabled set abstraction level in LAP-RSCNN. LAP-RSCNN uses a single-scale grouping in

each level, where the neighboring points are found within one radius R1.

Figure A3 The structure of the LAP-enabled set abstraction level in LAP-DGCNN. LAPs of LAP-DGCNN are learned in the

feature space, and the features of neighboring points in the feature space are aggregated for the learned attention points.

Appendix A.3 Implementation Details of LAP-DGCNN

LAP-DGCNN is built upon DGCNN [3]. The EdgeConv block used in DGCNN is simply replaced by LAP-Conv. The structure

of each set abstraction level is given in Figure A3. In our implementation, we follow the network structure of DGCNN for

classification on ModelNet40 [4] in the officially released code. Here, the space transform block, which is similar to the T-Net

proposed in PointNet [5], is removed for shape classification. All the activation functions used in LAP-DGCNN are leaky-ReLU

with negative slope = 0.2.

Appendix A.4 Implementation Details of LAP-KPConv
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Figure A4 The structure of the LAP-enabled convolution block in LAP-KPConv.

LAP-KPConv is built upon KPConv [6]. KPConv pre-computes the neighboring points of the sampled points in each layer to

accelerate the training. While the learned offset points are not in the original point cloud, we need to find the neighboring points

for the offset points on the fly. The number of neighboring points is the same as the number of precomputed neighboring points

in each layer. Figure A4 shows the structure of the LAP-enabled convolution block in LAP-KPConv. We use leaky-ReLU with

negative slope = 0.1 for the activation functions in LAP-KPConv.

Appendix B More Visualization
Figure B1 shows the LAPs of LAP-PointNet++ for the part segmentation task on various 3D objects in ShapeNet [7]. Following

the convention in the main paper, we use blue points to indicate the original points and red points to indicate the associated LAPs.

As shape geometries and structures vary within the same semantic part, it is easier to attain consistency with one LAP than

with more LAPs. The bottom row in Figure B1 gives an example. When learning only 1 LAP for the blue dots on similar locations

in the two different guitars, both points are mapped to corresponding LAPs at similar locations; see Figure B1 (a, d). When 2 or

4 LAPs are learned for the same blue points, the resulting LAPs are distributed more irregularly; see (b) vs. (e) and (c) vs. (f) in

Figure B1.

Further, the LAPs help to discriminate nearby points that belong to different semantic parts. In Figure B2, we show nearby

points (blue dots) in various 3D shapes. These points locate on different semantic parts but they are very close to each other.

Hence, it is very challenging for the segmentation network to predict correct labels for them.

With our LAP-enabled networks, we are able to find different attention points (LAPs) to enrich the features of these nearby

points (blue dots); see the LAPs (red dots) in Figure B2.

Since the LAPs for the two nearby points are different, the nearby points can become more discriminative after the feature

aggregation, thus enabling our segmentation network to produce better segmentation results at the parts boundary as compared

with other methods; see the blown-up views in Figure B3. Similarly, the semantic segmentation results can also be improved with

LAPs; see visual comparisons in Figure B4.
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(a) 1 LAP (b) 2 LAPs (c) 4 LAPs (d) 1 LAP (e) 2 LAPs (f) 4 LAPs

Figure B1 Visualization of the LAPs on various 3D objects in ShapeNet for part segmentation, in which we adopt our module

to learn 1 LAP (a, d), 2 LAPs (b, e), and 4 LAPs (c, f). When more LAPs are learned in one module, the LAPs exhibit less

consistent; see (b) vs. (e) and (c) vs. (f) for the two similar shapes in the bottom row. Also, the performance does not increase

with more LAPs, as demonstrated in the experiment (Section 4.3) of the main paper.

Figure B2 Visualization of the LAPs (red dots) for pairs of nearby points (blue dots) on different semantic parts of the same

object. With different LAPs learned for the two nearby blue points, different blue points can be enriched with different features

(from the associated LAPs) for better semantic segmentation; see Figure B3.
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(a) Ground-truth (b) PointNet++ (c) LAP-PointNet++ (d) Ground-truth (e) PointNet++ (f) LAP-PointNet++

Figure B3 Additional part segmentation results on ShapeNet produced by PointNet++ and LAP-PointNet++. We can see the

points incorrectly labeled by PointNet++ near the semantic part boundary by comparing with the ground truths; with the learned

attention points (red dots), our approach can produce more accurate predictions on these points. Please look at the blown-up views

for a better visualization of the segmentation results at the part boundary.

(a) Ground-truth (b) KPConv (c) LAP-KPConv

Figure B4 Visual comparison of semantic segmentation results on S3DIS: (a) ground-truth segmentation results; (b) segmentation

results predicted by KPConv; and (c) segmentation results predicted by LAP-KPConv.
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