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ABSTRACT

The increasing number of points in 3D point clouds has brought great challenges for subsequent algo-
rithm efficiencies. Down-sampling algorithms are adopted to simplify the data and accelerate the com-
putation. Except the well-known random sampling and farthest distance sampling, some recent works
have tried to learn a sampling pattern according to the downstream task, which helps generate sampled
points by fully-connected networks with fixed output point numbers. In this condition, a progress-net
structure covering all resolutions sampling networks or multiple separate sampling networks for differ-
ent resolutions are required, which is inconvenient. In this work, we propose a novel learning-based
point cloud sampling framework, named Fast point cloud sampling network (FPN), which drives initial
randomly sampled points to better positions instead of generating coordinates. FPN can be used to sam-
ple points clouds to any resolution once trained by changing the number of initial randomly sampled
points. Results on point cloud reconstruction and recognition confirm that FPN can reach state-of-the-art

performances with much higher sampling efficiency than most existing sampling methods.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

With the rapid development of 3D tasks, point cloud has at-
tracted more and more attentions in computer vision and robots.
However, larger and larger point clouds may limit the efficiency
of related algorithms and ask for more advanced equipment. Sam-
pling the original point clouds to lower resolutions is an alterna-
tive solution to reduce the computational cost. Existing works [1-
3] often use random sampling and the farthest point sampling
(FPS) to down-sample the point clouds. However, the direct sam-
pling methods do not consider down-stream tasks, which limits
their further improvements on task performances. In this condi-
tion, some researchers [4,5] introduce task-oriented optimizations
to guide the sampling process. S-Net [5] generates sampled points
directly by fully-connected networks. Sampled points would be fed
into a pre-trained task network to provide a task-oriented loss. In
this way, the performances of sampled points on specific task net-
work will be improved. To provide supports for different resolu-
tions, [5] also proposes a progress-net structure to generate sam-
pled points with the same number of input points and choose
points from all generated points according to the resolution. Points
of multiple sampling resolutions are then fed into the task net-
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work to get constraints for all resolutions. However, the progress-
net structure actually trains all resolution networks together, which
increases the computational cost and may be inconvenient. To pre-
vent sampled points from deviating original shapes, [5]| projects
generated points to their nearest neighbors in original models.
The task performances would decrease after projection because the
projection is not considered during training. SamNet [4] gets over
this problem by differentiable projection of the generated points
to the original point sets. But it still needs multiple repeated train-
ing processes or a large progress-net structure for sampling under
different resolutions.

In this work, we propose a simple but effective solution for
the sampling under relatively high resolutions where the effi-
ciency should be considered, named the Fast Point cloud sam-
pling Network (FPN). The differences between our work and for-
mer learning-based works are presented in Fig. 1.

We sample points by driving initial randomly sampled points
from non-learning based sampling strategies to better positions in-
stead of generating points directly, which is more concise and ef-
ficient. The discrepancy between progress-net and our method is
presented in Fig. 1-(b) and (c). The progress-net implements for
S-Net [5] and SamNet [4] achieve multi-resolution sampling by
generating points with highest resolutions and choose the first M
ones as M sampled points, while our method can naturally support
sampling under different resolutions by changing the resolution of
initial points. We can see that progress-net always generates use-
less sampled points, while our method can avoid the redundancy
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Fig. 1. (a) shows the differences between learning-based sampling strategies, while
(b) and (c) present the discrepancy between progress-net and our method in multi-
resolution sampling. P, P,, and P are input, output sampled points and intermediate
coordinates, respectively. We assume that we sample M points from N input points.
Blue points and yellow points denote generated and original points, respectively.
S-Net generates sampled points directly, while SamNet projects generated points
to original models by differentiable projection during training. Our work adopts a
different operation to drive existing points instead of generation.

and further improve the sampling efficiency. Besides, we introduce
a Hybrid Training Strategy (HTS) to help FPN adapt to multiple
sampling resolutions by randomly introducing different resolution
sampled points during training. Sampled points are guaranteed to
meet the shape of original point clouds by constraining the driv-
ing distances without direct projection to avoid the performances
reduction. Progress-net optimizes losses of multiple resolutions in
a iteration to constrain all N sampled points, which has large com-
putational cost. By applying HTS in FPN, we can train the network
resolution-by-resolution with relatively low computation cost. Our
contributions can be summarized as:

e We propose a novel learning-based point cloud sampling
framework named fast sampling network (FPN) by driving ex-
isting randomly sampled points to better positions;

e We introduce a hybrid training strategy to help FPN adapt to
different sampling resolutions by randomly introducing select-
ing the resolution of initial points during training;

o The results on point cloud reconstruction and recognition con-
firm that FPN outperforms the existing point clouds sampling
strategies with high sampling efficiency.

2. Related Works
2.1. Point Cloud Learning

Early works [6-8] usually apply 3D CNNs based on voxel rep-
resentation of 3D point clouds. However, 3D volumes can not be
directly acquired. Converting point clouds to 3D voxels is expen-
sive, which also leads to quantization errors caused by losing some
details of the original data. So Qi et al first introduced a point-
based point cloud learning network named PointNet [9]. It pro-
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cesses point clouds with multilayer perceptrons (MLPs) and ag-
gregates features with symmetric functions. PointNet++ [1]| cap-
tures local features by recurrently applying PointNet in local re-
gions acquired by ball query around sampled points. Lots of works
have been proposed based on PointNet and PointNet++ such as
the point cloud analysis [10-13], reconstruction [14-16] or up-
sampling [17,18]. DGCNN [19] builds dynamic graphs by selecting
neighbors with distances between point features, which gets over
the distance limitation of PointNet++. Except methods extracting
features directly based on MLPs, some methods such as Point-
Conv [20] and KPconv [21] use MLPs to assign weights for points
and design corresponding convolution methods.

2.2. Sampling Strategies

Random sampling and farthest point sampling (FPS) [1] are two
widely used point cloud sampling strategies. FPS keeps a sam-
pled point set and cyclically adds the point farthest from the sam-
pled set in the remained parts to the sampled set, while ran-
dom sampling directly down-samples the points by random selec-
tion. Since the development of deep learning, some learning-based
works [4,5] have also been released to enhance the performance
of sampled points for specified tasks such as recognition, recon-
struction and registration. They are optimized with pre-trained
task networks with task-oriented losses. However, the learning-
based methods are still quite limited by the network designa-
tion. [5] adopts fully-connected networks to help generate sampled
points, while [4] differentiable projects the generated points to the
original point clouds to get more practical points distribution. Both
of them need to train a separate network for a resolution. Though
[5] presents progress-net to get sampling networks for all resolu-
tions in a single training process, it actually trains a big genera-
tion network contains all possible resolutions, which generates ex-
tra unused points and may be quite inconvenient.

3. Methodology
3.1. Basic pipeline

The basic pipeline of FPN is presented in Fig. 2. We aggregate
global features from the input points with a set of multilevel per-
ceptions (MLPs) and Max Pooling following PointNet [9]. The global
features would contain information of original models. Then we
sample some initial points with random sampling, which would be
concatenated with global features and combined into merged fea-
tures including information from both initial sampled points and
original models. Finally, the initial sampled points will be concate-
nated again with merged features and fed into MLPs to predict an
offset for each initial point. By moving initial points with predicted
offsets, FPN can get sampled points with any resolution with a
simple and efficient network structure.

If we define the input as X, output as Y, random sampling op-
eration as s(-), concatenation operation as C(-), and the PointNet
structure as f(-), we can present FPN as

{SO = S(Xv T),

1
Y =50 + MLPs(C(f(C(f(X).50)), 50)), W

where sj is the initial randomly sampled points with the resolution
of r. We can see that the final sampling resolution is only decided
by the resolution of initial random sampling, which means that a
universal sampling network can be learned for all resolutions. By
simply selecting different numbers of initial points, the sampling
resolution of FPN can be easily adjusted without changing the net-
work organization.
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3.2. Hybrid Training Strategy

The FPN structure supports sampling different resolution points
by predicting offsets for different number of initial points. We in-
troduce hybrid training strategy (HTS) to help FPN adapt to differ-
ent resolutions, while most existing learning-based works [4,5] re-
quire multiple repeated training processes or redundant networks
to sample point clouds to different resolutions as we mentioned
in Section 1. The achievement of HTS is presented as Algorithm 1.
The resolution of initial points is randomly selected between res-
olutions from N; to N, during each training iteration, which is
adopted to improve the robustness of FPN on multiple resolutions.

3.3. Loss function

The loss fuction of FPN consists of two parts: the task-oriented
loss and range constraint. The task-oriented loss is adopted to
guide the sampling process, while range constraint is introduced
to prevent the sampled points from going too far from the ini-
tial points. The sampled results may deviate the original contour
if sampled points are allowed to go too far. The range constraint
can be presented as

1
Lrc = NZ”SO_SiHZa (2)

where N is the sampling resolution. S; and S, denote initial sam-
pled points and final sampled points, respectively. The final train-
ing loss would be

Lioss = Ltask + ALrc, (3)

while L, denotes the task-oriented loss. For reconstruction-
related tasks, it may be Chamfer Distance or Earth Mover Dis-
tance [22] defined as

Liask = Lcp(S1,52)
— = o minlx—ylle + o Yomin -yl | @)
2\ IS A ves Yz * g1 0% iz |
XeSy XeS,
or

. 1
Liask = L $1,8;) = min — x—odx)|2, 5
task = Lemp (51, 52) poin e }g Ix— )2 (5)

where S; and S, are input and output. ¢ is a bijection from S; to
S,. For classification-related tasks, the task-oriented loss may be
cross entropy defined as

Liask = Lce(p. @) = — Y p(0)log(q(x)), (6)

where x is the data, p, q are the label and predicted distributions.
4. Experiments
4.1. Dataset and implementation details

In this work, we train FPN on ShapeNet part dataset [23].
ShapeNet part dataset consists of 12288/1870/2874 models in the
train/val/test splits from 16 categories following [24,25]. Model-
Net10 and ModelNet40 are subsets of ModelNet [26], which con-
tain 10 and 40 categories models, respectively. ShapeNet, Model-
Net10 and ModelNet40 are all datasets composed of manually re-
constructed CAD models. All point clouds consist of 2048 points
uniformly sampled on mesh models.

We conduct comparisons on point cloud recognition and re-
construction tasks for object models to evaluate the performance
of FPN. Randomly sampling, farthest point sampling (FPS), S-
Net [5] and SamNet [4]| are adopted to compare. To provide a
fair comparison, S-Net [5] and SamNet [4] are trained with the
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Table 1
The number of neurons in networks. fi, f,, f; are modules in Fig. 2.
fi fa f
MLPs (128,256,256) (128,256,256) (128,128,3)
Table 2
The comparison on optimal clustering.
Center Iterations 1 10 100
16 FPS 2.43 2.00 1.98
Ours 2.16 1.98 1.96
32 FPS 1.20 1.02 1.00
Ours 1.11 1.00 1.00

progress-net method. To train FPN, we consider the sampling with
relatively high resolutions between 64 ~ 1024 following settings
of [1,3,15,17]. The network is trained with Adam optimizer under a
learning rate 0.0001.

All experiments and evaluations are conducted on a NVIDIA
2080ti GPU with a 2.9GHZ i5-9400 CPU based on Tensorflow. The
hyper-parameter A is tuned on the validation split of ShapeNet.
Detailed network structures are shown in Table 1.

4.2. Comparisons on reconstruction

In this section, we evaluate the sampling performance based
on the reconstruction network [25] pre-trained on ShapeNet and
measure reconstruction errors on ModelNet10 and ModelNet40.
The qualitative and quantitative results are presented in Fig. 3 and
Fig. 4. Fig. 4-(a) and (b) compare performances of reconstruction
networks trained and evaluated based on CD, while Fig. 4-(c) and
(d) present results trained and evaluated based on EMD. We can
see that our method achieves the lowest reconstruction errors un-
der different resolutions. To provide a more intuitive comparisons,
we also choose a few models from the test data to present a quali-
tative comparison in Fig. 3 by illustrating the reconstruction results
of different sampling strategies under 128 sampled points. We can
see that existing sampling methods may create unexpected defects
on reconstructed results at some continuous regions such as sofa
legs and chair backs as circled, while our method can get over the
flaws by driving more points to the edges of these circled regions.

4.3. Comparisons on real scans

As shapeNet, ModelNet10 and ModelNet40 are all synthetic
data, we also conduct experiments on objects in real scans from
ScannNet in [27] to further explore the effectiveness of FPN. The
results are presented in Fig. 6. We can see that FPN shows clearer
improvements over existing learning-based methods S-Net and
SamNet, which confirms its great robustness.

4.4. Comparisons on recognition

For point cloud recognition [9], we evaluate classification accu-
racy on commonly-used ModelNet10 and ModelNet40 under dif-
ferent sampling resolutions. PointNet [9] networks pre-trained on
corresponding datasets are adopted as the task networks. The re-
sults are presented in Fig. 5. We can see that our method achieves
the highest accuracy on almost all resolutions, which proves the
effectiveness of FPN.

4.5. Discussion about clustering

Except down-stream tasks such as reconstruction or recogni-
tion, down-sampled points can also be adopted as the initial clus-
tering centers. The farthest point sampling (FPS) is an approxi-
mation of centers in k-center clustering problem [28], while K-
means++ is actually a probabilistic implementation of FPS by giving
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Fig. 3. Qualitative comparisons of different sampling strategies.

higher probabilities for farther points. In this section, we compare
performances of optimal clustering between initial centers sam-
pled with FPS and FPN initialized with FPS. The clustering perfor-
mances are measured by average distances between all points and
their clustering centers, while FPN is trained by optimizing the dis-
tances between all points and sampled points. The results are pre-
sented in Table 2. We can see that our network can still enhance
FPS for a better initialization of clustering, which shows more obvi-
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The main differences are circled for clearer demonstration.

ous improvements when the iterations of K-means are smaller. As
the iteration increases, the performances gradually become close
because the influence of initialization becomes weaker.

4.6. Comparisons on sampling efficiency

The sampling efficiency is important for real-world applica-
tions. In this section, we compare the time efficiency of different
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Fig. 4. Reconstruction comparisons between sampling strategies. (a) and (b) denote errors evaluated on ModelNet10 and ModelNet40 for CD-based reconstruction networks,
while (c¢) and (d) show performances of EMD-based reconstruction networks on ModelNet10 and ModelNet40.

sampling strategies under different resolutions between 64~1024.
Though random sampling is a little faster than our method, it of-
ten gets the worst results as shown in Fig. 4 and Fig. 5. FPN out-
performs commonly used sampling strategies such as FPS and S-
Net on task performances, while it is only slower than the random
sampling. From Fig. 8 we can see that FPN is much faster than S-
Net [5] and FPS, which shows its high sampling efficiency.

4.7. How does FPN works?

FPN actually works by driving the initial points sampled by ran-
dom sampling. It would be interesting to observe what does FPN
do to the initial points. In this section, we present a visualization
in Fig. 7. We visualize initial and final sampled points as well as
their reconstruction results based on a pre-trained reconstruction
network [25]. We can see that the initial random sampling may
miss some shapes such as the table leg or the airplane tail due to
the randomness, while FPN can help random sampling more robust
to cover the whole shape. Then the reconstruction performance of
FPN is improved on the missed part.

In short, FPN learns a pattern to change the distribution of ini-
tial points according to the specific task, which can get over weak-
nesses and uncertainty of randomly sampled initial points.

4.8. Ablation Study

Comparison between different sampling organizations. FPN
gets sampled points by driving existing sampled points to better
positions, while former learning-based S-Net and SamNet gener-
ate points with fully-connected networks. To compare the driving
network and fully-connected network, we conduct a group of ex-
periments between the driving and fully-connected networks. The
results are presented in Fig. 9. We can see that the driving network
outperforms the fully-connected network especially on higher res-
olutions. It may be difficult for fully-connected networks to gen-
erate relatively dense points, while our driving network is always
robust for all resolutions.

The influence of range constraint. We conduct an ablation
study for A. Note that this is only conducted to observe the in-
fluence of range constraint weight A on sampling performances in-
stead of the tuning of A, which is chosen according to the val set
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Fig. 7. Visualization of how our network takes effect. Initial randomly sampled points and our driven results are fed into same pre-trained reconstruction network to observe
the performances. Initial and Ours(sam) denote initial and driven sampled points, while offset shows their ways to move. Out(ini) and Out(sam) show the reconstruction
results with initial and our sampled points, respectively.
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introduced in Section 4.1. All experiments are conducted by repeat-
edly training FPN based on parameter-fixed AE [25] following S-
Net and SamNet under different settings. The results are presented
in Fig. 10. We can see that too big or small A both have nega-

Algorithm 1 Training with Hybrid Training Strategy

Input: data X, the number of iterations iter, the number of res-

olutions m;

probq, prob,, - - -, proby =

for i =1 to iter do
Select the resolution r according to probq, - -, probpy;
Train FPN by descending gradient: Vg, Lo (Y 1)

end for

)

S=

11 .

tive influence. Bigger weights limit the driving of initial sampled
points too much to get over all weaknesses, while smaller weights
may cause sampled points to go too far from original shapes and
reduce the performances instead.

5. Discussion about the limitation

As shown in Fig. 5-(b), our method shows relatively inferior
performances at resolutions below 64. FPN may fail to cover the
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Fig. 10. The influence of range constraint.

whole shapes at low resolutions when the initial randomly sam-
pled points miss some thin structures. However, FPN is still mean-
ingful as it can significantly improve the sampling efficiency and
task-oriented performances at relatively high resolutions as shown
in Sections 4.2 and 4.4. We will try more to overcome the limita-
tion in the future work.

6. Conclusion

In this work, we propose a fast point clouds sampling network
(FPN). We use the widely used random sampling to generate initial
points and drive them to more appropriate positions with the net-
work. The sampling resolution of FPN is flexible, which supports
sampling different resolution points with a same network. We in-
troduce hybrid training strategy to enhance the adaptability to dif-
ferent resolutions by randomly selecting different resolutions dur-
ing training. The experiments on point cloud reconstruction and
recognition have demonstrated that FPN can achieve better perfor-
mances than most existing sampling strategies, when it is much
more efficient than many well-performed methods such as FPS, S-
Net [5] and SamNet [4].

Declaration of Competing Interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Data availability

Data will be made available on request.

—a— Fully-Connected
—¥— Drving

O 2 Y
© D% ,\‘Q’L

Fig. 9. Comparison of different sampling network organization. (a) and (b) denote reconstruction errors measured on ModelNet10 and ModelNet40.

222



T. Huang, J. Chen, J. Zhang et al.
Acknowledgment

We thank all reviewers and the editor for excellent contribu-
tions. This work is supported by the Key Research and Develop-
ment Project of Zhejiang Province under Grant 2021C01035.

References

[1] CR. Qj, L. Yi, H. Su, L]J. Guibas, Pointnet++: Deep hierarchical feature learning
on point sets in a metric space, in: Advances in neural information processing
systems, 2017, pp. 5099-5108.

Q. Hu, B. Yang, L. Xie, S. Rosa, Y. Guo, Z. Wang, N. Trigoni, A. Markham, Rand-

la-net: Efficient semantic segmentation of large-scale point clouds, in: Pro-

ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recogni-

tion, 2020, pp. 11108-11117.

C.R. Qi, O. Litany, K. He, LJ. Guibas, Deep hough voting for 3d object detection

in point clouds, in: Proceedings of the IEEE/CVF International Conference on

Computer Vision, 2019, pp. 9277-9286.

I. Lang, A. Manor, S. Avidan, Samplenet: Differentiable point cloud sampling,

in: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition, 2020, pp. 7578-7588.

0. Dovrat, L. Lang, S. Avidan, Learning to sample, in: Proceedings of the

[EEE/CVF Conference on Computer Vision and Pattern Recognition, 2019,

pp. 2760-2769.

A. Dai, C. Ruizhongtai Qi, M. NieBner, Shape completion using 3d-encoder-pre-

dictor cnns and shape synthesis, in: Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition, 2017, pp. 5868-5877.

X. Han, Z. Li, H. Huang, E. Kalogerakis, Y. Yu, High-resolution shape completion

using deep neural networks for global structure and local geometry inference,

in: Proceedings of the IEEE international conference on computer vision, 2017,

pp. 85-93.

D. Li, T. Shao, H. Wu, K. Zhou, Shape completion from a single rghd image, IEEE

transactions on visualization and computer graphics 23 (7) (2016) 1809-1822.

[9] CR. Qi, H. Su, K. Mo, LJ. Guibas, Pointnet: Deep learning on point sets for
3d classification and segmentation, in: Proceedings of the IEEE conference on
computer vision and pattern recognition, 2017, pp. 652-660.

[10] B.-S. Hua, M.-K. Tran, S.-K. Yeung, Pointwise convolutional neural networks, in:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion, 2018, pp. 984-993.

[11] T. Le, Y. Duan, Pointgrid: A deep network for 3d shape understanding, in: Pro-
ceedings of the IEEE conference on computer vision and pattern recognition,
2018, pp. 9204-9214.

[12] Y. Chen, S. Liu, X. Shen, J. Jia, Fast point r-cnn, in: Proceedings of the IEEE
International Conference on Computer Vision, 2019, pp. 9775-9784.

[13] H. Su, V. Jampani, D. Sun, S. Maji, E. Kalogerakis, M.-H. Yang, J. Kautz, Splatnet:
Sparse lattice networks for point cloud processing, in: Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2018, pp. 2530-2539.

[2]

3

[4

5

[6

[7

8]

223

Pattern Recognition Letters 164 (2022) 216-223

[14] Z. Han, X. Wang, Y.-S. Liu, M. Zwicker, Multi-angle point cloud-vae: unsuper-

vised feature learning for 3d point clouds from multiple angles by joint self-re-

construction and half-to-half prediction, in: 2019 IEEE/CVF International Con-

ference on Computer Vision (ICCV), IEEE, 2019, pp. 10441-10450.

C. Wang, B. Samari, K. Siddiqi, Local spectral graph convolution for point set

feature learning, in: Proceedings of the European conference on computer vi-

sion (ECCV), 2018, pp. 52-66.

G. Yang, X. Huang, Z. Hao, M.-Y. Liu, S. Belongie, B. Hariharan, Pointflow: 3d

point cloud generation with continuous normalizing flows, in: Proceedings

of the IEEE International Conference on Computer Vision, 2019, pp. 4541-

4550.

L. Yu, X. Li, C.-W. Fu, D. Cohen-Or, P.-A. Heng, Pu-net: Point cloud upsampling

network, in: Proceedings of the IEEE Conference on Computer Vision and Pat-

tern Recognition, 2018, pp. 2790-2799.

[18] R.Li, X. Li, C.-W. Fu, D. Cohen-Or, P.-A. Heng, Pu-gan: a point cloud upsampling
adversarial network, in: Proceedings of the IEEE International Conference on
Computer Vision, 2019, pp. 7203-7212.

[19] Y. Wang, Y. Sun, Z. Liu, S.E. Sarma, M.M. Bronstein, J.M. Solomon, Dynamic
graph cnn for learning on point clouds, Acm Transactions On Graphics (tog)
38 (5) (2019) 1-12.

[20] W. Wu, Z. Qi, L. Fuxin, Pointconv: Deep convolutional networks on 3d point
clouds, in: Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2019, pp. 9621-9630.

[21] H. Thomas, CR. Qi, J.-E. Deschaud, B. Marcotegui, F. Goulette, L]. Guibas,
Kpconv: Flexible and deformable convolution for point clouds, in: Proceed-
ings of the IEEE/CVF International Conference on Computer Vision, 2019,
pp. 6411-6420.

[22] H. Fan, H. Su, LJ. Guibas, A point set generation network for 3d object re-
construction from a single image, in: Proceedings of the IEEE conference on
computer vision and pattern recognition, 2017, pp. 605-613.

[23] A.XX. Chang, T. Funkhouser, L. Guibas, P. Hanrahan, Q. Huang, Z. Li, S. Savarese,
M. Savva, S. Song, H. Su, et al., Shapenet: An information-rich 3d model repos-
itory, arXiv preprint arXiv:1512.03012 (2015).

[24] Y. Yang, C. Feng, Y. Shen, D. Tian, Foldingnet: Point cloud auto-encoder via deep
grid deformation, in: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2018, pp. 206-215.

[25] P. Achlioptas, O. Diamanti, I. Mitliagkas, L. Guibas, Learning representations and
generative models for 3d point clouds, in: International conference on machine
learning, PMLR, 2018, pp. 40-49.

[26] Z. Wu, S. Song, A. Khosla, F. Yu, L. Zhang, X. Tang, ]. Xiao, 3d shapenets: A deep
representation for volumetric shapes, in: Proceedings of the IEEE conference
on computer vision and pattern recognition, 2015, pp. 1912-1920.

[27] Y. Rao, ]. Lu, J. Zhou, Global-local bidirectional reasoning for unsupervised
representation learning of 3d point clouds, in: Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2020, pp. 5376-
5385.

[28] T.F. Gonzalez, Clustering to minimize the maximum intercluster distance, The-
oretical computer science 38 (1985) 293-306.

[15]

(16]

[17]


http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0001
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0002
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0003
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0004
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0005
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0006
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0007
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0008
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0009
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0010
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0011
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0012
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0013
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0014
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0015
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0016
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0017
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0018
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0019
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0020
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0021
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0022
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0023
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0024
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0025
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0026
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0027
http://refhub.elsevier.com/S0167-8655(22)00335-X/sbref0028

	Fast Point Cloud Sampling Network
	1 Introduction
	2 Related Works
	2.1 Point Cloud Learning
	2.2 Sampling Strategies

	3 Methodology
	3.1 Basic pipeline
	3.2 Hybrid Training Strategy
	3.3 Loss function

	4 Experiments
	4.1 Dataset and implementation details
	4.2 Comparisons on reconstruction
	4.3 Comparisons on real scans
	4.4 Comparisons on recognition
	4.5 Discussion about clustering
	4.6 Comparisons on sampling efficiency
	4.7 How does FPN works?
	4.8 Ablation Study

	5 Discussion about the limitation
	6 Conclusion
	Declaration of Competing Interest
	Acknowledgment
	References


