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Abstract

This paper describes an attention-driven approach to 3-D

point cloud sampling. We establish our method based on

a structure-aware attention discriminant analysis that ex-

plores geometric and semantic relations embodied among

points and their clusters. The proposed attention discrim-

inant sampling (ADS) starts by efficiently decomposing a

given point cloud into clusters to implicitly encode its struc-

tural and geometric relatedness among points. By treating

each cluster as a structural component, ADS then draws on

evaluating two levels of self-attention: within-cluster and

between-cluster. The former reflects the semantic complex-

ity entailed by the learned features of points within each

cluster, while the latter reveals the semantic similarity be-

tween clusters. Driven by structurally preserving the point

distribution, these two aspects of self-attention help avoid

sampling redundancy and decide the number of sampled

points in each cluster. Extensive experiments demonstrate

that ADS significantly improves classification performance

to 95.1% on ModelNet40 and 87.5% on ScanObjectNN and

achieves 86.9% mIoU on ShapeNet Part Segmentation. For

scene segmentation, ADS yields 91.1% accuracy on S3DIS

with higher mIoU to the state-of-the-art and 75.6% mIoU on

ScanNetV2. Furthermore, ADS surpasses the state-of-the-art

with 55.0% mAP50 on ScanNetV2 object detection.

1. Introduction

Point cloud sampling is an essential step for designing

practical solutions to the respective 3-D computer vision

applications. While existing such techniques mostly rely

on utilizing distance-based geometric information to yield

efficient sampling, their main drawback is the lack of con-

sideration of both the semantic and the structural aspects

of the underlying point cloud distribution, as shown in Fig-

ure 1. We aim to introduce a cluster-based formulation that

leverages the proposed discriminant attention analysis to

implicitly achieve structure-aware point cloud sampling.

With the great success of deep learning in solving 2-D

computer vision problems, many studies now have turned
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Figure 1. Overview. Unlike distance-based sampling strategies,

e.g. Farthest Point Sampling (FPS), the proposed structure-aware

Attention Discriminant Sampling (ADS) explores both geometric

and semantic information to improve representation learning and

sampling efficiency for 3-D point clouds.

to dealing with realistic and challenging 3-D tasks. It is

known that 3-D data can often be represented in various

formats, including depth images, volume grids (voxels), mul-

tiple flat polygons (meshes), and point clouds. Among them,

point clouds are raw data obtained by scanning objects with

instruments, e.g., LiDAR scanners and multibeam sonars.

Depending on the functionality of the instrument, the point

coordinates can be accompanied with other useful informa-

tion such as colors and normal vectors. As the point cloud

representation retains original geometry information with-

out any distortion, it is suitable for various applications that

require 3-D scene understanding, including autonomous nav-

igation, virtual reality, robotics, etc. However, the irregular

and unstructured data format often makes learning directly

from raw 3-D point clouds inefficient. Previous approaches

have addressed this issue of vast computation via prepro-

cessing, for example, by projecting point clouds to depth

images [37, 38] and enabling CNNs to tackle the resulting

tasks. The other feasible reduction is to consider voxelization

by simplifying the data into rasterized grid [27, 8, 49], which

is applicable to 3-D convolutional networks. Although such

attempts could ease the computation demand, they may still

lead to unstable performance when dealing with intricate
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Figure 2. The proposed Attention Discriminant Sampling (ADS) framework comprises three main processes: clustering, attention, and

sampling. Unlike the conventional Set Abstraction (SA) module, ADS initially groups the points via clustering, which serves to implicitly

identify parts or objects within the entire scene. The subsequent sampling step is then cluster-wise performed by taking account of the

attention responses from within-cluster and between-cluster evaluations, the size, and the complexity of each cluster to determine the

respective sampling ratio. Taking, for example, sampling with ADS as input for part segmentation, we show the performance gain (yellow

bar) and a performance upper bound (orange bar) when replacing the clustering outcome in ADS with exact information of part labels.

scenes or objects of complex shapes.

As one of the pioneer frameworks on learning with point

clouds, PointNet [30] is developed to extract point features

directly from the raw data. It overcomes the unordered prop-

erty of a point cloud via the use of a simple symmetric func-

tion (i.e., max pooling), and yields invariant representation

through the proposed T-net with coordinates transformation.

However, PointNet does not model local context well and

may not capture objects of various scales properly. The im-

proved version, PointNet++ [32], is therefore introduced; it

employs hierarchical learning architecture that consists of

several set abstraction layers. Such layers apply sampling

and grouping to abstract local regions and achieve the bal-

ance between efficiency and performance. From the two

frameworks and their related applications, the effective use

of point cloud sampling to the end results of downstream

tasks has emerged as a crucial factor. While the majority

of point cloud techniques, including [30, 32], adopt farthest

point sampling (FPS) [29], we are motivated to develop

a point-cloud sampling strategy beyond the perspective of

distance-based reasoning.

The main idea behind our approach is motivated by the

observation that point cloud sampling could better repre-

sent the original raw data if information about the structural

components and complexities of the underlying object has

been made available. Suppose that for each object part we

know its corresponding points, the semantic complexity, and

relatedness to other components. Such information can then

be used to decide how to apportion the specified number

of points for sampling, while retaining its object structure

properly. In practice, the structural information is often

not present; however, it is reasonable to group the points

into clusters and design an efficient cluster-based sampling

scheme that is designed to conceptually approximate the

above-mentioned ideal case. To simultaneously explore se-

mantic and geometric properties of a point cloud, we intro-

duce attention discriminant sampling (ADS) that leverages

feature similarities with spatial relationships to select those

points that are representative in both aspects and induce less

redundancy. As shown in Figure 1, the proposed ADS first

divides a point cloud into clusters, and enables the algorithm

to consider sampling at point-wise and cluster-wise levels.

Our method then calculates self-attention relations of the

points within each cluster and between clusters to determine

how the sampled points are distributed among the clusters.

Unlike other attention-based 3-D approaches [52, 59] that

only consider the points within each subset obtained by far-

thest point sampling (FPS) [29], ADS assesses semantic

and geometric relations of the points locally (within each

cluster) and globally (between clusters) and utilizes these

self-attention responses to achieve effective and representa-

tive point-cloud sampling. Figure 2 illustrates the advantage

of the ADS scheme for the downstream task of part segmen-

tation, compared with the performance upper bound obtained

when part information is provided for the sampling step.

2. Related work

3-D point cloud representation. High-quality represen-

tation is crucial to achieve good performance for 3-D point

cloud tasks. According to the central data format, rel-

evant literature can be divided into image-based, voxel-

based, and point-based. Image-based approaches, such as

MVCNN [39], SimpleView [11], and MVTN [12], trans-

fer a 3-D point cloud into various 2-D views to learn their

underlying model. On the other hand, 3DShapeNet [49],

VoxNet [27], Subvolume [31] and O-CNN [43] map

points into voxels for solving the tasks with 3-D convo-

lutional networks. To alleviate representation constraints,

point-based methods, e.g., PointNet++ [32], RepSurf [35],

PointMLP [26], PointNeXt [33] and MaskPoint [21], deal



with original unordered points. Our work also learns the

representation directly from point clouds in that the raw data

include all the available information and can be coupled with

a task-specific head for end-to-end training.

Point cloud sampling. Due to the computational demand,

subset sampling for point cloud applications is a key step for

practical implementations. The FPS [29], which is agnostic

to downstream tasks, is considered the de facto technique,

and has been widely used in mainstream frameworks, e.g.,

PointNet++ [32]. Chen et al. [5] further consider semantic

features to improve FPS. To couple the sampling procedure

with specific downstream tasks, learnable sampling mod-

els have been established to account for the task-specific

objectives. Take, for example, that Dovrat et al. propose

a data-driven sampling model that yields sampled subsets

by optimizing with respect to the reconstruction error and

the downstream task loss [9]. In [19], Lang et al. introduce

the SampleNet model that explores differentiable relaxation

to produce sampling points from the weighted average of

input points. Cheng et al. [6] develop a meta-sampler that

can rapidly adapt to various datasets or tasks with a meta-

learning technique. Still, the lack of sampling techniques to

comprehensively take account of both geometric and seman-

tic relations of a point cloud could be an issue for further

advancing the progress of this emerging research field.

Self-attention on point clouds. Transformer-based tech-

niques have been recently applied in solving various point

cloud applications, including object detection [13, 3, 57, 45],

segmentation [18, 46] and registration [53, 34]. The Point-

Transformer series [59, 48] utilizes a subtraction-based at-

tention block to improve classification and segmentation.

PAT [52] proposes group shuffle attention to replace multi-

head attention for learning point-wise relationship efficiently.

To expand the receptive field of the transformer, He et al. [13]

develop a voxel-based set transformer that achieves linear

complexity to the number of points. In [18], the authors

introduce a hierarchical structure to enlarge the receptive

field and shift windows to attain interactive information be-

tween windows. Our method instead considers establishing

within-cluster and between-cluster self-attention blocks for

retaining local and global features of a point cloud, and

achieves structure-aware representative sampling from the

geometric and semantic perspectives.

3. Our method

Different from the widely adopted FPS, the proposed

sampling method considers not only the Euclidean distance

based geometric relation between 3-D points but also the self-

attention induced semantic relation from their features. More

importantly, to implicitly retain the structural information,

ResidualSet Attention Module (asymmetric)

SAM

Figure 3. The architecture of Set Attention Module (SAM). The

asymmetric version of SAM is also included and marked in green.

we consider a cluster-based formulation where in the ideal

scenario the resulting point clusters would correspond to the

parts of an underlying object. To this end, we first group

a given point cloud into clusters and then compute within-

cluster and between-cluster self-attention to determine the

number of points to be sampled and the selection outcome

in each cluster. This way we establish attention discriminant

sampling (ADS) and achieve a compact and representative

reduction of a dense point cloud for downstream tasks.

3.1. Problem setting

We represent a given point cloud as a set of 3-D points,

P = {pi}ni=1 ∈ R
n×3, and n is the total number of points.

As n is typically large for most applications of interest, our

goal is to establish a general and effective sampling scheme

to extract from P an m-point representative subset,

P̂ = {pî1
, . . . ,pîm

} ⊆ P, (1)

where |P̂| = m≪ n and the subscript î 7→ j ∈ {1, . . . , n}
is specified by the resulting one-to-one index mapping.

Among the numerous ways to carry out point cloud sam-

pling, a sampling scheme and the resulting P̂ are preferable

if they respect the following useful properties.

• The m sampled points in P̂ are obtained by preserving

object structure and reducing redundancy in the context

of both geometric and semantic perspectives.

• For each reasonable value of m, the more effective a

sampling scheme is, the better reconstruction result can

be achieved from P̂ to the original point cloud P .

• The design of point cloud sampling is generic and can

be readily plugged into various network models for a

broad spectrum of downstream tasks.

3.2. Set attention module

As the self-attention mechanism is the key operation

throughout our network model, we begin by describing our

set attention module (SAM), and the details can be found

in Figure 3. Analogous to [42], SAM first projects a set

of input features X = {xi}Ni=1 ∈ R
N×d to three different



embeddings, namely, Q = {qi}Ni=1, K = {ki}Ni=1, and

V = {vi}Ni=1 in R
N×d. (Note that xi is the feature vector

of point pi.) The self-attention over X and the resulting

features are computed by

attn(X) =
QKT

√
d

+B ∈ R
N×N , (2)

SAM(X) = softmax(attn(X))V ∈ R
N×d, (3)

whereB = [bij ] includes relative bias factors bij between pi

and pj . Inspired by [23], we add a two-layer MLP, denoted

as g(·), to predict the bias factor instead of adopting a lookup

table. To fully explore the relative geometric information

between each pair of points, the input to the bias network

module g includes their relative position and the included

angle between the normal vectors. We have

B = g( log(∆x,∆y,∆z,∆θ) ) ∈ R
N×N , (4)

where ∆x,∆y,∆z and ∆θ represent all the pairwise off-

sets of relative positions and relative normal angles, i.e.,

arccos(Normal(pi),Normal(pj)), respectively.

3.3. Point cloud clustering

The first step of our approach is to divide a point cloud

into clusters. We consider mean shift clustering [7] to group

the point set into distinct modes and take these cluster centers

as the initial seeds for subsequent analysis. At each iteration

of clustering, the algorithm calculates the so-called mean-

shift vector m(p) for each point p by

m(p) =

∑
pi∈N (p)G(pi − p)pi∑
pi∈N (p)G(pi − p)

, (5)

where G is a Gaussian kernel with the bandwidth parameter

h, and N (p) comprises a specified neighborhood of point p.

With the expression of mean-shift vector in (5), the iterative

clustering updates each point p as follows:

p← p+m(p). (6)

The algorithm iterates the above two steps (5) and (6) until

the convergence of a mean-shift vector. For a given point

cloud P = {p1, ...,pn}, the mean-shift clustering divides P
into K clusters with the center set,O = {po1 , . . . ,poK}. In

all the experiments, our implementation sets the bandwidth h
to 1.5 cm and the maximum number of mean-shift iterations

to 300. For simplification, we restrict the maximum number

of clusters of a point set P to be less or equal to m/4.

In an ideal scenario that the point clusters by mean shift

did correspond to object parts or instances of thing and stuff

in a scene, the effectiveness of sampling could then be signif-

icantly boosted by taking account of such useful information,

as depicted in Figure 2. The practical outcome is far from

the ideal case in that these clusters are obtained solely based

on the geometric relation of distances between points, but

neglecting the semantic relation from the underlying fea-

tures. Nevertheless, the procedure of point grouping enables

our cluster-based formulation and plays a central role in the

proposed attention discriminant sampling (ADS).

3.4. Cluster discriminant attention

The resulting K clusters empower designing attention-

driven sampling beyond the point level. Specifically, we con-

nect the sampling strategy with two aspects of self-attention:

within-cluster and between-cluster. The former reflects the

semantic complexity entailed by the learned features of

points within each cluster, while the latter reveals the se-

mantic similarity between clusters. It turns out that the two

kinds of attention responses are informative for deciding

how our algorithm achieves point cloud sampling.

Within-cluster self-attention. Discriminant attention

analysis within each cluster is to determine its semantic com-

plexity from the distribution of self-attention responses. To

efficiently carry out such evaluation, we consider, for each

cluster center poc , a k-point neighborhood Nk(poc) and

compute its set attention matrix attn(Nk(xoc)) ∈ R
k×k as

in (2). By taking average pooling along the column direction,

we obtain a within-cluster attention vector AW (poc) of k
entries, each of which reflects a point’s average semantic

relatedness to all points in Nk(poc). To quantitatively mea-

sure the semantic complexity of cluster c, we compute from

AW (poc) the standard deviation σc for the distribution of

self-attention responses. In the ADS scheme, σc is positively

correlated to the number of points to be sampled from cluster

c. Notice that although the above computation is performed

cluster-wise, we deploy a weight-sharing SAM module over

the K clusters to retain a compact network model.

Between-cluster self-attention. We first need to come up

with a representative feature vector for each cluster c. Instead

of simply using the feature vector xoc of the cluster center

poc , we prefer a more robust feature representation that

accounts for the underlying feature distribution. To this end,

we exploit the available within-cluster evaluation and obtain

k aggregated feature vectors from SAM(attn(Nk(xoc))) ∈
R

k×d. We then perform average pooling over the k features

to yield the global feature vector fc ∈ R
d for cluster c.

To compute between-cluster self-attention, we again ap-

ply the SAM operation over the set of K global feature

vectors and derive the set attention matrix attn({fc}Kc=1) ∈
R

K×K . We assess the semantic similarity of cluster c to

other clusters by summing the self-attention values in row

c of the between-class attention matrix. This step results in

a set of semantic similarity measures {sc}Kc=1. Opposite to

the effect of σc, the value of sc is negatively correlated to



the number of points to be sampled from cluster c since it

reflects the degree of semantic redundancies among clusters.

The robustness of learning within-cluster and between-

cluster self-attention can be consolidated by adding a regular-

ization effect on the K cluster-wise (global) feature vectors

{fc}Kc=1 as they form the bridge between the two aspects of

computation. Our motivation is that if these feature vectors

are sufficiently representative, it should be possible to ob-

tain from them a reasonable reconstruction P̃ to the original

point cloud P . To realize this intuition, we average the K
feature vectors to yield f̄ and then generate P̃ by projecting

and reshaping. These steps can be expressed by

{fc}
ψ−−−→ {ψ(fc)} mean−−−→ f̄ ∈ R

3n reshape−−−−→ P̃ ∈ R
n×3

(7)

where ψ : RK×d → R
K×3n is 1-D depthwise convolution.

With (7), we apply Earth Mover’s Distance (EMD) as in [10]

to establish the following reconstruction loss:

LEMD = EMD(P̃,P). (8)

3.5. Attention discriminant sampling

We are now ready to describe how ADS performs effec-

tive sampling over the given point cloud P . Recall that P
is of size n and the sampling process yields P̂ of size m.

Based on our analyses of cluster discriminant attention, we

determine the number of points to be sampled from each

cluster c via calculating the following sampling ratio,

wc =
1

Σ
(nc × σc × 1/sc) (9)

where nc is the size of cluster c and Σ is the normalization

factor to ensure
∑
wc = 1. The number of points to be

sampled from cluster c can be denoted as mc = m× wc.

ADS cluster-wise sampling. We carry out cluster-wise

sampling according to a decreasing order of mc. Consider

now for cluster c, themc points to be sampled will be chosen

from Nk(poc). Our formulation implicitly assumes k ≥ mc

and purposely sets the value of k to ensure the assumption

is valid. Even when mc is larger than k, we could simply

sample k points from the underlying cluster and add mc − k
to the mc′ of the succeeding cluster c′. (Such an exception

has not been encountered in all our experiments.)

To determine which mc points are to be sampled from

cluster c, we additionally extend the SAM to an asymmetric

form. (See Figure 4.) In particular, besides Nk(poc) of clus-

ter c, we randomly select the other set of k points, denoted

as X ′
c, from other clusters. While all the 2k points are used

to generate keys and values, only the k points in Nk(poc)
are taken as queries. We express the resulting asymmetric

attention matrix by

Âc = âttn(Nk(poc) ∪X ′
c) ∈ R

k×2k (10)

where âttn symbolizes the asymmetric set attention (weight

sharing across K clusters). Each row in Âc corresponds to

the outcomes of using a point in Nk(poc) as the query to all

2k keys. Expanding the keys to exceeding cluster c is ad-

vantageous as it globally evaluates each query and produces

more robust attention evidence. It is worth mentioning that

part of the calculation in (10) has already been completed

in evaluating the within-class attention when keys are gen-

erated by the points within cluster c . We obtain aggregated

attention of each row by summing all these 2k attention

values. The steps to sample the mc points are listed below.

1. The first point to be sampled is the one with the largest

value of aggregated attention from Âc.

2. Let S include the indices for those points that have

already been sampled, the next point to be sampled is

decided by the following returned index:

i∗ ← min
i/∈S

∑
j∈S

Âc(i.j). (11)

The step 2 by (11) is repeated until ADS has sampled the

required mc points for cluster c. We now justify the rea-

soning of the proposed sampling method. In estimating the

number of points to be sampled, ADS considers the cluster

size nc, the within-cluster semantic complexity σc, and the

between-cluster semantic similarity sc as in (9). In addition,

the sampling within each cluster begins with the most at-

tending point (of the largest aggregated attention value) and

then proceeds in a least attended point fashion (as in (11)).

Finally, we include a second regularization loss LSample to

facilitate feature consistency between the cluster feature vec-

tor f̄ and the average feature vector from the sampled points

of each cluster. We have

LSample =
∑K

c=1
∥fc −mean(f̂Sc

)∥2 (12)

where Sc and f̂Sc
respectively represent the set of sampled

points from cluster c and their feature vectors generated by

the asymmetric set attention described in (10).

Total loss. We express the total loss of learning ADS as

LTotal = LEMD + LSample + LTarget (13)

where LTarget is the loss to be specified by the targeted

downstream task.

3.6. Model architecture

As shown in Figure 4, the network architecture of ADS

is similar to PointNet++ [32], which adopts staked modules.

In this work, we provide three practical designs of ADS for

solving three types of downstream tasks, including classifi-

cation, part/semantic segmentation, and object detection.
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Figure 5. The two network architectures with ADS for point-cloud classification and segmentation. The classification model consists of

three ADS modules, and the segmentation architecture includes four ADS modules and feature propagation modules.

We illustrate the two respective network architectures for

the downstream tasks of classification and segmentation in

Figure 5, while the network model for the detection task is

only slightly different from the one for segmentation.

Classification model. The point cloud classification net-

work comprises three ADS modules, with n/2, n/8, and n/16

sampled points, and feature dimensions of 128, 256, and

512, respectively. The numbers of selected points k in ADS

are 16, 32, and 64. After global average pooling, the features

pass through a linear layer that projects the dimension from

512 to C, the number of classes, to predict the label.

Segmentation model. The part/semantic segmentation net-

work includes four ADS modules with n/4, n/16, n/64, and

n/128 sampled points, and feature dimensions of 64, 128,

256, and 512, respectively. The numbers of selected points

k in ADS are 8, 16, 32, and 64. The features then pass

through a decoder with four feature propagation modules, as

in PointNet++, to achieve the up-sampling operation.

Detection model. For the detection task, we adopt Group-

Free [25] as the framework and replace the backbone with

ADS to obtain the detection outcomes on ScanNetV2. The

proposed object detection architecture comprises four ADS

modules with 2048, 1024, 512, and 256 sampled points from

50,000 points. The numbers of selected points k in ADS are

8, 16, 32, and 64, respectively.

4. Experimental results

We justify the usefulness of ADS with the classification,

segmentation and detection tasks. For classification, we



Method # points input
ModelNet40

OA (%) mAcc (%)

MVCNN [39] - Image 90.1 -

SimpleView [11] - Image 93.0 90.5

MVTN [12] - Image 93.5 92.2

3DShapeNet [49] - Voxel 77.3 84.7

VoxNet [27] - Voxel 85.9 83.0

Subvolume [31] - Voxel 89.2 87.2

O-CNN [43] - Voxel 90.6 -

PointNet [30] 1024 Points 89.2 86.0

PCNN [2] 1024 Points 92.3 -

PointCNN [20] 1024 Points 92.5 88.8

DGCNN [44] 1024 Points 92.9 90.2

RS-CNN [22] 1024 Points 93.6 -

PointNeXt-S [33] 1024 Points 93.2 90.8

PointMLP [26] 1024 Points 94.1 91.3

ADS 1024 Points 94.3 91.7

PAT [52] 1024 Points w/ Normals 91.7 -

PointNet++ [32] 1024 Points w/ Normals 91.9 90.3

PointConv [47] 1024 Points w/ Normals 92.5 -

PointASNL [51] 1024 Points w/ Normals 93.2 -

PointTransformer [59] 1024 Points w/ Normals 93.7 90.6

RepSurf-T [35]† 1024 Points w/ Normals 94.0 91.1

RPNet-W9 [36] 1024 Points w/ Normals 94.1 -

PointTransformer-V2 [48] 1024 Points w/ Normals 94.2 91.6

RepSurf-U [35]† 1024 Points w/ Normals 94.4 91.4

ADS 1024 Points w/ Normals 95.1 92.3

Table 1. Classification on ModelNet40: ADS versus others. OA

denotes overall accuracy, mAcc represents the mean of per-class

accuracy, and † indicates without using multiscaling inference.

Method # points input
ScanObjectNN

OA (%) mAcc (%)

SimpleView [11] - Image 79.5 -

MVTN [12] - Image 82.8 -

PointNet [30] 1024 Points 68.2 63.4

DGCNN [44] 1024 Points 78.1 73.6

PointCNN [20] 1024 Points 78.5 -

PointMLP [26] 1024 Points 85.4 83.9

PointNeXt-S [33] 1024 Points 87.7 85.8

PointNet++ [32] 1024 Points w/ Normals 77.9 75.4

RepSurf-T [35] 1024 Points w/ Normals 84.1 81.2

RepSurf-U [35] 1024 Points w/ Normals 84.3 81.3

ADS 1024 Points w/ Normals 87.5 85.1

Table 2. Classification on ScanObjectNN: ADS versus others.

consider a CAD-based dataset (ModelNet40 [49]) and a real-

world dataset (ScanObjectNN [41]). We then evaluate ADS

for part segmentation on ShapeNet [54] and semantic seg-

mentation on the Stanford 3-D Large-Scale Indoor Spaces

(S3DIS) [1]. We also conduct semantic segmentation and

3-D object detection experiments on ScanNetV2. In the

ablation study, we demonstrate that ADS is less sensitive

to low sampling ratios in the classification and reconstruc-

tion experiments on ModelNet40. ADS achieves competi-

tive computation of FLOPs and parameter sizes with other

attention-based methods. Experiment settings and model

complexities are described in Appendixes A.1 and A.2.

4.1. 3­D Object classification

ModelNet40. The CAD-based dataset includes 12,311 ob-

jects (9,843 for training and 2,468 for testing) categorized

Method
S3DIS Area-5 (%) S3DIS 6-fold (%) ScanNetV2 (%)

OA mAcc mIoU OA mAcc mIoU Val mIoU Test mIoU

PointNet [30] - 48.9 41.1 78.5 66.2 47.6 - -

PointNet++ [32] 86.4 61.2 56.0 87.3 76.2 66.7 53.5 55.7

PointCNN [20] 85.9 63.9 57.3 88.1 75.6 65.4 - 45.8

PAT [52] - 70.8 60.1 - 76.5 64.3 - -

PointASNL [51] 87.7 68.5 62.6 88.8 79.0 68.7 63.5 66.6

RepSurf-U [35] 90.2 76.0 68.9 90.8 82.6 74.3 - 70.0

PointNeXt-XL [33] 90.6 70.5 - 90.3 74.9 - 71.5 71.2

PointTransformer [59] 90.8 76.5 70.4 90.2 81.9 73.5 70.6 -

PointTransformer-V2 [48] 91.1 77.9 71.6 - - - 75.4 75.2

ADS 91.1 77.8 71.8 91.7 83.7 75.1 75.6 75.2

Table 3. Semantic segmentation on area-5 and 6-fold of S3DIS:

ADS versus others. mIoU denotes the mean of per-class IoU.

Method mIoU (%) Method mIoU (%)

SpiderCNN [50] 85.3 SyncSpecCNN [55] 81.4

PointCNN [20] 86.1 PointNet [30] 83.7

PointASNL [51] 86.1 PointCNN [20] 84.6

PointMLP [26] 86.1 RSNet [16] 84.9

RS-CNN [22] 86.2 PointNet++ [32] 85.1

PointTransformer [59] 86.6 DGCNN [44] 85.1

PointNeXt-S [33] 86.7 Tsai [40] 85.1

ADS 86.9 Point2Sequence [40] 85.2

Table 4. Part segmentation on ShapeNetPart. We report only the

mean IoU and leave the result for each category in Appendix A.5.

into 40 classes. Following [32], we uniformly sample 1,024

points from each object mesh, along with the normal vectors

as the input. The overall accuracy (OA) and the mean of

per-class accuracy (mAcc) are adopted as evaluation metrics.

Table 1 shows ADS outperforms the SOTA by 0.7% and

achieves 95.1% OA without multi-scaling inference.

ScanObjectNN. To further investigate the performance of

our method, we evaluate on more realistic and challenging

dataset, ScanObjectNN, which comprises 2,902 real-world

point clouds over 15 classes. Compared to CAD objects, the

point clouds are messy (e.g., background) without alignment.

We select the hardest perturbed variant (PB T50 RS variant)

for fair comparison. The OA and mAcc results in Table 2

show that ADS obtains 2.1% and 1.2% improvements in

more challenging cases and manifests its general purpose.

Although PointNeXt-S [33] achieves the best results, they

are obtained mostly due to extended training on tuning the

optimization parameters, rather than algorithmic design.

4.2. 3­D segmentation

Semantic segmentation. The evaluations are done on the

S3DIS and ScanNetV2 datasets. The S3DIS consists of 271

scenes from six different areas, with a total of 13 semantic

labels. To validate the performance of ADS on S3DIS, we

first conduct experiments on Area 5 using three evaluation

metrics: OA, mAcc, and mIoU. As shown in Table 3, com-

pared with the SOTA method, ADS achieves comparable

OA with a higher mIoU of 0.2%. To further evaluate the ef-

fectiveness of our method, we conduct experiments on other

areas of S3DIS using the 6-fold cross-validation setting. The

outcomes show that ADS surpasses the previous SOTA by

1.5%, 1.6%, and 1.6% on OA, mAcc, and mIoU, respectively.



Method Backbone
ScanNetV2 (%)

mAP@0.25 mAP@0.5

VoxNet [27] PointNet++ [32] 62.9 39.9

VoxNet [27] LG3D [17] 65.1 43.0

H3DNet [58] PointNet++ [32] 64.4 43.4

H3DNet [58] PointNet++ (4×) [32] 67.2 48.1

3DETR [28] Transformer 65.0 47.0

GroupFree(L12, O256) [25] PointNet++ (w2×) [32] 69.1 52.8

GroupFree(L12, O256) [25] LG3D [17] 70.9 54.1

GroupFree(L12, O256) [25] RepSurf-U [35] 71.2 54.8

GroupFree(L12, O256) [25] ADS 71.8 55.0

Table 5. Detection on ScanNetV2: ADS versus others. mAP@γ
denotes the mean average precision with IoU threshold set to γ.

Furthermore, on the ScanNetV2, which comprises 1,513 in-

door scenes with 20 semantic labels, ADS attains a val mIoU

of 0.2% higher than the previous SOTA in comparison.

Object part segmentation. The part segmentation experi-

ment is done on the ShapeNet dataset, which contains 16,880

models (14,006 for training and 2,874 for testing) over 16

classes. There are 50 types of the part semantic label and

each object consists of between 2 to 6 parts. We follow [32]

to sample each object with 2,048 points for fair comparison.

Regarding the evaluation metrics, we provide the mIoU of

each category and the overall mIoU. Table 4 shows that ADS

yields comparable performance with PointNeXt-S [33] in

overall mIoU and achieves top mIoU results for 12 categories

without adopting any class-balancing loss, e.g., Focal loss.

4.3. 3­D object detection

ScanNetV2. To further demonstrate the general purpose

of ADS, we provide the experimental result on 3-D object

detection. As mentioned in Section 3.6, the detection ar-

chitecture is slightly different from the segmentation model.

Following [35], we adopt Group-Free [25] as the framework

and replace the backbone with ADS to obtain the detection

outcomes on ScanNetV2 with 18 object classes. We report

the mean Average Precision (mAP) as the standard evalua-

tion metric under two IoU thresholds: 0.25 and 0.5 in Table 5.

ADS achieves improvements (0.6% and 0.2%) from [32] and

the previous SOTA [25] under the same experiment setting

and the same detection framework.

4.4. Ablation study

Effect of sampling ratio. We define the sampling ratio

as r = m/N . To study its effect, we assess the changes in

the classification and reconstruction performances on Mod-

elNet40 with respect to different sampling ratios, where in

this case N = 1, 024. Following [6], we set 1/r to be within

the range of [1, 64]. The classification settings are the same

as those in Section 4.1 except that the number of sampled

points now could vary. In the reconstruction experiment, to

ensure fair evaluation, we adopt the decoder in Point Com-

pletion Networks (PCN) [56] to reconstruct points from the
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Figure 6. Classification (top row) and Reconstruction performance

(bottom row) versus sampling ratio: m/N on ModelNet40 (top

row). Top-left: Cls-Performance degradation (%): classification

accuracy reduction in percentage; Bottom-left: Rec-Performance

degradation (%): reconstruction error increase in percentage.

extracted features for all methods. We use the Chamfer Dis-

tance (CD) metric to measure the inefficiency between the

original and the reconstructed points. The comparison in-

cludes general frameworks (PointNet and PointNet++) and

specific methods, designed explicitly for sampling, (Sam-

pleNet [19] and MetaSampler [6]). Figure 6 shows that ADS

exhibits less performance degradation in both classification

and reconstruction experiments, when decreasing the sam-

pling ratio (i.e., increasing 1/r). The outcomes indicate that

the sampled points by ADS are more representative than

those by other techniques. Notice that here SampleNet and

MetaSampler adopt PointNet as the feature extractor.

Effect of each component. To verify the usefulness of the

various components in our method, we conduct an ablation

study and report the findings in Table 6. The reconstruc-

tion term (LEMD) is crucial in that it ensures the features of

the clusters are representative for reconstructing the original

point set. This is one of the main reasons that the perfor-

mance of ADS is more robust to the sampling ratio. In ad-

dition, the relative angle ∆θ is another indispensable factor

when calculating the self-attention relationship. The reason-

ing is that in 3-D space, the normal vectors of objects provide

additional geometric relations beyond the relative positions

from the object coordinates. Though the regularization term

(Lsample), the size of the cluster (nc) and the complexity

of the cluster (σc) are not as pivotal as the just-mentioned

two components, they all positively contribute to the perfor-

mance improvement. Finally, we see that our cluster-based

formulation to respect the structure-aware property yields a

substantial gain of 1.1% in OA.



Model Cluster LEMD Lsample nc ∆θ σc OA(%)

I " " 93.9

II " " " 94.1

III " " " " 94.5

IV " " " " " 94.8

V " " " " 93.7

VI " " " " " 94.0

VII " " " " " " 95.1

VIII " " " " " 94.0

Table 6. Ablation of the key components in our method.

Classification (Model40)

k Scaling Ratio ∆ OA (%)

8 [×1.0,×2.0,×2.0] -0.6 94.5

8 [×1.0,×2.0,×4.0] -1.5 93.6

16 [×1.0,×2.0,×2.0] 0 95.1

16 [×1.0,×2.0,×4.0] -0.8 94.3

Segmentation (S3DIS)

k Scaling Ratio ∆ mIoU (%)

8 [×1.0,×2.0,×2.0,×2.0] 0 71.8

8 [×1.0,×2.0,×2.0,×4.0] -1.5 70.3

16 [×1.0,×2.0,×2.0,×2.0] -1.9 69.9

16 [×1.0,×2.0,×4.0,×4.0] -0.7 71.1

Table 7. Ablation of different k values and scaling ratios.

Model design: k-point neighborhood. The parameter k
in Nk(poc) is pivotal to ADS cluster-wise sampling and

affects the outcome of the targeted downstream task. Specif-

ically, we investigate the impact of k on the classification

and segmentation tasks and report the findings in Table 7. In

our formulation, similar to PointNet++ with the FPS scheme,

the k value for each ADS module is determined via multi-

plying the initial number by the scaling ratio. For example,

configuration 8 with [×1.0, ×2.0, ×2.0] indicates that the k
values in the three ADS modules are specified by [8, 16, 32]

in the classification architecture. We empirically find that the

optimal values of k for both classification and segmentation

tasks are 16, 32, and 64, and 4, 8, 32, and 64, respectively.

These results demonstrate the significance of appropriately

selecting the k value to achieve good performance for ADS.

Positional encoding. When the self-attention operation

does not take account of the information of relative position,

it is advantageous to consider positional encoding. Vaswani

et al. [42] consider a mapping function to encode the posi-

tion information in self-attention, while other approaches,

e.g., [4, 14, 15, 24], embrace the strategy of using a lookup

table with learnable parameters to better model the position

information. Similar to [23] we apply MLP to predict the

relative factors relevant to the underlying 3-D task. Table 8

shows that the proposed MLP formulation of positional en-

coding (with relative position ∆xyz and normal vector ∆θ)

Positional encoding type OA (%)

None 93.9

Fixed mapping function (cos,sin) 94.0

Look-up table for learnable value (Relative: ∆xyz) 94.0

MLP prediction (Relative: ∆xyz) 94.1

MLP prediction (Relative: ∆xyz +∆θ) 94.4

Table 8. Ablation of different positional encoding schemes.

Original 

Scene

Ground

Truth

PointNet

++

ADS

Figure 7. Qualitative comparison on Area 5 of S3DIS. Examples

of dense semantic segmentation by ADS and (baseline) PointNet++.

better explores the geometric relations in a point cloud.

Qualitative comparison. Figure 7 visually illustrates an

example of dense semantic segmentation from Area 5 of

S3DIS. The segmentation outcomes by ADS reveal more de-

tails about the scene than those by the standard PointNet++.

For example, ADS successfully segments the whole scene;

in contrast, the standard PointNet++ misses the wall region.

5. Conclusions

Driven by the cluster-based design, the proposed attention

discriminant sampling (ADS) implicitly achieves structure-

aware sampling by taking account of not only geometric

relations but also semantic relations in point clouds. Its ef-

fectiveness for deciding how the sampled points are cluster-

wise distributed results from exploring the within-cluster and

between-cluster self-attention responses that quantitatively

measure each cluster’s complexity and similarities to others.

We further consolidate the learning of ADS with an EMD

regularization loss to ensure the sampled points are represen-

tative. With its good performance, ADS provides a general

solution for 3-D point cloud sampling and applications.
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A. Appendix

A.1. Experiment setting

Training details. We provide the details of the training pro-

cess for different tasks using different optimizers, learning

rates, decay rates, and data augmentation techniques. For the

classification and part segmentation, we used the stochastic

gradient descent (SGD) optimizer with momentum, weight

decay, and initial learning rate set to 0.9, 0.0001, and 0.001,

respectively. We trained the model for 260 epochs with a

learning rate decay rate of 0.7 for every 20 iterations. For

semantic segmentation on S3DIS, we utilized the AdamW

optimizer with a β value of 0.9, weight decay of 0.001,

and initial learning rate of 0.005. We trained the model for

around 600 epochs with a learning rate decay rate of 0.1 at

the 360th and 480th epochs. Similarly, for semantic segmen-

tation on ScanNetV2, we used the AdamW optimizer with

the same hyperparameters as above, but we trained the model

for around 600 epochs with a cosine annealing learning rate

decay schedule. For object detection, we utilized 50,000

points, which were augmented using random flip, rotation,

and scaling techniques. We used the AdamW optimizer for

training with a β value of 0.9, weight decay of 5e−4, and an

initial learning rate of 0.006. We trained the model for 400

epochs with a learning rate decay rate of 0.1 at the 280th to

340th epoch. Additionally, the learning rate of the attention

modules in the Group-Free method [35] was set to 1
10 of the

backbone setting. Table 9 provides the data augmentation

setting on five datasets.

Dataset Rotation Scaling Fliping Jittering Color

ModelNet40 "

ScanObecjectNN " "

ShapeNetPart " " "

S3DIS " " " "

ScanNetV2 " " " " "

Table 9. Data augmentation on tasks

A.2. Computation FLOPs and parameter sizes

Table 10 provides the parameter sizes and flops for ADS

and other approaches.

A.3. Representative feature of the cluster

We carry out experiments to assess the quality of different

features. Our results, presented in Table 11, indicate that the

global feature of clusters performs better than the feature

of the cluster center. This suggests that the global feature

provides a more comprehensive representation of the cluster

than the cluster center feature.

A.4. Better augmentation on ScanObjectNN

In the main text, we have pointed out that the optimiza-

tion settings of PointNeXt-S [33] could vary with respect to

Method #Params FLOPs

Set abstraction based

PointNet [30] 1.700M 4.10G

PointNet++ [32] 0.969M 1.00G

RepSurf-U [35] 0.976M 1.04G

Attention based

PointTransformer [59] 4.90M 2.80G

PointASNL [51] 22.40M 19.10G

RPNet-W9 [36] 2.40M 5.10G

ADS 4.86M 2.93G

Table 10. Ablation of the computation.

Feature type
ModelNet40

OA (%)

Center feature of Cluster 94.7

Global feature of Cluster 95.1

Table 11. Ablation of the Cluster Representative Feature.

different tasks. However, we apply the same training setting

(blue row of the table below) of ADS for all the tasks. As

illustrated in Table 12, if we use the optimal augmentation

strategy of [33] tuned for ScanObjectNN, the resulting ADS

(denoted as ADS*) could also achieve comparable results.

A.5. Part segmentation on ShapeNetPart

We further provide the part segmentation results of all

categories on ShapeNetPart. As shown in Table 13, the

proposed ADS achieves top mIoU results for 12 categories

without adopting any class-balancing loss.

A.6. The influence of variation of K

It is worthy to note that the variation of K among objects

within the same category is not sensitive in our approach.

This is because we purposedly choose a relatively small

bandwidth in the mean-shift clustering process to ensure

computational efficiency. The primary purpose of the mean-

shift clustering is to provide a rough segmentation, and any

redundancy in the clusters is subsequently reduced through

the self-attention process.

A.7. Qualitative visual comparison

We present the visual comparison results of the proposed

ADS method with the standard PointNet++ model on two dif-

ferent datasets: ShapeNetPart and S3DIS. Figure 8 shows the

visualization of the sample quality comparison between ADS

and PointNet++ with FPS sampling strategy on ShapeNet-

Part dataset. On the other hand, Figure 9 exhibits the results

of dense semantic segmentation on 6-fold S3DIS. Figure 9

displays comprehensive results of our proposed model on



Method Resampling Rotation Scaling Jittering Smoothing Appending OA (%) mAcc (%)

PointNetXt-S [33] " " " " " 87.7 85.8

ADS* " " " " " 87.7 85.9

ADS " " " 87.5 85.1

Table 12. Better augmentation strategy [33] on ScanObjectNN.

# Shapes 2690 76 55 898 3758 69 787 392 1547 451 202 184 283 66 152 5271

Method mIoU (%) Aero Bag Cap Car Chair Phone Guitar Knife Lamp Laptop Motor Mug Pistol Rocket Skate Table

SyncSpecCNN [55] 81.4 81.0 78.4 77.7 75.7 87.6 61.9 92.0 85.4 82.5 95.7 70.6 91.9 85.9 53.1 69.8 75.3

PointNet [30] 83.7 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

PointCNN [20] 84.6 - - - - - - - - - - - - - - - -

RSNet [16] 84.9 82.7 86.4 84.1 78.2 90.4 69.3 91.4 87.0 83.5 95.4 66.0 92.6 81.8 56.1 75.8 82.2

PointNet++ [32] 85.1 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

DGCNN [44] 85.1 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

Tsai [40] 85.1 82.3 83.5 84.5 77.3 89.8 76.3 91.0 87.3 84.2 95.5 67.8 92.5 82.8 52.1 73.9 83.5

SpiderCNN [50] 85.3 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

Point2Sequence [40] 85.2 82.6 81.8 87.5 77.3 90.8 77.1 91.1 86.9 83.9 95.7 70.8 94.6 79.3 58.1 75.2 82.8

PointCNN [20] 86.1 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

PointASNL [51] 86.1 84.1 84.7 87.9 79.7 92.2 73.7 91.0 87.2 84.2 95.8 74.4 95.2 81.0 63.0 76.3 83.2

PointMLP [26] 86.1 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

RS-CNN [22] 86.2 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

PointTransformer [59] 86.6 - - - - - - - - - - - - - - - -

PointNeXt-S [33] 86.7 - - - - - - - - - - - - - - - -

ADS 86.9 84.6 86.9 88.8 80.5 92.5 82.2 92.8 90.1 86.3 96.2 76.8 95.8 83.5 66.3 82.5 84.4

Table 13. Part segmentation performance with mean part-averaged IoU on ShapeNetPart.

the 6-fold S3DIS dataset, further demonstrating its accuracy

and effectiveness in point label segmentation.

B. Limitation

While the proposed ADS is shown to effectively achieve

good performances for comprehensive 3-D tasks, the var-

ious attention modules within its design could result in a

more complex model. As highlighted in Table 10, the ADS

model requires larger numbers of FLOPs and parameters

compared to the current state-of-the-art approach based on

set abstraction. However, despite this added complexity, the

ADS model is still able to compete in terms of FLOPs and

parameter size with other attention-based methods while

offering improved performances.

Original Point Cloud 

(2048 points)

PointNet++ (FPS)

(128 points)

ADS

(128 points)

Figure 8. Qualitative comparison on ShapeNetPart. The visual

results demonstrate the proposed method and basic PointNet++ on

a dense Part segmentation example.
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Figure 9. Qualitative comparison on 6-fold of S3DIS. The visual results demonstrate the proposed method and basic PointNet++ on a

dense semantic segmentation example.


