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Abstract—Point-based networks achieve high accuracy by pre-
serving the intrinsic spatial structure of point clouds. The spatial
information is effectively extracted by set abstraction, a critical
module for feature learning in point-based networks. However,
set abstraction introduces a computational bottleneck, and naive
parallelization often degrades sampling quality, leading to accu-
racy loss. To address these challenges, we propose Parallel-SA, a
framework that accelerates point-based networks by transforming
set abstraction from sequential to parallel processing without
sacrificing accuracy. Parallel-SA leverages a multi-scale sampling
distribution approximation to preserve sampling quality under
parallel execution. In addition, it employs distribution-aware
balanced partitioning and adaptive load-balancing refinement to
further improve efficiency. Experiments show that Parallel-SA
achieves an average 2.38× speedup in set abstraction with minimal
accuracy degradation.

I. INTRODUCTION

Point cloud is a 3D collection of points that captures rich
geometric and spatial information for accurate perception of
complex environments [1]–[3], [24]. 3D object detection is
particularly critical as it allows the system to recognize and
locate individual objects. Point-based networks achieve state-
of-the-art accuracy by detecting objects directly from raw
points, in contrast to other methods that convert point clouds
into grids or images. This direct processing preserves fine-
grained patterns and local structures, but comes at a substantial
computational cost. To address this limitation, we propose
Parallel-SA, a framework that improves the efficiency of point-
based networks without sacrificing accuracy.

Point-based networks suffer from significant processing la-
tency, primarily due to the set abstraction module, which is
the core feature extraction component in most state-of-the-
art architectures [30], [33], [34]. Set abstraction selects a
spatially uniform subset of points for feature extraction, which
is crucial for handling the non-uniform density of point clouds.
It preserves fine details in sparse regions while preventing
over-sampling in dense regions. Set abstraction achieves this
by adaptively fusing multi-scale features and weighting them
based on local density [4], enabling effective representation
learning and accurate 3D detection. Despite these strengths,
its sequential processing and high computational complexity
create a performance bottleneck, accounting for 40%–90% of
the total detection latency in point-based networks.

This paper proposes Parallel-SA, a framework for efficient
parallel execution of set abstraction while preserving the accu-
racy of point-based detection networks. The main challenge of
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parallelizing set abstraction lies in its first sampling stage. Set
abstraction captures point cloud structures through three stages:
sampling, grouping, and PointNet. In the sampling stage,
farthest point sampling (FPS) is used to select representative
points for feature extraction. FPS produces spatially uniform
samples, where selected points are evenly distributed across
the geometric space. It achieves this by iteratively selecting the
point farthest from all previously chosen points. This spatially
uniform sampling is fundamental to set abstraction as it enables
robust feature learning across diverse sampling conditions.
However, parallelizing FPS is non-trivial. A naive strategy that
partitions the raw point cloud and applies FPS independently
to each partition cannot maintain spatial uniformity at the
global level. Although FPS achieves uniform sampling within
each local partition, this approach lacks the global perspective
needed to ensure uniform sampling across the entire point cloud
space. The central challenge is determining an appropriate
number of samples for each partition so that the combined result
approximates the outcome of global FPS achieved through
direct sampling of the whole point cloud. This allocation cannot
be directly known in advance, since the target distribution of
samples is only revealed after performing FPS sequentially on
the entire point cloud.

Parallel-SA introduces several key innovations to overcome
parallelization challenges. Parallel-SA transforms set abstrac-
tion from an inherently sequential process into parallel pro-
cessing, maintaining accuracy and significantly improving com-
putational efficiency through two key contributions: (1) We
propose a multi-scale sampling distribution approximation that
efficiently estimates the optimal number of samples for each
partition. This enables parallel FPS to approximate the outcome
of global FPS across the entire point cloud, thereby preserving
sampling quality and maintaining detection accuracy. (2) To
achieve higher efficiency in parallel set abstraction, workload
imbalance across partitions must be minimized. Otherwise,
partitions with large computational workloads will create pro-
cessing bottlenecks that degrade overall system performance.
Our design maximizes parallel efficiency by implementing
workload balancing to minimize worst-case latency. We intro-
duce distribution-aware balanced partitioning and adaptive load
balance refinement to ensure balanced computational distribu-
tion across partitions. Based on experimental results, Parallel-
SA can achieve 2.38× speedup on average in set abstraction
with only minimal accuracy loss. In general, this paper makes
the following contributions:

• We present a multi-scale sampling distribution approxima-



tion method that ensures parallel FPS closely approximate
the output of global FPS on the entire point cloud,
preserving the quality of spatially uniform sampling.

• We propose distribution-aware balanced partitioning to
balance workloads and prevent long-latency partitions.

• To further enhance the overall efficiency, we introduce
adaptive load balance refinement to adjust the workload
of partitions with long processing latency.

• We present extensive experiments to evaluate the perfor-
mance of Parallel-SA, and Experimental results show that
Parallel-SA achieves an average speedup of 2.38× in set
abstraction with minimal accuracy loss.

II. BACKGROUND AND RELATED WORK

A. Point-based Object Detection

A point cloud is a set of 3D data points (x, y, z) providing
spatial and geometric information. Object detection is a per-
ception task that enables reliable and accurate estimation of the
surrounding environment [1], [25]. PointNet++ [4] proposes the
set abstraction module, which is widely adopted in state-of-the-
art point-based networks [9], [33], [34] for feature extraction. It
performs hierarchical feature learning through three sequential
stages:
Sampling: Set abstraction employs farthest point sampling
(FPS) to iteratively select a subset of points Sp from the
input point set S={x1, x2, ..., xn}. FPS begins with a random
point from S, then iteratively selects the point xi that has the
maximum distance to the current Sp. The distance of xi to
Sp is: Distance(xi, Sp) = minxj∈Sp

(Distance(xi, xj)). FPS
achieves spatially uniform sampling, with points evenly spread
across the point cloud’s geometric space, ensuring comprehen-
sive structural representation for robust feature learning.
Grouping: This stage constructs local region sets by finding
neighboring points around each sampled point in Sp using
either ball query (up to K neighbors within a radius) or kNN
(the K closest points).
PointNet: The local regions for each sampled point in Sp are
encoded into feature vectors and PointNet is applied [5] to
extracts point-to-point relations in the local region.

B. Related Work

Several works have been proposed to improve the perfor-
mance of point cloud processing in recent years [10], [14]–[22],
[26], [27]. Mesorasi [6] proposes an algorithm-architecture co-
design that enables parallel execution of neighbor search and
feature computation, thereby enhancing the system’s efficiency.
PointAcc [8] presents a versatile design to support diverse
mapping operations that find the nonzero neighbors and the
nonzero output point cloud corresponding to each weight.
FusionArch [37] identifies the serial execution of sampling,
redundant feature computation, and redundant memory accesses
as a system bottleneck. It designs an ASIC-based accelerator
with software-hardware co-design to implement optimizations
in hardware. Some studies target the optimization of sampling
in point cloud processing [28], [36]. QuickFPS [28] proposes a
hardware acceleration design for Farthest Point Sampling (FPS)

in large-scale point clouds. It presents a bucket-based approach
with a two-level tree structure, which intelligently reduces the
memory and compute costs by processing only essential spatial
buckets.

III. MOTIVATION

To investigate the bottlenecks in point-based networks, we
perform a latency analysis conducted on NVIDIA GTX 2080Ti.
As illustrated in Figure 1, set abstraction creates a significant
performance bottleneck, accounting for 42.5%, 92.1% and
88.2% of the total processing latency per frame in PointR-
CNN [30], IASSD [34] and 3DSSD [33], respectively. Figure 2
presents the detailed latency breakdown of set abstraction in
3DSSD [33]. The set abstraction module processes point clouds
hierarchically in three levels, each applying sampling, grouping,
and PointNet stages to extract features across multiple scales.
Level 1 dominates the total processing latency, and Levels
2, 3 demonstrate substantially reduced latency due to their
processing of fewer points. To address this bottleneck, we
propose Parallel-SA, which introduces fine-grained parallelism
by partitioning the computation within each level, enabling
more substantial speedups.

Fig. 1: Latency analysis evaluated on PointRCNN [30],
3DSSD [33] and IASSD [34].
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Level 3 1024 → 256 1.0 ms 1.1 ms 2.9 ms
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Fig. 2: Detailed latency breakdown of set abstraction. Each
level includes sampling, grouping and PointNet stages.

IV. DESIGN CHALLENGES

Parallelizing set abstraction is challenging due to the inherent
properties of point cloud data: its unordered structure and non-
uniform density across spatial regions. These characteristics
present two challenges for the parallel implementation of the
set abstraction.

Challenge 1: Maintaining spatially uniform sampling
in parallel set abstraction. FPS achieves spatially uniform
sampling results, with sampled points evenly distributed across
the point cloud’s geometric space, as demonstrated in Fig-
ure 3. This approach prevents oversampling in dense regions
while preserving critical details in sparse areas, achieving
a more comprehensive feature representation. Naive parallel



approaches split the N points into n partitions and sample
K/n points from each, but this strategy cannot maintain spatial
uniformity across the whole point cloud. While the sampled
points are uniformly distributed within each partition, the
overall sampling results lack spatial uniformity across the entire
space. Specifically, sparse regions suffer from undersampling
and poor feature extraction, leading to accuracy loss. Random
sampling is another downsampling method used in point cloud
learning [13]. Despite its high efficiency, random sampling
cannot achieve spatial uniformity and tends to oversample or
undersample certain areas. As shown in Figure 3, it follows the
raw point cloud’s density pattern, with more samples in dense
regions and fewer in sparse regions.

Sampled points

Raw points

Fig. 3: Point distribution of random sampling, naive parallel
FPS, and the original FPS.

Challenge 2: Balancing workloads across partitions to
maximize processing efficiency. The time complexity of
sampling K points from N raw points is O(KN), while
grouping scales with K. In parallel set abstraction, processing
time is dominated by the slowest partition, so minimizing
worst-case latency is essential. An effective parallel FPS al-
gorithm requires a balanced workload across all partitions,
which in turn demands equalizing both raw points N and
sampled points K across partitions. Designing an effective
partitioning strategy for parallel FPS presents challenges, as it
must carefully account for the distribution of raw and sampled
points.

V. METHODOLOGY

A. Overview

Figure 4 provides an overview of Parallel-SA. Firstly, the
multi-scale sampling distribution approximation estimates the
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Fig. 4: System overview of Parallel-SA. Multi-scale sampling
distribution approximation (section V-B) estimates the distribu-
tion of uniformly sampled points. Distribution-aware balanced
partitioning (section V-C) and adaptive load balance refinement
(section V-D) further enhance the overall efficiency.

distribution of spatially uniform sampled points. This estima-
tion ensures global spatial uniformity in sampling, so the results
of parallel FPS closely match those from FPS on the entire
point cloud. Based on the input raw points and estimated
distribution, distribution-aware balanced partitioning defines
the optimal partitioning that balances computational workloads
across partitions. The optimal sampling number in each par-
tition is determined based on the estimated distribution of
sampled points, followed by adaptive load balance refinement
to maximize computational efficiency.
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Fig. 5: Workflow of Multi-scale Sampling Distribution Approx-
imation.

B. Multi-scale Sampling Distribution Approximation

Maintaining global spatial uniformity of sampling results
in parallel set abstraction requires predetermining the opti-
mal sampling number for each partition. When each partition
samples its optimal sampling number, parallel FPS results
effectively approximate those from FPS on the entire point
cloud. To determine the optimal sampling number, we propose
a multi-scale sampling distribution approximation to efficiently
estimate the distribution of points sampled uniformly across
point cloud space.

Our approach stems from the observation that random sam-
pling preserves point distribution, selecting more points in
dense areas and fewer in sparse regions. Consequently, the
downsized raw points maintain the distribution pattern of the
input point cloud. When FPS is applied to downsized raw
points, it generates samples by iteratively selecting points
farthest from previously selected points. Therefore, we can infer
that points sampled from downsized raw data maintain a dis-
tribution similar to those obtained by sampling the entire point
cloud. FPS has a time complexity of O(KN) for obtaining K
sampled points from N raw points. Sampling on downsized raw
points achieves substantially lower latency than sampling the
complete point cloud, while maintaining distribution properties
that facilitate determining the optimal sampling number for
each partition.

Figure 5 demonstrates the multi-scale sampling distribution
approximation for an input point cloud of N raw points. The
input is first downsized through a multi-scale random sampling
to obtain m1,m2, ...,mn points. FPS samples k1, k2, ..., kn
points respectively from these downsized sets with a consistent
sampling rate of 25% across all scales. These points serve
as distribution estimation samples for approximating the dis-
tribution, not actual sampling results for subsequent grouping
and PointNet stages. The distribution estimation samples from



each scale are aggregated to approximate the distribution of
points that would be obtained by sampling the original input.
The multi-scale approach reduces estimation variance and is
less sensitive to random initialization compared to single-scale
methods, providing a more stable distribution approximation.

C. Distribution-Aware Balanced Partitioning
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Fig. 6: Distribution-Aware Balanced Partitioning for Set Ab-
straction. The partitioning considers both the distribution of N
raw points and k distribution estimation samples.

In parallel processing, balanced computational workloads
across partitions are essential for maximizing efficiency, as
partitions with larger workloads create bottlenecks that degrade
overall performance. We propose distribution-aware balanced
partitioning that leverages the distribution of both raw points
and distribution estimation samples to achieve a balanced
computational workload across partitions.

In set abstraction, sampling K points from N requires
O(KN) time, and grouping latency scales with K. Thus,
balancing workloads requires equalizing raw points and sam-
pling across partitions. Based on this insight, we determine
the partitioning of parallel set abstraction using the distribution
of raw points and distribution estimation samples. Figure 6
illustrates the process of partitioning set abstraction where K
points are sampled from N raw points. The partitioning is
guided by k=

∑n
i=1 ki distribution estimation samples obtained

from multi-scale sampling, where ki estimation samples are
obtained from mi downsized raw points at each scale.

To determine the optimal partitioning, we first identify the
splitting direction by maximizing the combined variance of
the raw point set R and the distribution estimation samples
S: di = argmaxd∈x,y

(
σ2
R(d) + σ2S(d)

)
, where σ2

R(d) and
σ2
S(d) represent the coordinate variances of the the raw point

set R and the distribution estimation samples S along direction
d. This variance-based approach ensures we partition along
the axis exhibiting the greatest spatial dispersion in both point
distributions

After identifying the optimal splitting direction, we compute
the median coordinates for both the raw point set R and
distribution estimation samples S, denoted as Pr(xr, yr, zr)
and Ps(xs, ys, zs), respectively. The final partitioning point Pb

is derived through a weighted combination of these medians
Pb = α · Pr + (1 − α) · Ps, where α represents the weighting
coefficient that balances the contribution between the median
of raw points Pr and the median of samples Ps. The weighting
coefficient α is computed based on the size of the point sets. Let

Nr and Ns denote the size of point sets R and S, respectively.
The weight α is calculated as α = 1

1+e−r , where r = Nr

Nr+Ns
.

The weighting coefficient α is determined through a two-
stage process. First, we compute the size ratio r, which assigns
greater weight to larger point clouds to minimize overall
partitioning imbalance. The imbalance for point partitioning
is defined as the absolute difference in the number of points
between two halves. While this weighting may lead to rela-
tively higher imbalance for smaller point clouds, their absolute
imbalance remains within acceptable bounds. Second, we apply
a sigmoid transformation to r to create a nonlinear mapping.
This transformation prevents marginalization of small point
clouds(Nr ≫ Ns), ensuring distribution estimation samples
retain non-negligible weight.

With the partitioning point Pb and direction d, we apply
the balanced partitioning for both raw points and distribution
estimation samples. The splitting produces approximately bal-
anced partitions for both point sets. This approach can be
applied recursively for partitioning and subsequent partitioning
parameters are determined within each partition to further split
the points. As a result, raw points are divided into n partitions
with N=

∑n
i=1 Ni, where Ni is the number of raw points in

partition i and distribution estimation samples are divided into
n partitions with k=

∑n
i=1 k

′
i, where k′i is the number of samples

in partition i.
Given the partitions, we estimate the optimal sampling

number for each partition to allocate the total K samples
into n parts: K=

∑n
i=1 Ki. Since the distribution estimation

samples share a similar distribution with samples from the
entire point cloud, we can infer that k′

i

k ≈ Ki

K . Based on this,
we estimate the optimal sampling number as Ki = K

k′
i

k . As a
result, the distribution-aware balanced partitioning divides the
set abstraction into n partitions, where partition i contains Ni

raw points and samples Ki points according to our estimation.
This parallel set abstraction strategy effectively approximates
the set abstraction on the entire point cloud.

D. Adaptive Load Balance Refinement
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Fig. 7: Adaptive load balance refinement adjusts each partition’s
load based on Ki, Ni.

Distribution-aware balanced partitioning divides the in-
put into n approximately even partitions: N=

∑n
i=1 Ni,

K=
∑n

i=1 Ki. However, the resulting workload distribution is
not even. Some partitions contain more points, leading to longer
latency and bottlenecks in parallel processing. Since overall
latency is bound by the slowest partition, performance opti-
mization requires minimizing this worst-case latency. To further
improve the efficiency of parallel processing, we propose



adaptive load balance refinement to address these partitions
with higher latency.

Figure 7 illustrates the partitions in parallel set abstraction
under varying Ki conditions. The processing latency for sam-
pling, grouping, and PointNet stages exhibits a proportional
relationship with Ki values. The key principle of adaptive
load balance refinement is based on the fact that FPS has an
optimal sampling rate r, which typically approximates 25% in
point-based networks [30], [33], [34]. At this sampling rate, set
abstraction effectively extracts features from raw point clouds
to make reliable detection. Sampling beyond this optimal rate
(K > rN ) leads to only marginal accuracy improvements,
as additional sampled points contribute minimally to enhanced
feature learning or detection capability. The extra sampling in-
troduces unnecessary computational overhead, since the latency
of FPS is proportional to the number of sampled points. To
achieve refinement, we define two sampling rate thresholds r1
and r2 (r2 > r1). Our adaptive load balance refinement strategy
is implemented in three cases:

• For partition i, when Ki ≤ r1Ni, the sampling in this par-
tition remains unchanged because the partition with small
sample sizes has relatively low latency. These partitions
do not create system bottlenecks.

• When r1Ni < Ki < r2Ni, sampling is set to Ki=r1Ni.
r1 is set to 25% that balances the accuracy and efficiency.
In these cases, set abstraction obtains a sufficient number
of sampled points to extract discriminative features from
raw point clouds for reliable detection. Additional sampled
points contribute minimally to enhanced detection capabil-
ity while introducing unnecessary computational latency.

• Ki > r2Ni indicates a high sampling rate, where most raw
points in the partition would be selected. In such cases, we
skip the sampling process and select all points. Though
this increases the latency of subsequent grouping and
PointNet stages due to the increased number of sampled
points, the overall processing time is reduced by avoiding
the sampling operation. r2 is set to 80% and is adjustable
to achieve different accuracy-latency tradeoffs.

VI. EVALUATION

A. Experiment Setup

We evaluate Parallel-SA on detection networks PointR-
CNN [30], 3DSSD [33], and IASSD [34] on the KITTI [29]
and ONCE dataset [23], using mAP as the metric. Experiments
are run on an NVIDIA RTX 2080Ti. The accuracy is calculated
at the moderate difficulty level with 40 recall positions.

B. Performance Evaluation

KITTI Benchmark Results Table I presents the detection
accuracy comparison evaluated on KITTI [29], where Parallel-
SA is evaluated with parallelism n=8. Networks that replace
FPS with random sampling exhibit significant accuracy degra-
dation. The average accuracy loss across PointRCNN [30],
3DSSD [33] and IASSD [34] is 13.6 in Car, 8.4 in Pedestrian
and 13.1 in Cyclist. A naive parallel implementation splits N
points into n partitions and samples K/n points from each

TABLE I: Accuracy Comparison.

Accuracy
Method Car Pedestrian Cyclist

PointRCNN [30]

Original 95.1 76.1 77.0
Random sampling 81.2 66.9 63.8

Naive parallel 92.9 73.2 72.8
Parallel-SA 95.1 76.4 77.1

3DSSD [33]

Original 95.4 78.1 80.6
Random sampling 78.4 68.7 66.8

Naive parallel 92.8 73.5 74.3
Parallel-SA 95.3 77.5 81.0

IASSD [34]

Original 95.5 78.8 78.2
Random sampling 85.6 72.3 65.8

Naive parallel 92.6 73.2 74.1
Parallel-SA 95.5 79.2 78.5

partition. The average accuracy loss across PointRCNN [30],
3DSSD [33], and IASSD [34] is 2.6 in Car, 4.4 in Pedes-
trian, and 4.9 in Cyclist. Parallel-SA preserves global spatial
uniformity in parallel set abstraction and achieves comparable
accuracy to the original point-based detection networks.

TABLE II: Evaluation on ONCE

Method Accuracy Speedup
Vehicle Cyclist

Original 48.2 25.3 -
Random Sampling 42.7 17.5 2.80×

Naive Parallel 43.1 24.6 2.70×
Parallel-SA 46.2 27.4 2.67×

ONCE Benchmark Results We evaluate our method on the
ONCE dataset [23] using PointRCNN [30] as the baseline
network. Other networks are not included due to the unavailable
implementation specifications for the ONCE dataset. Table II
shows that PointRCNN [30] with random sampling has 5.5
accuracy loss in Vehicle and 7.8 in Cyclist. PointRCNN [30]
with naive parallel set abstraction exhibits 5.1 loss in Vehicle
and 0.7 in Cyclist. In contrast, Parallel-SA achieves 2.67×
speedup with minimal accuracy loss.

Fig. 8: Speedup of Parallel-SA (a) Speedup on set abstraction
with different parallelism. (b) Speedup on set abstraction with
varying input sizes. (c) Latency with different parallelism.

Set Abstraction Speedup Figure 8 (a) presents the speedup
over the original set abstraction achieved by Parallel-SA with
different parallelism. With parallelism increase from 2 to 8,
Parallel-SA delivers speedups up to 2.74×, 2.35×, 2.04× for
PointRCNN [30], 3DSSD [33], and IASSD [34]. However,
increasing parallelism to 16 yields only marginal speedup,
because the increased computational overhead of balanced par-
titioning negates parallelization’s performance gains. Therefore,



we selected n=8 as the optimal value, as higher parallelism
offers only marginal speedups at greater computational cost.
Figure 8 (b) shows the speedup achieved by Parallel-SA with
parallelism n=8 when the input size grows from 4K points to
64K points per frame. The benefits of Parallel-SA become more
significant with increased input size, achieving up to 3.05×,
2.97×, and 2.80× speedup for PointRCNN [30], 3DSSD [33],
and IASSD [34] when the number of points per frame is
64K. Set abstraction acceleration significantly reduces per-
frame detection latency, as shown in Figure 8 (c). With n=8
parallelism, Parallel-SA reduces latency from 124 to 90 ms for
PointRCNN [30], 69 to 33 ms for 3DSSD [33], and 51 to 27
ms for IASSD [34]. Further increasing n to 16 offers minimal
benefit due to partitioning overhead.

Fig. 9: Performance Comparison with QuickFPS [28],
AFPS [35] and Mesorasi-SW [6].

Fig. 10: The baseline Naive Parallel implements straight-
forward parallel processing; op1 enhances the networks with
multi-scale sampling distribution estimation; op1+op2 intro-
duces distribution-aware balanced partitioning; op1+op2+op3
introduces adaptive load balance refinement.

Comparison with Releated Work We compare Parallel-SA
with three existing approaches: QuickFPS [28], AFPS [35]
and Mesorasi-SW [6]. Figure 9 presents the comparison results
evaluated on 3DSSD [33]. Across the three classes, the average
loss of QuickFPS [28] is 2.2, AFPS [35] is 5.1, and Mesorasi-
SW [6] is 2.1, while the loss of Parallel-SA is only 0.1. Parallel-
SA also achieves a higher speedup compared with the related
works.

C. Improvement Analysis

We evaluate the improvement of each proposed optimization
technique for PointRCNN [30], 3DSSD [33], and IASSD [34].
The accuracy represents the Car class detection performance.
Figure 10 demonstrates the results evaluated on KITTI [29]
with parallelism n=8. By adding optimizations progressively,
we evaluate the contributions of each stage: (1) The Naive
Parallel implementation divides N points into n partitions
and samples K/n points from each partition in parallel. (2)
op1 enhances the original networks with multi-scale sampling

distribution estimation. It employs fixed boundaries in the
partitioning steps. (3) op1+op2 extends the framework with
distribution-aware balanced partitioning. This partitioning strat-
egy enhances system efficiency while maintaining model accu-
racy. (4) op1+op2+op3 further optimizes the system through
adaptive load balance refinement.

(a) Distribution approximation error for each frame.

(b) Accuracy loss and latency with different downsizing scales.

Fig. 11: Analysis of distribution approximation.

D. Analysis of Distribution Approximation
Distribution Approximation Error We evaluate the distribu-
tion approximation with n=8 and (m1,m2,m3)=(1024,512,256).
The ground truth distribution is obtained by applying FPS to
sample K points from the point cloud and assigning them to
partitions kgt1 , ..., kgtn . The naive parallel implementation sam-
ples kni

=K/n points for each partition. Parallel-SA estimates
the optimal sampling number of each partition km1

, ..., kmn
.

These distributions are converted to vectors for quantitative
comparison using mean squared error (MSE) and cosine simi-
larity. As shown in Figure 11a, Parallel-SA achieves an average
MSE of 8.14 and cosine similarity of 0.9963, while the naive
parallel implementation results in an average MSE of 88.99
and cosine similarity of 0.5868.
Latency Analysis We evaluate the performance of Parallel-SA
with distribution approximation at different downsizing scales
(m1,m2,m3). At each scale, we randomly downsize the input
N points to the specified scale and then applying FPS with a
sampling rate of 25%. As shown in Figure 11b, small scales
(256,128,64) lead to larger accuracy loss due to insufficient
estimation samples for reliable approximation. Increasing the
number of samples improves distribution approximation quality,
leading to reduced accuracy loss. However, scales larger than
(2048, 1024, 512) result in significantly increased latency while
providing only marginal accuracy improvements.

VII. CONCLUSION

As a core feature extractor for many state-of-the-art detection
networks, set abstraction has a high computational cost. We
propose Parallel-SA to convert it from a sequential process to a
paradownsizess. With well-designed partitioning and estimation
of apply, Parallel-SA can achieve an average speedup of 2.38×
in set abstraction with minimal accuracy loss.
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