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Abstract

Farthest Point Sampling (FPS) is widely used in existing
point-based models because it effectively preserves struc-
tural integrity during downsampling. However, it incurs
significant computational overhead, severely impacting the
model’s inference efficiency. Random sampling or grid sam-
pling is considered faster downsampling methods; how-
ever, these fast downsampling methods may lead to the loss
of geometric information during the downsampling process
due to their overly simplistic and fixed rules, which can neg-
atively affect model performance. To address this issue, we
propose FastAdapter, which aggregates local contextual in-
formation through a small number of anchor points and fa-
cilitates interactions across spatial and layer dimensions,
ultimately feeding this information back into the downsam-
pled point cloud to mitigate the information degradation
caused by fast downsampling methods. In addition to us-
ing FastAdapter to enhance model performance in methods
that already employ fast downsampling, we aim to explore a
more challenging yet valuable application scenario. Specif-
ically, we focus on pre-trained models that utilize FPS,
embedding FastAdapter and replacing FPS with random
sampling for lightweight fine-tuning. This approach aims
to significantly improve inference speed while maintaining
relatively unchanged performance. Experimental results
on ScanNet, S3DIS, and SemanticKITTI demonstrate that
our method effectively mitigates the geometric information
degradation issues caused by fast downSampling.

1. Introduction

With the advancement of deep learning models and sensor
technology, there is a growing interest among researchers
in using neural networks to recognize point cloud data [7,
8, 25, 26, 31, 32]. One important issue is that some prac-
tical 3D applications, such as autonomous driving and aug-
mented reality, demand high inference speeds from neural
networks. However, due to the unordered and irregular na-
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Figure 1. Model Comparison by Size, mloU and Through-
put(inference). We visualized the size, mloU, and throughput of
different models on ScanNet. First, for most point-based mod-
els that use FPS, it is evident that FPS generally results in slower
inference speeds. However, while replacing FPS with random
sampling significantly improves inference speed, it leads to se-
vere performance degradation. By embedding our FastAdapter
(FA+XXXX), we can effectively mitigate this performance degra-
dation issue. Secondly, incorporating FastAdapter into models that
already utilize the fast downSample (like RandLA with random-
sample and PTV3 with gridsample) method results in a significant
performance improvement.

ture of point cloud data, point-based models typically use
custom sampling and grouping operators instead of tradi-
tional convolutional neural networks to extract local fea-
tures, which often incurs significant computational over-
head.

The downsampling method is a part of the computa-
tional resource overhead. Farthest point sampling (FPS)
is the most commonly used downsampling method, which
involves selecting the point in the point cloud that is far-
thest from the already selected points as the new sampling
point. This ensures a relatively regular density distribu-
tion and preserves the integrity of local structures during
the down-sampling process. However, the need to com-
pute the distance matrix between points incurs significant
computational overhead (O(NN?)), which results in slow in-
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ference speed, which affects its application on large-scale
point clouds.

In contrast, random sampling is highly efficient, with
constant time complexity, making it suitable for large-scale
point cloud scenarios. Similarly, GridSample was proposed
in PTV2 [40] as a replacement for FPS. It adopts a voxel-
based downsampling approach, which also brings about a
significant increase in inference speed. For convenience,
we collectively refer to these simple and efficient down-
sampling methods as fast downSampling. However, due
to their straightforward and fixed rules, these fast down-
Sampling methods are likely to lose geometric informa-
tion during the downsampling process in complex point
cloud scenarios, compromising the integrity of the geomet-
ric structure (We will provide detailed explanations in the
supplementary materials). This issue of information degra-
dation limits the application of fast downSampling, partic-
ularly the simplest and most efficient random sampling ap-
proach. An example, as shown in Fig. 1, illustrates that both
classic models like PointNet++ and state-of-the-art models
such as PointMetaBase-L/XL experience significant perfor-
mance degradation when FPS is replaced with random sam-
pling.. Some methods have attempted to address the issues
arising from random sampling. RandLA [11] introduces
a multi-layer local aggregation module to expand the re-
ceptive field and supplement more local information. APP-
Net [20] uses anchor points to aggregate local information
and propagates features to the input point cloud. However,
it lacks refinement of the features from the anchor points,
which can lead to errors in the simply aggregated local fea-
tures. More importantly, previous methods require the de-
sign of unique network architectures to address the issues
brought about by random sampling, making them not uni-
versally applicable to other models.

Therefore, in this paper, we propose FastAdapter, a uni-
versal adapter mechanism designed to mitigate the informa-
tion degradation issues associated with fast downsampling
methods. Specifically, FastAdapter consists of the P2A
(Point2Anchor) Aggregator and the A2P (Anchor2Point)
Adapter. For P2A Aggregation, we first establish fixed an-
chor points in the scene. Each point in the point cloud is
then assigned to the nearest anchor point, and its features
are injected into the anchor point to aggregate local contex-
tual information. To refine the features aggregated at the
anchor points, we facilitate information exchange between
the anchor points across both spatial dimensions and differ-
ent layers. Then, in the A2P Adapter, the features of the
anchor points are adaptively sent back to the downsampled
point cloud based on geometric relationships. This process
helps to supplement the lost local features and mitigates the
information degradation problem.

We want to emphasize that our method is independent
of the model and sampling method, allowing it to be uni-

versally embedded into existing approaches. An intuitive
idea for utilizing FastAdapter is to embed it into models
designed for fast downSampling (like RandLA with ran-
domsample or PTV3 [41] with GridSample ). By doing
so, FastAdapter can further alleviate the issues of geomet-
ric information degradation, effectively enhancing the over-
all performance of the model. However, a more practical
challenge is that most currently trained point-based models
are designed for FPS, such as the widely used PointNet++.
Therefore, we propose to fix the weights of these models
and embed FastAdapter, simultaneously replacing FPS with
random sampling for fine-tuning. This approach aims to
preserve the original knowledge learned by the model while
effectively mitigating the geometric information degrada-
tion issues brought about by random sampling and improve
inference speed several times. Some examples are shown in

Fig. 1. We primarily focus on the point cloud segmentation

task and conducted experiments on ScanNet, S3DIS, and

SemanticKITTI. We simultaneously tested various point-

based models, including those utilizing Fast DownSampling

(RandLA with randomsaple and PTV3 with gridsample)

and those designed with FPS (PointNet++ with FPS and

PointMetaBase-L/XL with FPS). In summary, FastAdapter

is a universal method that can effectively address the issue

of key information loss associated with fast downSampling.

We hope that this work will encourage researchers to focus

on random sampling or other fast downsampling methods

in order to achieve faster point cloud analysis.
Our contributions can be summarized as follows:

1. We propose FastAdapter, an adapter mechanism de-
signed to mitigate the information degradation problem
associated with Fast DownSampling methods, which can
be universally embedded into existing point-based mod-
els.

2. We propose the P2A Aggregator and A2P Adapter. The
former gradually injects the features of the input point
cloud into the anchor points to aggregate local informa-
tion, while the latter propagates the local information
from the anchor points back to the input point cloud to
supplement the local structural features lost due to fast
downsampling methods.

3. FastAdapter is tested on multiple segmentation datasets
and models, and the results verify its effectiveness.

2. Related Work

Voxel-based Methods. Due to the irregularity of points,
CNN is difficult to be directly applied to point cloud data.
Therefore, some works [0, 8, 21, 22, 42, 43, 46] voxelize
point clouds into regular grids, and then mature 2D net-
works can be used to identify point clouds. However, due
to the voxelization of point clouds, many empty voxels are
present in the scene. Traditional 3DCNN processes these
empty voxels, leading to unnecessary computational over-
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head. Therefore, to accelerate voxel-based models, sparse
convolution [4, 9, 24] is introduced, which is applied only
to non-empty voxels, significantly improving the inference
speed.

Point-based Methods. Point-based models operate di-
rectly on the point cloud data, which prevents missing in-
formation caused by operations such as voxelization or
projection. PointNet [25] first proposes to use symmet-
ric aggregation function to solve the disorder problem of
point cloud, and then PointNet++ [26] replaces CNN to
capture local features on irregular point cloud by custom
downsampling and grouping operator. Many subsequent
works [11, 16, 20, 30, 31, 34, 35, 40, 41, 44] design more
complex local feature extraction modules based on Point-
Net++. However, with the development of models, more
and more people pay attention to how to identify point
clouds more efficiently. PTV2 [40] designs grouped vec-
tor attention, which greatly reduces the computational over-
head of the attention mechanism through the grouping strat-
egy. APPNet [20] designs the push-pull operator, which
assigns each point to only one neighborhood, reducing the
overhead of repeated feature extraction. RandLANet [11]
uses random sampling and a specialized architecture.
Transfer Learning. Transfer learning refers to the pro-
cess of adapting a model to a new data distribution. Full
fine-tuning updates all parameters of the model without the
need for carefully designed tuning methods. While this ap-
proach is simpler, it carries the risk of losing the knowledge
that was acquired during the initial training. Prompt Tun-
ing [12, 19, 36, 37, 45] guides the fine-tuning of a model
by augmenting the input with additional prompt informa-
tion. In contrast, Adapter Tuning [3, 10, 13-15, 45, 47]
adjusts the model’s output features by inserting lightweight
Adapter modules into the model, making them more aligned
with the target distribution.

3. Proposed Method

In this section, we first outline FastAdapter’s task in 3.1,
which is how to achieve faster point cloud segmentation by
using FastAdapter and fast downSampling. Then, we intro-
duce the P2A Aggregator and A2P Adapter in 3.2 and 3.3,
respectively. Finally, we present the overall training loss in
3.4. The overall framework of FastAdapter can be seen in
Figure 2.

3.1. Preliminary

1) Background: Existing point-based models generally fol-
low the steps below when extracting local features from
points:

P, ¢ = dap, f) (1)
pN?f./\/ :¢t(¢g(pc7fc7p7f)) (2)
b, f = br(pns ) 3)

where p € R™ 3 and f € R™C represents the coor-
dinates and features of n points. Then, ¢, means the
downsampling methods, which then selects m center points
{(p® € R™3,f¢ € R™*Y)} from p and f. After that,
the point-based model uses ¢, to construct local neighbor-
hoods for each center point and extracts the features of each
neighboring point using ¢,. Finally, it aggregates the local
features into the center points using ¢,..

2) Problem Statement: FPS is widely used in most point-
based models; however, its computational overhead is sig-
nificant, impacting the model’s inference efficiency. In con-
trast, methods like random sampling and gridsample, which
have simple and fixed rules, offer higher efficiency. We re-
fer to these sampling methods as fast downSampling.

Above all, existing point-based models can be classi-
fied into two categories: one is ¢4y = FPS , and the
other is ¢4 € {RandomSample, GridSample}. There-
fore, FastAdapter has two main tasks: (1) For pretrained-
models that ¢4, = F'PS, since they are not designed with
architectures for fast downSampling, directly replacing FPS
with fast downSampling methods, such as random sam-
pling, can lead to severe performance degradation. Our
goal is to embed FastAdapter and fine-tune the pre-trained
model so that it can adapt to random sampling, signifi-
cantly improving inference speed while maintaining per-
formance relatively unchanged. The reason for choosing
random sampling is that it presents greater challenges and
can better demonstrate the effectiveness of our method. (2)
For models that have already utilized fast downSampling
( ¢a € {RandomSample, GridSample}), their architec-
tural design can somewhat mitigate the information loss
caused by fast downSampling. Therefore, we aim to em-
bed FastAdapter and train from scratch to demonstrate that
FastAdapter can complement such models effectively.

It is important to emphasize that for the first task, we do
not train from scratch but instead fine-tune the pre-trained
models. This is because these models are designed for FPS,
and training with FPS yields better results. By simply us-
ing FastAdapter and random sampling for lightweight fine-
tuning, we can inherit competitive performance. And the
second task can be regarded as a special case of the first
task, where we fine-tune the weights of all the models. To
this end, we will subsequently introduce the method based
on the settings of the first task, including the process shown
in Fig. 2. Therefore, we define the original model that uses
FPS as M rpg, and the model that incorporates FastAdapter
and undergoes fine-tuning with random sampling as M 4.

3.2. P2A Aggregator

The purpose of P2A Aggregator is to gradually aggre-
gate local features into anchor points and obtain well-
represented local structures through feature refinement so
that the A2P Adapter can supplement the structural features
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Figure 2. llustration of FastAdapter. FastAdapter can fine-tune any trained point-based model using FPS to adapt it to random sampling.
To achieve this, we freeze all parts of the model except for the classification head, and we insert the P2A Aggregator for aggregating local

features and the A2P Adapter for supplementing local information.

lost in the random sampling of the input points. Specifi-
cally, P2A first introduces a geometry-aware aggregation to
extract the local feature. Then, to further refine the local
structural features, we designed the Cross-Layer Aggrega-
tor and the Spatial Aggregator. The former primarily fuses
the features of anchor points across different layers, effec-
tively combining high-level and low-level semantic infor-
mation, while the latter employs an attention mechanism to
merge spatial information between different anchor points,
thereby expanding the receptive field.

Geometry-aware Aggregator. We first select L anchor
points ¢ € RY*3 in the initial scene using FPS, where L
is much smaller than the number of input points. Anchor
points are fixed throughout the entire forward process of the
model. In simple terms, the positions of the anchor points
inputted into each layer of FastAdapter remain the same,
which facilitates the subsequent cross-layer interaction of
information between the anchor points. In our implementa-
tion, L = 100. At the same time, for the [-th layer of the
model My 4, its output (p', f!) are obtained from Eq. 3.
For convenience, we define the output as (p, f!) to serve as
the input for FastAdapter.

Next, we inject the point cloud features into the anchor
points. To achieve this, we first define the corresponding an-
chor point index of the i-th point as j = argmin |p! —q;]|,

J

which means that we have p! € A, . Then, we calculate the
weights for aggregating local features based on the geomet-
ric distance from each point to the anchor point.

zi = MLP(p; — q;) 4
)

1
TN Zi
7 Len(Ng,) iezj\/:q.

where z; represents the geometric relationship between
i — th point and its corresponding anchor point, while z;?
represents the local geometric structure information of the
j —th anchor point. Then, we calculate the weights for each
point.

w; = MLP([2, 2]]) (6)

Finally, we inject the point features into the corresponding
anchor points based on the calculated weights.

Ay = Len(/\/qj) iezN:v wifi @

where A;; means the feature of j —th anchor points in [ —th
layer.

Cross-Layer Aggregator. In this part, we fuse the an-
chor points’ features of the current layer with those of the
previous layer and introduce a residual connection. We be-
lieve that this approach effectively combines the low-level
and high-level semantic features of anchor points, which
can enhance the semantic feature representation capability
of the anchor points. More importantly, the anchor features
from the previous layer can effectively prevent certain local
features from being completely discarded during the down-
sampling process of the current layer..

Az(;) = MLP([Aij, Aq—1);]) + Ay @®)

It is important to note that in the first layer, the Cross-Layer
Aggregator will not be applied since there are no features
from a previous layer.

Spatial Aggregator. However, since each point only in-
jects features into the corresponding anchor point, this lim-
its the ability of anchor points to fuse richer features and re-
stricts their receptive field. To address this, we propose the
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Table 1. Segmentation results on S3DIS [1] 6-fold, Area-5 and ScanNet [5]. We test our RandPoint on different point-based models and
report the mloU, mAcc, OA, the Throughput (TP) and the GFLOPs (G). Then, FPS means Farthest Point Sample, RS means Random

Sample and GS means GridSample.

. S3DIS 6-fold S3DIS Area5 ScanNet .
Methods Sampling mloU OA mloU OA mloU TP(ins./sec.) GFLOPs
KPConv [34] 70.6 - 67.1 - 69.2 - -
PointTransformer [44] 73.5 90.2 70.4 90.8 70.6 - 5.6
RepSurf [31] 74.3 90.8 68.9 90.2 70.0 - 1.04
ASSANet [27] FPS - - 65.8 88.9 - - 2.5
PointVector-L [7] 77.4 91.4 71.2 90.8 - - 10.7
Pix4Point [29] 69.6 89.9 - - - - -
PointNeXt-L [28] 73.9 89.8 69.5 90.1 69.4 - 15.2
PointNet++ [26] FPS 54.5 81.0 53.5 83.0 53.5 7.7 30.6
RS 51.6/2.9 79.701.3 50.8/2.7 81.3/1.7 51.1/2.4 23 30.6
+FastAdapter RS 54.040.5 80.6/0.4 53.1/0.4 82.710.3 52.9]0.6 201259%  31.8
PointMetaBase-L [18] FPS 75.6 90.6 69.8 90.6 71.0 7.3 8.48
RS 73.811.8 89.6/1.0 68.2]1.6 89.910.7 67.6/3.4 27 8.48
+FastAdapter RS 75.210.4 90.3/0.3 69.210.6 90.1,0.5 70.410.6 231315%  9.55
PointMetaBase-XL [18] FPS 76.3 91.0 71.5 91.0 71.8 6.5 39.28
RS 74.611.7 90.2/0.8 69.4]2.1 89.8/1.2 68.9/2.9 19 39.28
+FastAdapter RS 75.810.5 90.7/0.3 71.2]0.3 90.9]0.1 71.310.5 151230% 41.80
RandLA [11] RS 70.2 87.0 68.5 87.4 69.0 23 32.0
+FastAdapter RS 71.010.8 88.111.1 69.210.7 88.010.6 70.011.0 21 33.1
PTV3 [41] GS 77.7 - 73.4 - 77.5 25 150
+FastAdapter GS 78.210.5 - 73.810.4 - 78.010.5 23 155

Spatial Aggregator, which aims to use attention to merge
features from different anchor points to expand the recep-
tive field. Additionally, we introduce residual connections
to stabilize the training process.

2 1 . 1 1
Al(j) = Al(j) + Attentwn(Al(j)7 Al(j)) ©)
where Attention represents self-attention, which fuses fea-
tures between different anchor points. Then Al(?) will be
used for the A2P Adapter and as input for the [ 4 1 layer’s
Cross-Layer Aggregator.

3.3. A2P Adapter

A2P aims to propagate the aggregated local structural fea-
tures from the anchor points back to the downsampled point
cloud in order to supplement the local information lost dur-
ing random sampling.

Offset Embedding. However, directly backpropagating
the same anchor features to different points is suboptimal,
as features at different positions should exhibit differences.
To address this, we designed Offset Embedding, which pre-
dicts the feature offsets based on the positional offsets be-
tween the anchors and the points.

Oj; = MLP(p; — q5) (10)

Then, the features propagated from the superpoint to the
i-th point are given by:
=AY+ 0 (11)
Geometric Weight. However, the randomness of ran-
dom sampling may result in varying degrees of local infor-
mation loss across different regions. We believe that anchor
point features should primarily supplement information in
regions with significant loss rather than in areas with min-
imal loss. This approach can help preserve the knowledge
initialized by M rpg as much as possible, leading to supe-
rior performance. Therefore, we utilize z; and zj" obtained
from Eq. 4 and Eq. 5 to calculate the intensity of the super-
point feature propagation to the ¢ — th point. It is important
to note that this is different from the meaning of Eq. 6;
therefore, we need a new MLP for learning.
S = MLP([z;,2]]) (12)
Finally, we supplement the corresponding points with an-
chor point features based on the calculated weights.

fli=fl+SlAL (13)

Then fli will be used as the input of the [ + 1 layer.
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Table 2. Segmentation results on SemanticKITTI [2]. We report
the mloU and inference speed throughput (TP).

Methods | Sampling | Size | mloU |TP (ins./sec.)

PointNet [25] 14.6 -
PointNet++ [26] FPS 50K pts 20.1 -
TangentConv [33] 40.9 -
SqueezeSeg [38] 29.5 -
SqueezeSegV2 [39] - 64%2048 pixels| 39.7 -
RangeNet++ [23] - 52.2 -
RandLA [11] 52.9 32
+FastAdapter RS S0K pts 53.8 28

PointMetaBase-L FPS 71.8 7.0
RS 50K pts 69.2 18

+FastAdapter RS 71.3 16.7

3.4. Overall Loss

For the input (X,Y)={(x1,y1),(x2, Y2)s--s(Tn, Yn)}, where
x; and y; means the ¢ — th point and corresponding label,
M 4 output the point-wise feature fF 4 and the class pre-
dictions Pr 4.

fra,Pra = Mpa(X) (14)
Then, the segmentation loss is defined as:
Lseyg = CrossEntropy(Pra,Y) (15)

Furthermore, to improve the performance of Mg 4, we
additionally introduce feature distillation.

frps,-= Mpps(X) (16)
Laistin = 1 — Cos(fra, frps) a7
where C'os computes the cosine similarity between the in-

puts.
Finally, the overall loss can be defined as:

Loveratr = Lseg + AL asstinn (18)

It is worth noting that when FastAdapter is embedded
into models that already utilize Fast Downsampling meth-
ods, we do not use distillation loss; instead, we retain only
the segmentation loss.

4. Experiments

4.1. Experimental Setups

We primarily conducted experiments on the indoor datasets
S3DIS [1] and ScanNet [5], as well as the large-scale
outdoor dataset SemanticKITTI [2], and integrated multi-
ple point-based models to demonstrate the effectiveness of
RandPo.

S3DIS. S3DIS is a 3D point cloud dataset for indoor scene
understanding. The S3DIS dataset contains large-scale
RGB-D data collected from six indoor areas at Stanford

Table 3. Performance Variance Under Different Random Seeds.
We used PointMetaBase-XL as the backbone and conducted tests
on the S3DIS Area-5 dataset under three different random seeds
(1, 42, 1000).

‘Backbonepps BackboneRs‘FastAdaptertmin FastAdapter;,, fe,
mloU|  £0.4 £11 | +0.3 +0.1

Table 4. Ablation Study of Fine-tuning Setups. We used
PointMetaBase-XL and conducted tests on S3DIS Area-5 dataset.

Setups | mloU (%) mACC (%) OA (%)
Baseline | 69.47 75.81 89.87
Head 69.99 75.83 90.43
Decoder+Head 69.53 75.45 90.25
Encoder+Head 70.09 75.88 90.63
Full Fine-tuning 69.42 75.38 90.16
FastAdapter ‘ 71.22 77.34 90.86

University, covering a total of 272 rooms with 13 categories
of objects.

ScanNet. ScanNet is a large-scale 3D indoor space dataset.
It contains 2.5 million views from the indoor environment,
and each view has the corresponding camera pose, depth
map, and high-quality 3D reconstruction data. In addition,
it includes semantic annotations of over 1500 unique scenes
covering 20 common indoor categories.

SemanticKITTI. SemanticKITTI is a large-scale outdoor
dataset that includes LIDAR scans from 21 sequences, with
a total of 43,552 densely annotated scans, each containing
10° points. Following common practice, we use sequences
00 to 07 as the training set and sequence 08 as the evaluation
set.

4.2. Main Results

Indoor Segmentation. For indoor segmentation tasks, we
conducted experiments on S3DIS and ScanNet, integrat-
ing FastAdapter into the classic PointNet++ and RandLA
as well as state-of-the-art models PointMetaBase-L/XL and
PTV3 for testing. In terms of performance, we report
mloU and OA, while for efficiency, we report Throughput
(ins./sec) and GFLOPs (G). The efficiency tests were con-
ducted on an NVIDIA GeForce RTX 4090 and two Intel(R)
Xeon(R) Gold 6442Y CPUs. The results can be seen in the
Table 1,

First, for models PointNet++ and PointMetaBase-L/XL,
their original versions use FPS during both training and in-
ference, which significantly hampers inference speed. To
address this, we embed FastAdapter into the pre-trained
models and replace FPS with random sampling, followed by
simple fine-tuning. For each method, we report three types
of results: the first is the performance of the pre-trained
model using FPS, the second is the result of directly replac-
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Table 5. Ablation Study of P2A Aggregator and A2P Adapter.
We used PointMetaBase-XL and conducted tests on S3DIS Area-
5 dataset.

P2A Aggregator
Geometric-aware Cross-Layer Spatial

A2P Adapter

Offset Geometric-weight mioU

70.12
70.48
70.85
71.22

69.83
70.68
v 70.47

ENENENEN
ANENENEN

SNENEN ENENEN
ANENENIENEN
AENENIEN

y

ing FPS with random sampling in the pre-trained model,
and the third is the outcome of embedding FastAdapter into
the pre-trained model and using random sampling to fine-
tune. By comparing the first and the second result, we can
observe that models using random sampling achieve com-
putation speeds that are several times faster than those us-
ing FPS, demonstrating the significant efficiency advantage
of random sampling in fast point cloud segmentation. How-
ever, due to the limitations of random sampling, its use leads
to a substantial decrease in performance. Then, by compar-
ing the second and the third result, we can find that Fas-
tAdapter significantly reduces the performance degradation
while ensuring superior inference speed, effectively allevi-
ating the issues related to geometric information degrada-
tion. Taking the results on ScanNet as an example, when
using random sampling, embedding FastAdapter allows
PointNet++, PointMetaBase-L, and PointMetaBase-XL to
achieve improvements of 1.8%, 2.8%, and 2.4% mloU, re-
spectively. In comparison to using FPS, this approach only
results in a decrease of 0.6%,0.6% and 0.5% mloU while
significantly enhancing inference speeds by 259%, 315%,
and 230%, respectively. More importantly, these models
were not specifically designed with architectures for ran-
dom sampling. By freezing the model parameters and only
training FastAdapter, we were able to adapt these models to
random sampling. This demonstrates the versatility and ef-
fectiveness of FastAdapter. We have included additional
information regarding the training overhead (in terms
of epochs and additional parameter) in the supplemen-
tary materials.

Furthermore, for RandLLA and PTV3, which are specif-
ically designed with architectures corresponding to their
respective fast downSampling methods, embedding Fas-
tAdapter during training can further enhance model perfor-
mance. For example, on ScanNet, FastAdapter improved
the mIoU by 1.0% and 0.5% for RandLLA and PTV3, respec-
tively. This indicates that FastAdapter is complementary to
these specialized architectures and can further address the
information loss issues associated with fast downSampling.
Outdoor Segmentation We also conducted experiments
on the large-scale outdoor dataset SemanticKITTI, test-
ing RandLA and PointMetaBase-L to demonstrate the ef-

Table 6. Ablation Study of Training Setups. We used
PointMetaBase-XL and conducted tests on S3DIS Area-5 dataset.

Anchor Points Number‘ 50 100 150 200 250
mloU |70.87 7122 7120 71.13 70.92

Ao 1 5 10 20 100
mloU| 70.51 7104 7092 7122 7094 7051

fectiveness of FastAdapter. The results are shown in Ta-
ble 2. For RandLA, embedding FastAdapter allows us
to achieve an improvement of 0.9% mloU. In the case of
PointMetaBase-L, by replacing FPS with random sampling
and integrating FastAdapter for fine-tuning, we can achieve
an improvement of 2.1% mloU compared to directly using
random sampling. Furthermore, compared to using FPS,
this approach enhances inference speed by 238% while only
resulting in a decrease of 0.5% mloU.

Performance Variance Under Different Random Seeds.
Although Tabel | and Table 2 demonstrate that FastAdapter
can effectively assist point-based models in adapting to ran-
dom sampling, it is important to note that random sampling
may yield significantly different results under different ran-
dom seeds. Here, we aim to explore the stability of Fas-
tAdapter across various random seeds. We conducted ex-
periments using PointMetaBase-XL on S3DIS Area 5, with
the results shown in Table 3. We selected three different
random seeds (1,42,1000) and tested the performance vari-
ance of the models under various conditions. First, we re-
ported the variance of the baseline trained from scratch us-
ing both FPS (Backboner pgs) and RS (Backbonergs). The
results indicate that, due to the lack of a fixed rule in random
sampling, the performance exhibits a considerable vari-
ance. Then, we reported FastAdapter;,,;,,, which presents
the variance from training FastAdapter under three random
seeds. It is evident that, because we fine-tuned a pre-trained
model and the FastAdapter effectively compensated for the
geometric information lost during the downsampling pro-
cess, the randomness of random sampling was significantly
reduced, resulting in more stable model performance like
using FPS. Finally, we reported FastAdapter;,, ..., which
fixed the random seed to 42 when training model and per-
formed multiple inferences using different random seeds,
reporting the performance variance. The results show that
the local features captured through anchor point aggrega-
tion effectively compensated for the information lost due to
random sampling, resulting in stable outcomes.

4.3. Ablation Study

Fine-tuning Setups. Replacing FPS with Random Sam-
ple can be considered a distribution shift problem. There-
fore, fine-tuning can partially mitigate this issue. Here, we
tested different fine-tuning strategies to demonstrate the ef-
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Figure 3. Visualization results on the S3DIS Area 5 dataset. The first row shows the model’s predicted results, while the second row

displays the ground truth.

fectiveness of FastAdapter, and the results are shown in Ta-
ble 4. We conducted experiments using PointMetaBase-
XL on S3DIS Area-5 dataset. Firstly, the first row repre-
sents the performance of the model during inference when
directly replacing FPS with random sampling without any
fine-tuning. It is evident that the performance significantly
deteriorates due to the geometric information degradation
caused by random sampling. Then, we tested the perfor-
mance of finetuning different parts of the model without
FastAdapter. The results indicate that over-fine-tuning
multiple modules (The rest modules of Mrpg except for
A2P and P2A) led to suboptimal performance, with full
fine-tuning yielding the worst results. In contrast, fine-
tuning the classification head achieved good performance
with a smaller computational overhead. We believe this is
because freezing most of the parameters helps preserve the
knowledge learned during FPS training, thus avoiding the
training collapse caused by random sampling. Finally, since
FastAdapter continuously aggregates local features through
anchor points to supplement information, training only Fas-
tAdapter while freezing the weights of the model except for
the head can achieve the best results. This indicates that
FastAdapter can effectively assist the model in adapting to
the distribution resulting from the use of random sampling.

P2A Aggregator and A2P Adapter. Here, we tested the
design strategy of the P2A Aggregator and A2P Adapter
using PointMetaBase-XL on S3DIS Area-5 dataset, and the
results are shown in Table 5. The first four rows are used
to test the effect of P2A Aggregator, while the last three
rows are used to evaluate the performance of A2P Adapter.
First, in the first row, we simply averaged the point features
into anchor point without Geometric-aware aggregation. In
the second row, we employed a geometry-aware aggrega-
tion module that dynamically assigns aggregation weights
based on geometric information. As a result, we observed a
noticeable performance improvement. Then, by adding the
Cross-Layer Aggregator and Spatial Aggregator, the perfor-

mance gradually improved, which demonstrates the effec-
tiveness of the P2A design. Further, In the fifth row, we
directly added the anchor point features to the correspond-
ing point cloud without any processing. It can be observed
that due to the lack of correction and weighting for the an-
chor features, the inherent characteristics of the point cloud
may be compromised, resulting in a significant decline in
performance. In the sixth row, by incorporating Offset Em-
bedding, we can effectively correct the anchor features, pre-
venting biased information from being propagated.
Training Setups. In this section, we primarily tested the
impact of the number of superpoints and the distillation
loss weight A on the performance of PointMetaBase-XL on
S3DIS Area-5. As shown in Table 6, regarding the number
of anchor points, we can see that setting the count to 100
and 150 yields the best performance. Further increasing the
number of anchor points does not lead to additional perfor-
mance improvements; instead, it increases costs. Regarding
the weight of the distillation loss, it can be observed that
when the weight is set to 0, there is a significant decline in
performance.

Visualizations. In Figure 3, we visualized the segmentation
results of FastAdapter. It can be observed that FastAdapter
can help the model achieve accurate segmentation results
under random sampling conditions.
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6. Conclusion

In this paper, we introduce FastAdapter, which continuously
aggregates local features through anchor points to supple-
ment the information lost during downsampling. This ap-
proach effectively alleviates the geometric degradation is-
sues associated with fast downsampling methods.
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