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Abstract—Few-shot point cloud semantic segmentation aims 
to segment novel categories with limited labeled data, making it 
crucial for remote sensing and computer vision applications. 
Meta-learning-based methods have demonstrated success in 
segmenting unseen categories. However, existing approaches 
struggle with insufficient information and ambiguity when 
handling small objects or those with similar structures. To 
address these limitations, we propose SpSeg, an optimization 
framework that leverages superpoint semantics. SpSeg exploits 
the observation that semantic primitives of specific categories 
become increasingly evident at larger point set scales, focusing 
on semantic primitive information previously overlooked. We 
first construct initial superpoints and leverage the emerging 
semantic primitives from expanding superpoints to obtain 
refined superpoint representations. SpSeg then performs pre-
classification on original points based on generated superpoints, 
providing semantic primitive and classification information for 
few-shot segmentation. Experimental results demonstrate that 
our model achieves state-of-the-art (SOTA) performance in few-
shot segmentation tasks on the S3DIS dataset, surpassing all 
previous methods across eight different settings, thereby 
validating the effectiveness of the model.  

Keywords—Meta-Learning, Few-shot Learning, Superpoint 
construction, Point Cloud, Semantic Segmentation 

I. INTRODUTION  

Point cloud semantic segmentation[1-3] holds significant 
value in computer vision and remote sensing applications. 
With advancements in remote sensing technology, high-
precision point cloud data acquisition has become 
increasingly common. However, annotating such data remains 
time-consuming and costly[4], leading to a scarcity of samples 
for specific categories or scenarios. Few-shot point cloud 
segmentation enables rapid adaptation to new environments 
and categories while improving model generalization and 
practicality through effective segmentation techniques, 
without relying on large annotated datasets. This progress 
further accelerates research and applications of point cloud 
segmentation in remote sensing. Therefore, achieving 

efficient and accurate point cloud segmentation under few-
shot conditions has become a crucial topic in remote sensing 
research. 

Recent advances few-shot point cloud semantic 
segmentation (FS-PCS) have achieved notable progress. 
Current frameworks primarily aim to address key challenges 
to enhance segmentation performance. To mitigate issues such 
as foreground leakage and sparse point distribution, 
researchers have proposed a standardized FS-PCS setup[5] and 
established a corresponding benchmark. Additionally, a 
correlation optimization segmentation model has been 
developed, representing the relationship between query points 
and support set prototypes by computing multi-prototypical 
correlations for each category. Furthermore, a hyper-
correlation augmentation module has been introduced to 
enhance the effectiveness of these multi-prototypical 
correlations. 

Despite achieving promising results, current few-shot 
point cloud segmentation frameworks[5] exhibit notable 
limitations. Direct correlation computation between support 
and query set prototypes often leads to misclassification 
among structurally similar categories. Moreover, these 
methods demonstrate reduced accuracy when segmenting 
small objects due to limited data availability. Existing 
approaches fail to fully leverage semantic primitive 
information during feature extraction, resulting in insufficient 
model robustness across diverse object categories. 

In this paper, we propose a novel optimization frame work 
for few-shot point cloud semantic segmentation, termed 
SpSeg. SpSeg enhances few-shot segmentation models by 
integrating meta-learning methods with a superpoint 
construction framework that leverages semantic primitives. It 
capitalizes on the property that, as the point set scale increases, 
the semantic primitives of specific categories become 
progressively evident. SpSeg focuses on extracting this 
semantic primitive information, which is often overlooked in 
prior methods. Specifically, SpSeg first constructs initial 
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superpoints based on fundamental point cloud features. 
During the expansion of these superpoints, it utilizes the 
progressively revealed semantic primitives to achieve more 
accurate superpoint classifications. These classifications are 
then employed for pre-classifying the original points, 
effectively compensating for the neglect of semantic primitive 
information in mainstream frameworks, which often directly 
compute prototype correlations between support and query 
sets. By emphasizing semantic primitives and superpoint 
classification, SpSeg significantly improves the accuracy of 
few-shot point cloud semantic segmentation. Experimental 
results on the S3DIS dataset demonstrate that SpSeg achieves 
substantial performance gains over baseline methods. 

Our contributions are summarized in the following: 

 We introduce SpSeg, a novel framework for few-
shot point cloud semantic segmentation that 
enhances performance under limited data conditions.. 

 We develop a semantic primitive-based superpoint 
construction module that effectively leverages 
previously overlooked semantic information. 

 Extensive experiments on S3DIS demonstrate that 
SpSeg achieves state-of-the-art performance, 
substantially outperforming existing methods. 

II. METHODOLOGY 

A. Overview 

We propose a novel method, SpSeg, which integrates a 
meta-learning framework with superpoint construction based 
on semantic primitives to address challenges in few-shot point 
cloud semantic segmentation. 

Figure 1 illustrates the primary framework of the proposed 
SpSeg method. SpSeg consists of two key modules: 1) A 
multi-prototype correlation module, which models the 
relationship between query points and support set category 
prototypes. This is enhanced by a super-correlation module 
that improves the effectiveness of multi-prototype correlation 
computation. 2) A semantic primitive-based superpoint 
construction and expansion module. Initially, this module 
constructs superpoints using fundamental information from 
the point cloud. High-dimensional features are subsequently 
extracted to iteratively cluster these superpoints, and further 
refinement is achieved by incorporating semantic primitive 
information obtained during the clustering process. This 
iterative process improves segmentation accuracy, especially 
for small and structurally similar objects, and enhances the 
overall performance of the segmentation task. 

 

B. Multi-Prototypical Correlation 

In this section, the model computes cosine similarity 
between query points and foreground and background 
prototypes in the support set, generating the multi-prototype 
correlation between the query and support sets. Figure 2 
presents the framework of the multi-prototype correlation 
computation stage. 

 

Fs and Fq represent the feature representations of the 
support and query sets, respectively. Ls corresponds to the xyz 
coordinates of support points from Xs, while Y˜ s denotes the 
inverse mask of Ys. Ffps refers to the farthest point sampling 
operation, primarily used to compute the foreground prototype 
Pfg and background prototype Pbg for the support set. 

P୤୥ = 𝐹ୡ୪୳ୱ൫Fୱ ∙ Yୱ，S୤୥൯，S୤୥ = 𝐹୤୮ୱ(Lୱ ∙ Yୱ) (1) 

Pୠ୥ = 𝐹ୡ୪୳ୱ൫Fୱ ∙ Yୱ
~，Sୠ୥൯，Sୠ୥ = 𝐹୤୮ୱ(Lୱ ∙ Yୱ

~) (2) 

The cosine similarity between the features of the query 
points and the foreground prototype Pfg and background 
prototype Pbg is computed, resulting in the relevance matrices 
Cfg∈RN

Q
×N

O and Cbg∈RN
Q

×N
O. 

C୤୥ =
F୯ ∙ P୤୥

୘

ฮF୯ฮฮP୤୥
୘ฮ

, Cୠ୥ =
F୯ ∙ Pୠ୥

୘

ฮF୯ฮฮPୠ୥
୘ ฮ

 (3) 

C. Semantic Prototype-Based Superpoint Construction and 
Expansion 

We propose a semantic prototype-based superpoint 
construction and expansion module to address the omission of 
semantic prototype information when calculating correlations 
between prototypes in the support and query sets. The module 
leverages the VCCS (Voxel-based Clustered Superpoint) 
method along with region-growing algorithms to construct 
initial superpoints. In the superpoint expansion phase, high-
dimensional feature calculations are performed, integrating 
these features with semantic prototype information. This 
integration enhances the clustering and expansion of 
superpoints, resulting in refined classification and more 
accurate pseudo-labels for each point. Figure 3 presents the 
framework of the superpoint construction and expansion 
module based on semantic primitives. This approach improves 
the model's ability to differentiate between categories, 
especially in the presence of structural similarities, and 
facilitates better handling of small objects in the segmentation 
task. 

 
Fig. 1. The main framework of SpSeg. 

 
Fig. 2. Multi-prototype correlation calculation framework. 
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1) Initial Superpoint Construction 
In the experiments conducted on the S3DIS dataset, the 

input point cloud is voxelized into a 5×5×5 cm grid[6]. A set of 
seed points is uniformly distributed at 50 cm intervals within 
the voxelized cloud. For each seed point, a spherical region 
with a 50 cm radius is defined, with the seed point as the center. 
Its 27 neighbors are then searched, and the distance between 
each neighbor and the center is calculated as follows: 

D = ඨωୡDୡ
ଶ +

ωୱDୱ

3Rୱୣୣୢ
ଶ + ω୬D୬ (4) 

Where Dc，Ds and Dn represent the Euclidean distances 
in terms of color, spatial position, and normal vector, 
respectively. The point with the smallest distance is assigned 
to the superpoint associated with the current center. The newly 
added point becomes the new center, incorporating additional 
overlapping points until the spherical boundary is satisfied. In 
the experiments, the weights ωୡ，ωୱ and ω୬ are set to 0.2, 
0.4, and 1, respectively. The 50 cm interval controls the size 
of the overlapping points. 

Simultaneously, the region growing algorithm[7] is 
executed. This algorithm merges points with similar local 
smoothness, forming clusters of points belonging to the same 
smooth surface. Smoothness is assessed based on the 
similarity of point normals. Additionally, the algorithm 
initiates growth from points with the smallest curvature values, 
typically found in flat areas, effectively guiding region 
expansion. 

The input point cloud data is initially segmented into 
multiple regions using supervoxel clustering (VCCS) and 
region growing algorithms. These regions are subsequently 
merged to enhance coherence. Specifically, for each region 
generated by supervoxel clustering, if at least half of its points 
are covered by a region from the region growing algorithm, all 
points from the former are merged into the latter. This merging 
process leads to larger, more coherent regions, which 
improves the quality of the segmentation and contributes to 
more accurate semantic predictions. 

2) Superpoint Expansion 
During the superpoint expansion phase, the model 

employs the K-means[8] algorithm to extract high-dimensional 
features. This phase consists of two parts: in the first part, the 
superpoints do not expand, and the model continuously 
applies the K-means algorithm to extract features, calculate 
pseudo-labels, and evaluate loss. In the second part, the model 
continues extracting features, calculating pseudo-labels, and 
evaluating loss through K-means, while introducing new 
clustering operations to expand the superpoints and update the 
pseudo-labels. Through iterative calculations in both phases, 

superpoints gradually expand, leading to more accurate 
classification results. 

This part takes the point cloud data Ph and its 
corresponding neural featuresF୦ ∈ R୒×୏, where N represents 
the number of points and K denotes the feature dimension for 
each point. Additionally, the initial superpoints are provided, 
represented by the set ൛Pଵ

~୦ ⋯ P୫బ
~୦ ⋯ P୑బ

~୦ൟ . First, we will 
compute the average neural features of the initial superpoints, 
denoted as ൛fଵ

~୦ ⋯ f୫బ
~୦ ⋯ f୑బ

~୦ൟ: 

f୫బ
~୦ =

1

Q
෍ f୯

୦ ，f୯
୦ ∈ Rଵ×୏

୕

୯ୀଵ

 (5) 

Q is the total number of points in the initial superpoint 𝑃௠బ
~௛, 

and 𝑓௤
௛ is the feature vector of the qth point extracted from 𝐹௛. 

After obtaining these initial superpoint features, we use the K-
means algorithm to group the M0 feature vectors into M1 
clusters, where M1＜M0. Each cluster represents a new, larger 
superpoint. Ultimately, we obtain the new superpoints: 

൛Pଵ
~୦ ⋯ P୫భ

~୦ ⋯ P୑భ
~୦ൟ

୏୫ୣୟ୬ୱ
ር⎯⎯⎯⎯ሲ ൛fଵ

~୦ ⋯ f୫బ
~୦ ⋯ f୑బ

~୦ൟ (6) 

The superpoint expansion step is executed independently 
on each input point cloud. A smaller M1 results in a more 
aggressive expansion process. 

III. EXPERIMENTS 

A. Experimental Data and Evaluation Metrics 

To evaluate the effectiveness of the proposed few-shot 
point cloud semantic segmentation method, we use the 
Stanford 3D Indoor Space Dataset (S3DIS)[9] for experiments. 
S3DIS is a well-known dataset for indoor scene understanding 
and 3D semantic segmentation, featuring rich diversity and 
complexity. It consists of six regions (Region 1 to Region 6), 
thirteen semantic categories (e.g., ceiling, floor, wall), and 
eleven scene types (e.g., office, conference room, corridor). 
We adopt the Mean Intersection over Union (mIoU) as the 
evaluation metric to assess segmentation performance. mIoU 
measures model accuracy by computing the overlap between 
predicted and ground truth results for each category, with 
higher mIoU values indicating better performance. 

B. Experimental Details 

The SpSeg framework is implemented in PyTorch, with 
all experiments conducted on a single NVIDIA A6000 GPU. 
The framework uses the first three modules of the Stratified 
Transformer[10] as the backbone network. Superpoint 
construction employs the SparseConv[11] architecture, with the 
encoder based on Res16 and the decoder consisting of four 
MLP layers, producing 128-dimensional point-wise features. 
Training is carried out using the AdamW[12] optimizer, with a 
learning rate of 0.00005 and a weight decay of 0.01. 

C. Quantitative Analysis 

The comparison results of our method with four previous 
approaches on eight benchmarks are shown in Tables 1 and 2. 
Table 1 presents the model performance on the S3DIS dataset 
with cvfold set to 0, while Table 2 shows performance with 
cvfold set to 1. 

 
Fig. 3. Framework diagram of superpoint construction and 
expansion based on semantic primitives. 

6754

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on April 22,2026 at 05:54:52 UTC from IEEE Xplore.  Restrictions apply. 



 

 

When cvfold is 0, SpSeg significantly outperforms 
COSeg[5] , with improvements ranging from 2.25% to 4.51%. 
When cvfold is set to 1, the improvement ranges from 1.22% 
to 2.98%. SpSeg achieves state-of-the-art results across all 
eight benchmarks. Additionally, the model demonstrates 
significant accuracy improvement when the cvfold is 0, owing 
to the smaller volume and higher structural similarity of 
categories in the test set. This observation highlights the 
advantage of SpSeg in effectively handling few-shot 
classification challenges, particularly in scenarios involving 
small objects and structurally similar categories. The results 
underscore the model's ability to maintain high performance 
under such conditions, confirming its robustness in dealing 
with challenging segmentation tasks. 

TABLE I.  RESULTS (%) ON DIFFERENT PROTOTYPES（S0） 

 
Method 

AttMPTI[13] 

(CVPR2021) 
QGPA[14] 

(TIP2023) 
COSeg[5] 

(CVPR2024) 
SpSeg 
Ours 

1-way 
1-shot 

36.32 35.50 46.31 48.56 

1-way 
5-shot 

46.71 38.07 51.40 54.46 

2-way 
1-shot 

31.09 25.52 37.44 40.12 

2-way 
5-shot 

39.53 30.22 42.27 46.78 

TABLE II.  RESULTS (%) ON DIFFERENT PROTOTYPES（S1） 

 
Method 

AttMPTI[13]  
(CVPR2021) 

QGPA[14]  
(TIP2023) 

COSeg[5] 

(CVPR2024) 
SpSeg 
(Ours) 

1-way 
1-shot 

38.36 35.83 48.10 49.43 

1-way 
5-shot 

42.70 39.70 48.68 51.66 

2-way 
1-shot 

29.62 26.26 36.45 37.67 

2-way 
5-shot 

32.62 32.41 38.45 40.45 

D. Visual Analysis 

Figure 4 presents visualizations of the generated initial 
superpoints. (a), (b), and (c) correspond to one region, while 
(d), (e), and (f) depict another. Specifically, (b) and (e) 
visualize the original labels, whereas (c) and (f) show pseudo-
labels of the initial superpoints. The results indicate that while 
the initial superpoints provide a coarse segmentation, they 
lack fine-grained precision, necessitating further refinement in 
the superpoint expansion module. 

 

Figure 5 presents the final visualization results of the 
model. In (a), (b), (c), and (d), the red, yellow, green, and 
orange regions indicate the areas to be predicted, while (e), (f), 
(g), and (h) show the corresponding predictions. The results 
indicate that the model achieves satisfactory segmentation 
performance for most objects. 

 

IV. CONCLUSION  

In this paper, we proposed SpSeg, a novel few-shot 
point cloud segmentation framework that integrates 
semantic primitive-based superpoint construction and pre-
classification to enhance segmentation accuracy. SpSeg 
addresses challenges in segmenting small objects and 
structurally similar categories by iteratively refining 
superpoints and leveraging semantic information. Our 
method significantly outperforms existing approaches on 
the S3DIS dataset, achieving state-of-the-art performance 
across eight different settings. While SpSeg improves 
segmentation robustness, challenges remain in 
differentiating highly similar categories due to dataset 
limitations. Future work will explore diverse datasets and 
adaptive learning mechanisms to further enhance few-shot 
segmentation in real-world applications.  
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