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Abstract

Few-Shot 3D Point Cloud Semantic Segmentation (3D-FS) mitigates the issues of

insufficient data annotation and emerging novel classes in real-world scenarios, but

it totally ignores the performance on base classes.

In this paper, we address a more practical task, Generalized Few-Shot 3D Point

Cloud Semantic Segmentation (3D-GFS), which aims to perform segmentation si-

multaneously on base classes with adequate samples and novel classes with few

samples. Based on the prototypical Base Model, we propose Adaptive Support

Enrichment module and Query Aware Representation module to utilize the contex-

tual information of semantic segmentation. The former exploits the co-relationship

between base and novel classes in support samples while the latter mines seman-

tic information from query samples. Besides, considering the different embedding

spaces, we propose a new training strategy to get a better representation of pro-

totypes. Experiments on S3DIS and ScanNet show that our proposed method

outperforms our Base Model and the conventional 3D-FS methods.
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Chapter 1

Introduction

1.1 Background

3D perception is of great importance in computer vision. Diverse 3D sensors like

LiDAR, light field cameras, ultrasonic sensors, and structured light sensors, which

record real-world objects with digital representations derived from surface sampling

points, help a lot in 3D perception. The 3D data processing methods contribute a

lot to various real-world applications, including autonomous driving [8], assistive

robots [9], digital urban [10], augmented/virtual reality [11], and so on. Therefore,

3D perception is a challenging and worthwhile research problem. Fig. 1.1 illustrates

various real-life application scenarios of 3D point cloud technology.

Figure 1.1: The application of 3D point cloud.

Different from 2D images, 3D point cloud suffers from inherent properties: un-

ordered, irregular, and invariant under transformations [1], making it impractical

1
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to directly apply established 2D image processing techniques to the 3D point cloud.

As a result, investigating specialized approaches designed for 3D point cloud be-

comes crucial. The thriving development of deep learning brings new improve-

ments. The pioneering work PointNet [1], the enhanced edition PointNet++ [2],

and the subsequent work [3, 12–15] employ well-designed neural networks to process

point clouds directly, achieving impressive performance.

Semantic segmentation is a key task among different 3D point cloud problems. It

involves classifying each point within a scene represented by 3D point clouds. How-

ever, the challenge in fully-supervised semantic segmentation is that the promising

result heavily relies on training over a huge amount of labeled data, which requires

laborious annotations in practice. Besides, these approaches lie in the assumption

of a closed set that the training and testing datasets share the same class space.

Unfortunately, such an assumption may be too restrictive in real-world scenarios,

because novel classes can emerge unpredictably after training. This largely limits

the generalizability of the trained models. Therefore, it still remains a challenging

problem to obtain a practical solution for 3D point cloud segmentation.

Various studies have tried to address the data constraints in fully-supervised 3D

semantic segmentation by employing self- [16], weakly- [17], and semi-supervised

[18] learning methods. However, these approaches still largely adhere to the closed-

set assumption. This means they overlook the importance of generalizing to novel

classes.

Very recently, the concept of few-shot learning has gained great interest within the

3D community. Few-shot 3D Point Cloud Semantic Segmentation [5, 19], denoted

as 3D-FS, seeks to overcome such limitations by training a model to segment each

point of novel classes in query samples, using support samples as a reference. The

dataset of the 3D-FS task consists of two sets, a support set and a query set. In the

training/testing phase, the support set provides 3D-FS models with target prior

information, which allows the 3D-FS models to recognize target classes in query

samples. Subsequently, the 3D-FS model makes predictions on the query samples

with the prior knowledge from the support data. 3D-FS imitates the situation with

limited labeled data for novel classes.

While the 3D-FS have achieved remarkable segmentation accuracy on the novel

classes, the performance of the base classes is completely ignored, because 3D-FS
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treats all base classes as background. This is inconsistent with real-world ap-

plications. Consequently, 3D-FS models face difficulties in addressing practical

evaluation involving both base and novel classes.

1.2 Contribution

With these facts, we consider a practical yet challenging setting Generalized

Few-shot 3D Point Cloud Semantic Segmentation, denoted as 3D-GFS,

which performs segmentation on both well-represented base classes and scarcely-

sampled novel classes simultaneously. A typical 3D-GFS approach is structured

into three key phases: 1) base prototype generation phase, focusing on base classes;

2) novel prototype registration phase using support samples of novel classes; and 3)

final evaluation phase, targeting all classes. The primary distinction between 3D-

GFS and 3D-FS lies in their evaluation approach. In contrast to 3D-FS, 3D-GFS

avoids complex episodic training [20]. It does not need to process support samples

alongside query samples containing identical target classes for prediction. This is

because 3D-GFS has acquired essential information of all classes during the base

prototype generation phase and novel prototype registration phase respectively. As

a result, the 3D-GFS model achieves remarkable performance on base and novel

classes while preserving the prediction accuracy in base classes.

Inspired by 3D-FS task [5], we design a prototypical Base Model for 3D-GFS with

decent performance. To utilize the contextual information of semantic segmenta-

tion, an Adaptive Support Enrichment (ASE) module is proposed to exploit the

essential co-relationship between base and novel classes in support samples in com-

bination with a Query Aware Representation (QAR) module to explore the seman-

tic information from individual query samples. Besides, considering the different

embedding spaces, we further design a new training strategy to imitate the sce-

narios of real novel and base classes and get a better representation of prototypes.

Building upon this, we evaluate two benchmarks available for the 3D-GFS task,

namely S3DIS [6] and ScanNet [7]. Compared with the Base Model, our method

demonstrates notable improvements in the Generalized Few-Shot settings of 5-shot,

10-shot, and 30-shot, achieving approximately 3.66%, 3.82%, and 3.73% enhance-

ment on the S3DIS dataset, and 4.72%, 4.67%, and 3.9% on the ScanNet dataset,

respectively. Besides, we demonstrate that applying the 3D-FS model to 3D-GFS
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setting performs poorly. Specifically, our method achieves a better performance

than the state-of-the-art 3D-FS method distinctly by margins of 26.72/24.17% and

15.05/14.84% under the 5/10-shot on S3DIS and ScanNet datasets, respectively.

Our contributions are as follows:

1. We analyze the shorts of classic Few-shot 3D Point Cloud Semantic Segmen-

tation and we focus on a more pragmatic and applicable task, Generalized

Few-shot 3D Point Cloud Semantic Segmentation.

2. We introduce the Base Model for Generalized 3D Few-shot Semantic Segmen-

tation. We further introduce an Adaptive Support Enrichment module and

a Query Aware Representation module to utilize the contextual information.

3. We design a new training strategy to imitate the scenarios of real novel and

base classes and get a better representation of prototypes.

4. We established two benchmarks using the S3DIS [6] and ScanNet [7] datasets

to validate the efficacy of our method.

1.3 Organization of the Report

The report is organized as follows:

1. Chapter 1 outlines the background and motivation of our Generalized Few-

shot 3D Point Cloud Semantic Segmentation task and details the significant

contributions of our proposed methods.

2. Chapter 2 gives a comprehensive review of the existing literature.

3. Chapter 3 defines the setting of classic Few-shot 3D Point Cloud Semantic

Segmentation and our task, Generalized Few-shot 3D Point Cloud Semantic

Segmentation.

4. Chapter 4 demonstrates the proposed solution of the task, including the Base

Model, the proposed Adaptive Support Enrichment module and the Query

Aware Representation module, along with the new training strategy.
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5. Chapter 5 shows the datasets, implementation details, and the results of our

experiments.

6. Chapter 6 draws the conclusion of our work and lists the possible improved

methods for future work.





Chapter 2

Literature Review

2.1 3D Semantic Segmentation

Figure 2.1: Several representation methods of 3D data.

The objective of 3D point cloud semantic segmentation is to accurately assign a

unique label to each point in a 3D point cloud. These labels are selected from

predefined classes, each corresponding to specific semantic meanings. Effective 3D

point cloud semantic segmentation demands the comprehension of not only the

global geometric structure but also the local aggregation feature of each 3D object.

Different from 2D images where pixels are organized in regular grids and amenable

to classical convolution, 3D point clouds are intrinsic in irregular and unordered

7



8 2.1. 3D Semantic Segmentation

Figure 2.2: The architectures of the PointNet model [1]. PointNet employs
several MLP layers to learn the feature from each point and utilizes a max
pooling method to extract global geometric structure.

Figure 2.3: The architectures of the PointNet++ model [2]. PointNet++ uses
a hierarchical spatial structure, which stacks multiple set abstraction levels.

forms. This unstructured nature poses significant challenges in processing and un-

derstanding 3D point clouds. To mitigate these challenges, indirect yet regular

representations such as octree [21], kdtree [22], multi-view projections [23], voxel

[24, 25] and mesh [26] have been proposed. Figure 2.1 illustrates 3D point cloud

representation, including the point, mesh, voxel, and multi-view projections. How-

ever, with the thriving of advanced deep learning architectures, many contemporary

approaches now focus on directly processing raw 3D points using neural networks,

preserving the original 3D geometric information. The core issue in point cloud
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analysis is how to learn the global geometric structure from the entirety of the 3D

object while simultaneously aggregating its local features.

As the pioneer work, PointNet [1] respects the permutation invariance of points

and designs a single symmetric function. PointNet employs several Multilayer Per-

ceptron layers to learn the feature from each point and utilizes a max pooling

method to extract global geometric structure. Figure 2.2 shows the architectures

of the PointNet model. However, PointNet ignores the local structural information

between points because features are learned independently from each point. Sub-

sequently, PointNet++ [2] is designed to recognize local fine-grained patterns from

the neighborhood of each point using a hierarchical spatial structure. The archi-

tecture involves stacking multiple set abstraction levels, with each level comprising

three distinct layers: a sampling layer, a grouping layer, and a learning layer based

on PointNet. The sampling layer is responsible for selectively choosing a subset of

points, the grouping layer clusters these points based on their spatial proximity,

and the PointNet-based learning layer extracts and processes the features from each

group. The architectures of the PointNet++ model are showcased in Figure 2.3.

In the following work, efficient sampling of the point set significantly enhances the

performance of such models, and the development of various sampling strategies

can be found in [27–30].

Numerous methods represent the point cloud with a graph and pass messages

within this graph structure to aggregate global and local features. Edge-Conditioned

Convolution (ECC) [31] treats each point as a graph vertex, interlinking vertices

through directed edges. Here, dynamic edge-conditioned filters are employed, gen-

erating convolution kernels based on intra-cloud edges. Superpoint Graphs (SPG)

[32] focuses on representing contextual relationships through a superpoint graph,

i.e. superpoints and simple shapes. It forms an attributed directed graph, referred

to as a superpoint graph, to capture the structural and contextual representation

of the point cloud. KCNet [33] adopts a novel strategy to explore local geometric

structures by defining a set of learnable points as kernels. Then, it applies recursive

feature aggregation on a nearest-neighbor-graph to explore local high-dimensional

features. RGCNN [34] employs a unique approach to graph construction, con-

necting each point in a 3D object with all others and dynamically updating the

graph Laplacian matrix layer by layer. To promote feature similarity between ad-

jacent vertices, the model incorporates a graph-signal smoothness before its loss
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Figure 2.4: The overview of the DGCNN [3] model. The top branch of the
model is designated for classification, while the bottom branch focuses on seg-
mentation. The input of the model is n points, each being analyzed within an
EdgeConv layer to generate an edge feature set of size k. These features within
each set are then aggregated to produce EdgeConv responses for the respective
points. The symbol

⊕
represents the concatenation process in this architecture.

function. The research in [35] introduces LocalSpecGCN, an innovative end-to-

end spectral convolution network specifically tailored for local graphs, which are

generated based on the k-nearest neighbor principle. DeepGCNs [36] focuses on

leveraging the potential of increasing depth within graph convolutional networks.

It borrows concepts from Convolutional Neural Networks such as residual/dense

connections and tailors them to fit the context of GCNs. DGCNN [3] applies graph

convolutions on k-nearest neighbors (kNN) graphs. A dynamic approach to graph

construction is employed within the feature space, with the graph being updated

following each network layer. The EdgeConv module, the core of this architecture,

utilizes Multilayer Perceptron layers for edge feature learning and channel-wise

symmetric aggregation. Figure 2.4 illustrates the architectures of the DGCNN

model.

Additionally, many approaches employ continuous convolutions directly on the 3D

point set to aggregate global and local features. RS-CNN [13] features the RS-

Conv layer, which processes a local subset of points and applies convolution via

a Multilayer Perceptron layer. This layer is designed to learn the transformation

from low-level relational features, like Euclidean distance and relative position,
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into high-level relational characteristics. SpiderCNN [37] utilizes a series of poly-

nomial functions to define kernel weights for the convolution. Spherical CNN [38]

introduces spherical convolution, specifically addressing 3D rotation equivariance

challenges. It processes multi-valued spherical functions and parameterizes convo-

lutional filters using anchor points in the spherical harmonic domain. In PointConv

[14], convolution is seen as a Monte Carlo estimation of continuous 3D convolution,

grounded in importance sampling. The convolutional kernels in this framework

are composed of two components: a weighting function learned through Multilayer

Perceptron layers, and a density function determined via kernelized density estima-

tion and additional Multilayer Perceptron layers. KPConv [39] develops learnable

convolution weights for 3D point clouds that are contingent on input coordinates.

PointCNN [12] learns an X-transformation from the input points into a latent

order, executed through Multilayer Perceptron layers, and then applies standard

convolutional operators.

Although the aforementioned networks have achieved a promising performance in

the fully-supervised 3D semantic segmentation task, they lose their effectiveness

when encountering new categories without enough labeled samples. Consequently,

our study focuses on generalized few-shot learning applied to 3D semantic seg-

mentation, generalizing segmentation across base and novel classes simultaneously.

Considering both the accuracy and efficiency, we apply the most common network

structure DGCNN [3] as our feature extractor to capture both global and local

features.

2.2 Few-shot Learning

Few-shot learning, an important domain in deep learning, aims to classify novel

classes when only a limited number of training samples with supervised informa-

tion are available [40]. To address this challenging task, several meta-learning

approaches [20, 41–46] have proposed to learn ‘how to learn’ to enhance the gen-

eralization capabilities of the model. Few-shot Learning models can be roughly

categorized into three types: model-based, metric-based, and optimization-based

methods. Specifically, Metric-based method is of particular interest, which involves

learning an effective metric function capable of generating an embedding space of

similarity to effectively represent the correlation between labeled and unlabeled



12 2.3. Few-shot Segmentation

Figure 2.5: The architecture of PANet [4] model. Block (a) outlines the
support-to-query few-shot segmentation process of PANet. Initially, deep feature
representations are extracted from both support and query sets. Subsequently,
prototypes are derived through masked average pooling. The segmentation of
the query images is conducted by calculating the cosine distances (marked as cos
in the figure) between each prototype and the spatially located query features.
Block (b) introduces the Prototype Alignment Refinement (PAR) mechanism,
which facilitates the alignment of support and query prototypes via a query-to-
support few-shot segmentation.

data. Key examples include the Matching Network [20] and Prototypical Network

[44]. The support and query sets are projected into a space by neural network

feature extractors. Subsequently, they use a non-parametric approach for class

prediction of the query samples, guided by the information from the support set.

The Matching Network builds distinct encoders for support and query sets, and

the final results are the weighted sum between these sets. Prototype Networks, on

the other hand, are based on the assumption that each class can be represented by

a prototype, which is the mean feature vector of the support samples in the embed-

ding space. Thus, the classification and segmentation turn into a nearest-neighbor

problem within this space.

2.3 Few-shot Segmentation

Few-shot segmentation presents a complex challenge based upon the concept of

few-shot classification: it requires performing detailed pixel classification [47, 48]

on entirely new classes, with the model having access to only a few support ex-

amples for guidance. OSLSM [49] pioneers few-shot segmentation by developing a

classical two-branch method to learn the generation of classifier weights specific to
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each class, following the pipeline of Siamese network [50]. Following this, Prototyp-

ical Learning (PL) [51] integrates the concept of prototype [44] into segmentation.

PL focuses on creating a distinct prototype for each class from the support set

and employs cosine similarity to make accurate predictions by comparing these

class-specific prototypes with the pixels in the query images. SG-One [52] intro-

duces masked average pooling to create object-related prototypes, serving as the

foundational technology in the development of subsequent methods. More recently,

PANet [4], introduces prototype alignment regularization to harness the knowledge

inherent in support data and foster consistent embedding of prototypes. Figure 2.5

provides a detailed view of the architectures of the PANet model. CANet [53], built

on the method with masked average pooling, further extends the prototype to align

with the query feature’s size and then concatenates them. Besides, an iterative op-

timization module is integrated within CANet to refine the segmentation results

further. PGNet[54] and BriNet[55] have each introduced a notable advancement in

the realm of feature connections by establishing dense pixel-to-pixel links between

support and query features. PPNet [56] and PMMs [57] share a similar approach to

split objects into multiple parts, which extract fine-grained and diverse representa-

tive features. This methodology allows for a more nuanced understanding of object

structures. PFENet [58], on the other hand, introduces an innovative method of

generating training-free prior masks and Feature Enrichment Module. This ap-

proach effectively addresses spatial inconsistencies by augmenting query features

with these prior masks and support features, enhancing the overall segmentation

process.

2.4 Few-shot 3D Point Cloud Semantic Segmen-

tation

Few-shot 3D Point Cloud Semantic Segmentation adapts the semantic segmenta-

tion of 3D point clouds to the few-shot learning setting. In this setting, the model

leverages the support set to perform segmentation on novel classes with sparse

labeling. Zhao et al. [5] were the first to establish a baseline for this segmenta-

tion task and further introduced the attention-aware multi-prototype transductive

approach. This method integrates multiple prototypes with a label propagation

technique, as shown in Figure 2.6. However, the complexity of attMPTI and the
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Figure 2.6: The architecture of attMPTI [5] method. Multiple-prototypes
method is proposed to represent different classes. Then, a transductive label
propagation technique is applied to harness the relationships between the la-
beled multi-prototypes and the unlabeled points. Additionally, an attention-
aware multi-level feature learning network is specifically developed to effectively
capture both geometric and semantic correlations among the points.

time-intensive nature of its graph construction for few-shot segmentation limits its

effectiveness. He et al. [19] notices a significant image-gap in 3D objects with

identical labels but from different objects, because of the absence of a robustly

pretrained 3D model. To address this, they introduced the Query-Guided Proto-

type Adaption (QGPA) and a self-reconstruction module for enhanced prototype

representation for each class.

Despite these advancements, the inherent problem of the 3D-FS task still exists,

namely the lack of segmentation on base classes, and limits its applicability in real-

world scenarios. Consequently, our research shifts focus to Generalized Few-shot

3D Point Cloud Semantic Segmentation.
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Problem Definition

3.1 Revisit the Classic Few-Shot Setting

In defining our protocols for few-shot point cloud semantic segmentation, we adhere

to the methodologies established in prior work [5]. In the established Few-Shot

Segmentation setting, the dataset is divided into two disjoint parts: base classes,

denoted as Cb, and novel classes, denoted as Cn, with no overlap between them

(Cb ∩ Cn = ∅). The number of base classes and novel classes are represented as

Nb and Nn, respectively. The training dataset Dtrain is comprised of samples from

Cb, while the testing dataset Dtest is formed from Cn. The segmentation model

is trained with Dtrain during the training phase. Subsequently, its performance is

evaluated on Dtest in the testing phase. Each point cloud P ∈ Rn×(3+fo) includes n

points of the coordinate information (X, Y, Z) and additional features fo, such as

normalized coordinate and RGB values.

To better adapt to novel classes, the episodes paradigm [20] has been introduced

as a training and evaluation method for few-shot learning models. Each episode,

whether for training or testing, consists of an annotated support set S and a query

set Q from the same classes. Formally, the training set is represented as Dtrain =

{(S,Q)}ntrain , and the testing set as Dtest = {(S,Q)}ntest . Here, ntrain and ntest

signify the complete number of episodes allocated respectively for the training and

testing phases.

15
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In each N -way K -shot (N base/novel classes with K support samples for each

base/novel class) episode, one support set S contains pairs of Si ∈ {S1, S2, ..., SN}
for N unique classes. Each Si consists of K pairs of support point clouds P k,i

s and

its corresponding mask Mk,i
s of the class ci, defined as Si =

{
(P k,i

s ,Mk,i
s )Kk=1

}
. The

query set Q =
{
(P t

q, L
t)Tt=1

}
encompasses T pairs of query point clouds P t

q and the

ground-truth label Lt. Note that the support set and the query set in one episode

are constructed from the same target classes.

The objective of N -way K-shot point cloud semantic segmentation is to train a

model M(Q,S) that predicts the label L̂t for any query point cloud P t
q from the

query set Q, leveraging insights from the support set S. The input data batch

to the model M is the query-support pair {Q;S} =
{
(P t

q)
T
t=1; ((P

k,i
s ,Mk,i

s )Kk=1)
N
i=1

}
and the ground-truth label Lt serves as benchmarks for evaluating predictions in

each episode.

3.2 The Problems in Few-shot Setting

To summarize, the classic Few-shot Segmentation task revolves around two foun-

dational rules. First, it mandates that samples from testing classes Cn remain

unseen during the training phase, to impartially assess the model’s generalization

ability. Second, it necessitates support samples corresponding to the target classes,

to provide the model with essential prior information for predicting labels on query

samples.

Despite its efficacy in solving the N -way K -shot problem, this approach has its

drawbacks:

1. Criterion (1) limits the evaluation of the model’s generalization to only the Cn

classes with restricted samples while overlooking the comprehensive learning

from Cb classes during training. This narrow evaluation scope might not fully

capture the model’s overall adaptability.

2. Since users might lack precise knowledge of the exact classes and the corre-

sponding quantity contained in each testing sample, this setting often proves

to be impractical in many scenarios according to criterion (2). Consequently,
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this assumption poses a significant challenge in providing the model with

suitable support samples mirroring the classes in the query samples.

3. Even though users already know the existence ofN classes in the test samples,

traditional few-shot models [4, 5] often require processing N ∗K extra man-

ually chosen support point clouds/labels as preliminary information before

making predictions of overall potential classes for the testing point clouds.

However, this method is not ideal for practical situations. In real-world ap-

plications, models are expected to predict across all classes in the test point

clouds independently but not rely on the manual input of support samples.

3.3 The Proposed Generalized Few-Shot Setting

In this paper, we introduce the Generalized Few-Shot Semantic Segmentation

(GFS) setting, which serves as an expansion of the traditional few-shot segmenta-

tion framework. The primary difference in the GFS setting is its aim to concur-

rently evaluate the generalization capabilities of the model over both base and novel

classes after training, which aligns more closely with actual real-world conditions

scenarios.

Similar to the conventional setup, our dataset comprises two mutually exclusive

sets of classes: base classes Cb of number Nb and novel classes Cn of number

Nn, ensuring Cb ∩ Cn = ∅. Base classes Cb are characterized by an abundance of

labeled training data, while each novel class Cn is limited to K labeled samples

(e.g., K = 5, 10, 30). Each point cloud P ∈ Rn×(3+fo) includes n points of the

coordinate information (X, Y, Z) and additional features fo.

The GFS methodology encompasses three phases. To enhance clarity and distin-

guish between the stages of the training process, we designate the data used in the

first phase as the ‘base sample’, in the second phase as the ‘support samples’, and in

the third as the ‘query samples’. Firstly, in the base prototype generation phase, the

3D-GFS model is trained solely on the base set Dtrain
b constructed only from well-

labeled base classes Cb to develop robust feature representations and derive base

class prototypes. Specifically, Dtrain
b =

{
(P i

b,M
i
b)

ntrain

i=1

}
, where ntrain is the number

of samples inDtrain
b . P i

b is a base point cloud, whileM
i
b is the corresponding annota-

tion. Secondly, during the novel prototype registration phase, the model is exposed
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toNn novel classes from Cn and each withK limited support samples to create novel

class prototypes. The support set Dtrain
s =

{{
(P k,i

s ,Mk,i
s )Kk=1

}Nn

i=1

}
, where P k,i

s is a

support point cloud and Mk,i
s is its binary mask. In the final evaluation phase, 3D-

GFS model will predict the labels of the query set Dtest =
{(

P i
q,M

i
q

)ntest

i=1

}
, which

built from the both base and novel classes (Cb ∪ Cn), where ntest is the number

of query samples. For an in-depth exploration of the three distinct phases, refer

to Chapter 4, where we present a comprehensive overview of our methodological

framework.

Apparently, the adoption of the episodic training paradigm in the 3D-GFS task

presents limitations, since prior information from the support set becomes redun-

dant. Additionally, the data format of the query set deviates from the query-

support pairs structure of episodic training.



Chapter 4

Methodology

In this part, we introduce the approach we propose. Initially, the definition of the

prototype learning network is presented first in Sec. 4.1. Subsequently, Sec. 4.2

provides a detailed description of the 3D-GFS Base Model. We then explore the

core components of our model in detail: Sec. 4.3 discusses the Adaptive Support

Enrichment (ASE) module, Sec. 4.4 focuses on the Query Aware Representation

(QAR) module, and Sec. 4.5 explains the proposed training strategy.

4.1 Prototype Learning Network

Inspired by the classic Few-Shot learning framework, our work adopts the com-

monly used meta-learning strategy, prototypical network [44, 59]. The foundational

idea of the prototypical network is the existence of an embedding space where points

from the same category cluster around a central prototype. This prototype rep-

resents the average vector of the samples from that category in that space. The

segmentation decisions are based on the category of the nearest prototype within

the embedding space.

To appreciate the concept of the prototypical network, it is essential to understand

the basic process of the N -way K-shot few-shot segmentation task. Given the

support set S =
{
((P k,i

s ,Mk,i
s )Kk=1)

N
i=1

}
, let F(·) be the shared feature extractor

processing point P k,i
s . The prototypes pi of the class ci (i ∈ {1, 2, ..., N}) from the

19
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support set is obtained by masked average pooling (MAP) over K shots:

pi =
1

K
×

K∑
k=1

∑
n[M

k,i
s ×F(P k,i

s )]∑
nM

k,i
s

, (i ∈ {1, 2, ..., N}) (4.1)

where P k,i
s denotes the k-th support samples of class ci, Mk,i

s signifies the binary

mask corresponding to class ci over the feature F(P i,k
s ), and n is the count of total

points in the k-th support samples of class ci.

The method of non-parametric metric learning is always employed to learn the op-

timal prototypes and conduct segmentation. Given that segmentation essentially

equates to a point-wise classification task, the few-shot segmentation method mea-

sures the distance between the feature vector at each query point and the estab-

lished prototypes. Following this, a softmax function is utilized to these distances,

generating a probability map M̃ t
q that covers all semantic classes:

M̃ t,i
q =

exp(−ϕ(F(P t
q), p

i))∑N
i=1 exp(−ϕ(F(P t

q), p
i))

, (i ∈ {1, 2, ..., N}) (4.2)

where P t
q represents the query sample, F(·) is the shared feature extractor for both

the support and query set, and pi is the prototype of the class ci. In this context,

cosine similarity [5, 60] is utilized as the distance metric ϕ.

Then, the estimated query mask L̂t is determined as follows:

L̂t = argmax
i

M̃ t,i
q , (i ∈ {1, 2, ..., N}), (4.3)

Fig. 4.1 provides an overview of the conventional 3D-FS model. This model gen-

erates prototypes through mask average pooling based on prior information from

the support set, and then predicts the labels of the query set.

4.2 The Base Model of 3D-GFS

3D-FS framework primarily focuses on prototype formation and target identifica-

tion within novel classes. In contrast, 3D-GFS extends this requirement to both
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Figure 4.1: The overview of the conventional 3D-FS model. Each input to the
prototypical network forms an N -way K-shot learning episode. Each episode
includes a support set with N distinct classes and K samples per class, along
with T query samples. Both support and query point clouds are embedded into
deep feature spaces via a feature extractor with shared weights. Prototypes
are generated through masked average pooling (MAP) applied to the support
features. Here, n denotes the total number of input points, d represents the
dimension of features and prototypes, and ‘Cos’ refers to cosine similarity.

base and novel classes simultaneously. Creating prototypes for base classes as Eq.

(4.1) is notably challenging and inefficient for the 3D-GFS model. This inefficiency

stems from the need to input all samples from each base class into the feature

extractor, and it becomes increasingly demanding with larger training sets. Con-

sequently, we implement distinct methods tailored to the specific phases of the

3D-GFS framework, named Base Model, optimizing the model’s performance

across different class types. The overview of the proposed 3D-GFS Base Model is

shown in Figure 4.2.

Base prototype generation phase. In the prototypical network, the classifier

weights are learned as class prototypes for each class. The d-dimensional base

class prototypical classifiers Pb,cls =
{
pib,cls

}Nb

i=1
∈ RNb×d are learned using back-

propagation approach via a cross-entropy loss:

M̃ j,i
b =

exp(−ϕ(F(P j
b), p

i
b,cls))∑Nb

i=1 exp(−ϕ(F(P j
b), p

i
b,cls))

, (i ∈ {1, 2, ..., Nb}) (4.4)
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Figure 4.2: The overview of the proposed 3D-GFS Base Model. There are three
phases in our 3D-GFS model: base prototype generation phase, novel prototype
registration phase and final evaluation phase. The d-dimensional base class pro-
totypical classifiers Pb,cls ∈ RNb×d are learned using back-propagation approach
via a cross-entropy loss. The novel class prototypical classifiers Pn ∈ RNn×d are
formed by masked average pooling (MAP) over Nn-way K-shot support sam-
ples. The classifiers Pall ∈ R(Nb+Nn)×d of all classes are adopted to evaluate
the query samples by concatenating the base class classifiers Pb,cls and the novel
class classifiers Pn. d denotes the dimension of classifiers and ‘Cos’ denotes co-
sine similarity.

where M̃ j,i
b denotes the probability map of the point cloud sample P j

b and the

prototype pib,cls, the term F(·) refers to the shared feature extractor which is applied

to the base samples Dtrain
b =

{(
P j
b ,M

j
b

)ntrain

j=1

}
. The function ϕ indicates cosine

similarity, a measure adopted in line with the methodologies presented in [5, 60].

Then, the estimated base mask M̂ j
b is determined as follows:

M̂ j
b = argmax

i
M̃ j,i

b , (i ∈ {1, 2, ..., Nb}), (4.5)

Novel prototype registration phase. Following the 3D-FS in 4.1, the novel

class prototypical classifiers Pn = {pin}
Nn

i=1 ∈ RNn×d are formed by masked average
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pooling (MAP) over Nn-way K-shot support samples:

pin =
1

K
×

K∑
k=1

∑
n[M

k,i
s ×F(P k,i

s )]∑
nM

k,i
s

, (i ∈ {1, 2, ..., Nn}). (4.6)

Note that F(·) is the fixed feature extractor well-trained in the base prototype

generation phase. n is the count of total points in the k-th support samples of the

novel class ci

Final evaluation phase. In the last phase, the classifiers Pall = {pi}(Nb+Nn)
i=1 ∈

R(Nb+Nn)×d of all classes are adopted to evaluate the query samples by concatenating

the base class classifiers Pb,cls and the novel class classifiers Pn:

Pall = concat(Pb,cls, Pn). (4.7)

The technique of non-parametric metric learning is applied to determine the dis-

tance between the feature vector at every query point and each established pro-

totype. Then, a probability map M̃ j
q is generated by softmax function to these

distances,

M̃ j,i
q =

exp(−ϕ(F(P j
q ), p

i))∑(Nb+Nn)
i=1 exp(−ϕ(F(P j

q ), pi))
, (i ∈ {1, 2, ..., (Nb +Nn)}) (4.8)

Then, the estimated query mask M̂ j
q is determined as follows:

M̂ j
q = argmax

i
M̃ j,i

q , (i ∈ {1, 2, ..., (Nb +Nn)}), (4.9)

Fig. 4.3 shows an overview of the proposed 3D-GFS training model that includes

the proposed Adaptive Support Enrichment (ASE) and Query Aware Representa-

tion (QAR) modules in the base framework.

4.3 Adaptive Support Enrichment Module

Motivation. The fundamental distinction between the 3D-GFS and 3D-FS lies in

the categories that are required to be predicted during evaluation. This difference

explains the reason why the performance of employing a 3D-FS network directly
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Figure 4.3: The overview of the proposed 3D-GFS model. There are three
phases in our 3D-GFS model: base prototype generation phase, novel prototype
registration phase and final evaluation phase. We utilize a Dynamic Graph CNN
for Learning on Point Clouds (DGCNN) with shared weights to embed base,
support and query point clouds into high-dimensional deep features. During the
second phase, the ASE module updates the base classifiers using base classes with
nb number of classes and captures the prototypes of the novel classes with Nn

number of classes in the support samples. The QAR module modifies the whole
base classifiers with query samples in the third phase. d denotes the dimension
of classifiers and ‘Cos’ denotes cosine similarity.

in a 3D-GFS setting is not ideal. In the 3D-FS task, the model is trained towards

distinguishing N novel classes and the background in the test dataset. These

novel classes are randomly selected from unseen class sets, while all base classes

are treated as background. This leads to a lack of crucial co-occurrence interac-

tion between novel and base classes. In contrast, the 3D-GFS framework involves

predictions for both the base and novel classes within query samples. Thus, under-

standing the interactions between these two class types is crucial for the model’s

generalization capabilities.

The contextual information in the semantic segmentation task is very important

[61, 62]. However, our proposed Base Model that develops prototypes for base
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classes only captures the contextual feature within these classes, but ignores the

interplay between base and novel classes. This is primarily because the novel

class prototypes, formed through masked average pooling over support samples,

may omit crucial base class information. Consequently, incorporating contextual

features to enrich base class representation is imperative for enhancing the efficacy

of the 3D-GFS model.

Adaptive Support Enrichment Module (ASE). During the novel prototype

registration phase, ASE module captures the essential co-relationship between base

classes and novel classes in support samples, then based on that updates the base

prototypical classifier Pb,cls formed in the first phase.

Let nb (nb ≤ Nb) be the total number of base classes in a Nn-way K-shot support

sample. Specifically, support samples are first utilized to form novel classifiers Pn

via Eq. (4.1). At the same time, the support classifiers pib,sup contained in the

support samples are calculated as:

pib,sup =

∑Nn

j=1

∑K
k=1

∑
n[M

k,i
s ×F(P k,i

s )]∑Nn

j=1

∑K
k=1

∑
nM

k,i
s

, (i ∈ {1, ..., nb}) (4.10)

where n is the count of total points in the k-th support samples of the base class

cib. Then, the new classifier pib,adp of cib is obtained through weighted sum of the

original base classifier pib,cls from the base class learning phase and support base

classifier pib,sup from the novel class registration phase, which can be written as:

pib,adp = λi
sup × pib,cls + (1− λi

sup)× pib,sup, (i ∈ {1, ..., nb}) (4.11)

where λi
sup is the adaptive parameter to balance the impacts of the original and

support base classifier. λi
sup is conditioned on distinct classes of original and support

classifier, which is calculated as:

λi
sup = ξsup(p

i
b,cls, p

i
b,sup) (4.12)

where ξsup is implemented by a few MLP layers in our model.
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4.4 Query Aware Representation Module

Motivation. ASE module provides hints to the classifiers from support samples

during the novel prototype registration phase. However, the hints lead to bias to-

wards certain base classes contained in support samples and affect the model’s

capacity to generalize effectively. Therefore, we design a Query Aware Represen-

tation module in the final evaluation phase, which dynamically modifies classifier

representation by being aware of the prior information derived from query samples.

Query Aware Representation module (QAR). Specifically, the soft mask

Yqry ∈ Rn×(Nb+Nn) for query samples is generated from the original base classifiers

Pb,cls and the novel classifier Pn, where n represents the number of points in a single

sample. The categorical representation Pb,qry =
{
pib,qry

}Nb

i=1
∈ RNb×d of the query

base classifier is computed by the combination of the query feature F(Pq) and the

Softmax function along the second dimension of Yqry:

pib,qry = [Softmax(Yqry)×F(Pq)]
i , (i ∈ {1, ..., Nb}). (4.13)

Similar to Eq. (4.11), the query classifiers pib,awr are updated by a weighted sum of

the original base classifiers pib,cls and the query base classifiers pib,qry:

pib,awr = λi
qry × pib,cls + (1− λi

qry)× pib,qry, (i ∈ {1, ..., Nb}), (4.14)

where λi
qry serves as a coefficient to maintain equilibrium between the original and

query base classifiers. λi
qry is calculated by:

λi
qry = ξqry(p

i
b,cls, p

i
b,qry) (4.15)

where ξqry is implemented by a few MLP layers in our model. Accordingly, the

base classifiers are:

pib = pib,adp + pib,awr, (i ∈ {1, ..., Nb}), (4.16)

which are used for prediction in the final evaluation phase.
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4.5 Training Strategy

The direct application of Eq. (4.10-4.12) is challenging due to the distinct em-

bedding spaces of the averaged features yielded by feature extractor F(·) and the

original base classifier Pb,cls and the novel class classifiers Pn. Accordingly, we pro-

pose a new training strategy in the base class learning phase, trying to imitate

scenarios of actual novel and base classes within support samples.

Note that all the selected samples below are in base classes. Firstly, the train-

ing samples are randomly divided into two equal halves: one set is designated as

‘Pseudo Support’ and the rest as ‘Pseudo Query’. ‘Pseudo Support’ is utilized to

form support prototypes, aiming to provide prior information for ‘Pseudo Query’

segmentation. Secondly, let NPS
b donate the count of base classes in ‘Pseudo Sup-

port’ samples. Consequently, a random half of these are chosen as ‘Pseudo Novel’

classes CPN
b while the remaining are designated as the ‘Pseudo Base’ classes CPB

b .

The ‘Pseudo Novel’ classes CPN
b and the ‘Pseudo Base’ classes CPB

b in ‘Pseudo

Support’ samples are exploited to imitate the roles of novel classes and base classes

in the novel prototype registration phase respectively. The updated base classifier

can be written as:

pib =


λi
sup × pib,cls + (1− λi

sup)× pib,sup ci ∈ CPB

pib,sup ci ∈ CPN

pib,cls others if any.

(4.17)

Specifically, the ‘Pseudo Base’ classifiers are updated by the original base classifier

pib,cls with the parameter λi
sup while the ‘Pseudo Novel’ classifier is directly used to

replace the original one.
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Experiments and Results

This chapter begins with the evaluation of our model on two extensive datasets,

namely S3DIS and ScanNet in Sec. 5.1. Subsequently, in Sec. 5.2 we give a com-

prehensive description of our experimental setup. Additionally, Sec. 5.3 undertake

detailed ablation studies to thoroughly validate the efficacy of each component of

our approach. Concluding this chapter, in Sec. 5.4, we analyze the performance of

the 3D Few-Shot (3D-FS) method when adapted to our 3D Generalized Few-Shot

(3D-GFS) setting, thereby examining the scalability and ability to generalize our

proposed method.

5.1 Datasets and Setup

5.1.1 Datasets

Following 3D-FS[5], our evaluation of the proposed approaches is conducted on two

public 3D point clouds datasets:

S3DIS. Stanford Large-Scale 3D Indoor Spaces Dataset (S3DIS) [6] is a compre-

hensive collection of 3D point clouds of 6 indoor areas with total 272 rooms in

various environments such as lobbies, hallways, and offices. Each point in these

scans carries a semantic label from one of 13 categories, encompassing 12 semantic

classes and an additional ‘clutter’ category.

29
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ScanNet. ScanNet[7] contains 1,513 scanned point clouds of 707 unique indoor

scenes. Following the experimental protocol in [7], our training set comprises 1,201

scenes, with the remaining 312 scenes reserved for testing. Each point in these

scans carries a semantic label from one of 21 categories, encompassing 20 semantic

classes and an additional unannotated space.

5.1.2 Setup

For efficient processing, we divide the large rooms in the datasets into non-overlapping

1m× 1m blocks along the xy plane, following the pre-processing strategy in [1, 3].

Consequently, there are 31187 blocks for S3DIS and 36350 blocks for ScanNet.

Each block comprises a random sample of N = 2048 points, where each point is

represented as a 9D vector, including XY Z, RGB, and normalized spatial coordi-

nates.

To customize the dataset to the Generalized Few-shot learning framework, we

construct a unique 3D-GFS split of base and novel classes for each dataset. We

carefully consider the limitations of point cloud datasets, such as the scarcity of

samples in certain classes and their distribution, which may lead to insufficient

training data. These limitations restrict the available options, as a sufficient num-

ber of samples from base classes are required for effective training. Consequently,

we consider three novel classes in S3DIS (window, sofa, board) and five in Scan-

Net (sink, bathtub, toilet, shower curtain, refrigerator), based on the number of

categories available in each dataset. Notably, semantically related pairs like sofa

(novel) and chair (base) in S3DIS, and refrigerator (novel) and cabinet (base) in

ScanNet, are considered.

For the training set, we divide it into two distinct parts: the first includes samples

containing only the base classes Cb, while the second part comprises samples with

the novel classes Cn. We utilize the samples in the first part to construct the base

set Dtrain
b , which is then used to train the model in the base prototype generation

phase. During the subsequent novel prototype registration phase, we traverse Nn

classes out of novel classes, as opposed to making a random selection. For each

chosen novel class c, K samples (K = 5, 10, 30) that contain only the category

c and exclude other novel classes are selected to form the support set Dtrain
s , in

line with the conventional 3D-FS setting [5]. In the final evaluation phase, we
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assess our model to the entire testing set, referred to as the query set, and achieve

segmentation results simultaneously on all categories.

5.1.3 Evaluation Metric

In this work, we evaluate our proposed method with mean Intersection-over-Union

(mean-IoU), the most widely used metric in point cloud semantic segmentation.

In the semantic segmentation task, Intersection-over-union (IoU) per class is the

overlapping area between the predicted label and ground truth divided by the joint

area between the predicted label and ground truth (intersection of both/union of

both). IoU values range from zero to one, where zero means no overlap and one

means perfect overlap.

IoUi =
TPi

TPi + FPi + FNi

, (i ∈ {1, 2, ..., (Nb +Nn)}) (5.1)

where TPi, FPi, FNi denote the number of true positive, false positive, and false

negative and False Negative predictions for the class i. mIoU is the average of the

IoU for all categories.

mIoU =
1

Nb +Nn

Nb+Nn−1∑
i=0

IoUi (5.2)

5.2 Training Details

In our approach, we adopt the DGCNN framework[3] as the feature extractor.

During the base class learning phase, we configure the training with a batch size

of 16 and an epoch number of 150. We use Adam optimizer with a learning rate

of 0.001 and weight decay of 0.0001. In the final evaluation phase, we evaluate the

model on five distinct sets generated from different seeds, with the ultimate result

being the average of these five evaluations. Our proposed method is developed

using the PyTorch framework and is trained on a single NVIDIA Tesla P100 GPU.
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5.3 Results and Analyses

5.3.1 Comparison with Base Model

Baseline. We define two baselines to scale our results.

1) Full Supervision. A fully-supervised DGCNN model, referred to as Full Super-

vision, is trained using both the base classes with adequate samples Dtrain
b and the

novel classes with few samples Dtrain
s simultaneously, and then evaluated on Dtest.

2) Base Model. To verify the effectiveness of our proposed modules and training

strategy, we compare it with the Base Model, which is the prototypical network

integrating a DGCNN feature extractor and a prototype classifier (as detailed in

Sec 4.2). The classifiers for the base and novel classes are obtained through back-

propagation and masked average pooling during base class learning phase and novel

class registration phase respectively, and then concatenated for the final classifica-

tion.

Result. Our approach tests the performance on K = 5, 10, 30 shots, with results

presented in Tables 5.1 and 5.2 for the S3DIS and ScanNet datasets.

Table 5.1 and Table 5.2 indicate that the Full Supervision method behaves compa-

rably to our proposed method for base classes but is significantly less effective for

novel classes. Notably, the performance of the Full Supervision method improves

with an increased number of shots for novel classes. Our method outperforms the

supervised models in 5-shot and 10-shot settings but is less effective in the 30-shot

scenario. This suggests that when trained simultaneously with abundant base class

samples and inadequate novel class samples, the novel class classifiers learned under

the Full Supervision method are of inferior quality, with their performance for novel

classes approaching zero when the samples are insufficient. Therefore, when the

number of samples of different categories is very imbalanced, directly using fully

supervised methods cannot segment effectively the categories with small samples.

Compared with the Base Model, our method demonstrates notable improvements

in the Generalized Few-Shot settings of 5-shot, 10-shot, and 30-shot, achieving

approximately 3.66%, 3.82%, and 3.73% enhancement on the S3DIS dataset, and

4.72%, 4.67%, and 3.9% on the ScanNet dataset, respectively. These gains show
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Table 5.1: 3D-GFS comparison results (in %) on S3DIS [6]. B represents the
mIoU results across base classes; N details the mIoU results for novel classes;
and All encompasses the mIoU results for the combined set of both base and
novel classes.

Method

Tr Te 5-shot 10-shot 30-shot

Class Class B N All B N All B N All

Full Supervision Cb ∪ Cn Cb ∪ Cn 76.07 2.95 59.19 75.94 9.29 60.56 75.62 29.03 64.87

Base Model Cb Cb ∪ Cn 75.54 10.33 60.49 75.76 9.96 60.57 75.97 10.18 60.78

Ours Cb Cb ∪ Cn 79.33 13.56 64.15 79.52 13.98 64.39 79.58 14.29 64.51

that our proposed Adaptive Support Enrichment (ASE) and Query Aware Repre-

sentation (QAR) modules, alongside our innovative training strategy, can capture

critical contextual information between base and novel classes, and refine proto-

type representations. Notably, the superior performance on the ScanNet dataset

suggests the enhanced adaptability of our model to scenarios with a larger number

of classes.

Our method shows significant improvement in scenarios with limited samples. Ac-

tually, in the context of the boom of large models, a more realistic situation is

that we need to fine-tune some classes with only a small number of samples, rather

than training from scratch with a large amount of base category data. Therefore,

this aspect of our approach is particularly relevant in the era of large-scale models,

offering practical advantages in terms of both results and real-world applicability,

compared to fully-supervised models.

Quantitative Results. Figure 5.1 and Figure 5.2 provide qualitative results of

our proposed method on the two datasets.

5.3.2 Ablation Study

Design options of ASE. The impact of the ASE module is analyzed in Table 5.3

and Table 5.4. ASE module exploits essential co-relationships between base classes

and novel classes in support samples. The ξsup function used to produce λi
sup plays
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Table 5.2: 3D-GFS comparison results (in %) on ScanNet [7]. B represents the
mIoU results across base classes; N details the mIoU results for novel classes;
and All encompasses the mIoU results for the combined set of both base and
novel classes.

Method

Tr Te 5-shot 10-shot 30-shot

Class Class B N All B N All B N All

Full Supervision Cb ∪ Cn Cb ∪ Cn 40.76 0.00 30.57 39.60 3.22 30.50 39.48 13.82 33.07

Base Model Cb Cb ∪ Cn 37.14 2.43 28.46 37.02 2.49 28.39 37.82 2.57 29.00

Ours Cb Cb ∪ Cn 42.89 4.04 33.18 42.81 3.81 33.06 42.71 3.52 32.91

an important role. We explore two variations of the ξsup function, two-layer MLPs

and cosine similarity. As shown in Table 5.3 and Table 5.4, our ‘MLP’ method

outperforms the ‘Cos’ method in the 5-shot, 10-shot, and 30-shot GFS settings by

approximately 0.67%, 0.37%, and 0.49% on S3DIS, and 1.27%, 1.43%, and 1.9%

on ScanNet, respectively. This suggests that ASE is more conducive to the Base

Model when implemented with two-layer MLPs. The possible reason behind this

might be that pib,sup, derived from ground-truth masks, provides more accurate

categorical representations with reduced noise. Consequently, the ‘MLP’ method

enables pib,cls to adaptively compute ratios and integrate contextual information

from pib,sup.

Design options of QAR. The effectiveness of the QAR module is assessed in

Table 5.3 and Table 5.4. The QAR module is designed to dynamically adjust the

classifier representation by incorporating prior information obtained from query

samples. Central to its efficacy is the ξqry function, responsible for generating

λi
qry. We investigate two variations of the ξqry function, two-layer MLPs and cosine

similarity. According to the results shown in Table 5.3 and Table 5.4, our ‘MLP’

method demonstrates superior performance over the ‘Cos’ method in the 5-shot,

10-shot, and 30-shot GFS settings by approximately 0.15%, 0.10%, and 0.28% on

S3DIS, and 0.33%, 0.27%, and 0.26% on ScanNet, respectively. This indicates that

the two-layer MLPs configuration of QAR significantly enhances the effectiveness

of the Base Model.
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Table 5.3: Ablation study of ASE and QAR modules (in %) on S3DIS [6].
‘MLP’ and ‘Cos’ refer to two-layer MLPs and cosine similarity to generate weigh-
ing factors λsup and λqry.

Method Cos MLP

5-shot 10-shot 30-shot

B N All B N All B N All

Base Model - - 75.54 10.33 60.49 75.76 9.96 60.57 75.97 10.18 60.78

ASE ✓ - 75.93 14.00 61.64 76.35 14.55 62.09 76.40 14.41 62.10

ASE - ✓ 76.59 14.91 62.36 76.85 15.84 62.78 77.10 15.98 62.99

QAR ✓ - 78.79 13.37 63.70 78.82 14.00 63.86 78.80 13.82 63.81

QAR - ✓ 79.11 13.00 63.85 79.13 13.39 63.96 79.15 13.90 64.09

Ours - - 79.33 13.56 64.15 79.52 13.98 64.39 79.58 14.29 64.51

Training strategy. The effectiveness of our proposed training strategy is analyzed

in Table 5.5 and Table 5.6. In this approach, ‘Pseudo Support’ samples and ‘Pseudo

Query’ samples are selected to imitate the behaviors of actual novel and base classes

in the support samples. The ‘Base Model +’ is a baseline of the training strategy, in

which only the prototypes of ‘Pseudo Novel’ are formed. ‘Ours - Tr’ indicates that

ASE and QAR are exclusively implemented during the base prototype generation

phase, maintaining ‘Base Model+’ for the subsequent novel prototype registration

phase and final evaluation phase. ‘Ours - Te’ is the complete opposite. Note that

in ‘Ours - Te’, the variable λi
sup, derived from two-layer trainable MLPs, is set as

the average ratio for ASE and QAR. As shown in Table 5.5 and Table 5.6, the

findings provided strong evidence for the remarkable effectiveness of the training

strategy.

5.4 Comparison with 3D-FS Models in 3D-GFS

In order to demonstrate the limitations of 3D-FS models when it comes to both

base and novel classes, we assess the performance of the 3D-FS frameworks within
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Table 5.4: Ablation study of ASE and QAR modules (in %) on ScanNet [7].
‘MLP’ and ‘Cos’ refer to two-layer MLPs and cosine similarity to generate weigh-
ing factors λsup and λqry.

Method Cos Mlp

5-shot 10-shot 30-shot

B N All B N All B N All

Base Model - - 37.14 2.43 28.46 37.02 2.49 28.39 37.82 2.57 29.00

ASE ✓ - 38.15 4.00 29.61 38.16 4.27 29.68 38.41 3.94 29.79

ASE - ✓ 38.61 4.32 30.04 38.28 4.82 29.92 39.22 4.11 30.45

QAR ✓ - 41.30 3.99 31.98 41.15 4.10 31.88 40.95 3.78 31.66

QAR - ✓ 41.78 3.92 32.31 41.66 3.61 32.15 41.49 3.21 31.92

Ours - - 42.89 4.04 33.18 42.81 3.81 33.06 42.71 3.52 32.91

the setting of 3D-GFS.

Baseline. Due to constraints in computing resources, we compare the two 3D-FS

models under 5-way and 10-way configurations.

1) ProtoNet [5] is the baseline method of 3D-FS task. Zhao et al. [5] was the

first to establish a baseline for this segmentation task. We follow the original

implementation and use the episodic strategy. During the training processing,

base prototypes are formed by MAP over the base classes of Dtrain
b . We modify the

evaluation code to generate novel class prototypes from Dtrain
s and feed Dtest of all

classes into the model.

2) PAP-FZS3D [19] is the state-of-the-art 3D-FS method. PAP-FZS3D identified

a significant image-gap in 3D objects due to the lack of a robust 3D pre-trained

model, so introduced the Query-Guided Prototype Adaption (QGPA) and a self-

reconstruction module to improve prototype representation for each class. The

implementation of PAP-FZS3D in the 3D-GFS setting is similar to 1).

We employed the publicly available codes and adhered to the default training con-

figurations for this comparison. In our testing approach, all prototypes – both
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Table 5.5: Ablation study of training strategy (in %) on S3DIS [6].

Method
5-shot 10-shot 30-shot

B N All B N All B N All

Base Model 75.54 10.33 60.49 75.76 9.96 60.57 75.97 10.18 60.78

Base Model+ 76.41 14.14 62.04 76.83 14.54 62.45 76.76 15.78 62.69

Ours - Tr 67.12 9.67 53.87 67.94 9.35 54.42 67.61 10.51 54.43

Ours - Te 75.98 13.70 61.61 75.01 13.98 60.93 74.99 14.12 60.94

Ours 79.33 13.56 64.15 79.52 13.98 64.39 79.58 14.29 64.51

Table 5.6: Ablation study of training strategy (in %) on ScanNet [7].

Method
5-shot 10-shot 30-shot

B N All B N All B N All

Base Model 37.14 2.43 28.46 37.02 2.49 28.39 37.82 2.57 29.00

Base Model+ 38.99 4.04 30.26 38.84 4.28 29.75 38.86 3.78 30.09

Ours - Tr 31.16 2.39 23.97 30.90 2.55 23.81 30.76 2.30 23.65

Ours - Te 37.13 3.24 28.65 37.64 3.57 29.12 37.61 3.21 29.01

Ours 42.89 4.04 33.18 42.81 3.81 33.06 42.71 3.52 32.91

base and novel – were made accessible to the test set. For the creation of novel

prototypes, support samples Dtrain
s were used, whereas the base prototypes were

generated through the average pooling of base class-related samples Dtrain
b derived

from the training set.

Results. The results of 3D-GFS on S3DIS and ScanNet datasets are shown in

Table 5.7 and 5.8. Results in the bracket are from approaches of [5, 19] without
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Table 5.7: Comparative results of 3D-FS models in 3D-GFS (in %) on S3DIS
[6]

Method
5-shot 10-shot

B N All B N All

ProtoNet [5] 56.50 11.49(59.09) 46.12 56.56 12.08(62.80) 46.29

PAP-FZS3D [19] 48.62 0.12(71.37) 37.43 52.17 0.42(75.05) 40.22

Ours 79.33 13.56 64.15 79.52 13.98 64.39

Table 5.8: Comparative results of 3D-FS models in 3D-GFS (in %) on ScanNet
[7]

Method
5-shot 10-shot

B N All B N All

ProtoNet [5] 30.25 2.37(46.53) 23.28 30.99 2.50(48.42) 23.86

PAP-FZS3D [19] 24.16 0.05(64.15) 18.13 24.27 0.07(69.60) 18.22

Ours 42.89 4.04 33.18 42.81 3.81 33.06

any modification, which can only handle the novel classes. Table 5.7 and 5.8 show

that ProtoNet and PAP-FZS3D fall short under the 3D-GFS setting because 3D-

FS models are trained to differentiate only between appearing novel target classes

and backgrounds. All the base classes are treated as background and the decision

boundary only lies between N specific target novel classes and the background in an

episode. The model becomes less effective when facing the task of segmenting all the

classes simultaneously because the number of classes that need to be distinguished

at this time has greatly increased during training. Thus, even though they work

well on the novel classes alone, they perform poorly when directly extending them

to all classes. When required to divide all classes, the original segmentation decision

boundary between novel classes breaks down. Our proposed method significantly

achieves better performance than the state-of-the-art 3D-FS method consistently

on the both S3DIS and ScanNet datasets.
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Figure 5.1: The qualitative results of our proposed method in 5-shot setting
on S3DIS [6]. The novel classes are window, sofa and board.

Figure 5.2: The qualitative results of our proposed method in 5-shot setting
on ScanNet [7]. The novel classes are sink, bathtub, toilet, shower curtain and
refrigerator.





Chapter 6

Conclusion and Future Work

6.1 Conclusion

In conclusion, we focus on a novel task Generalized Few-Shot 3D Point Cloud

Semantic Segmentation (3D-GFS). Unlike traditional Few-Shot 3D Point Cloud

Semantic Segmentation (3D-FS), 3D-GFS addresses the challenges of segmenting

both the base classes with adequate samples and the novel classes with few sam-

ples simultaneously. Specifically, Our 3D-GFS method consists of three essential

phases: base prototype generation phase, novel prototype registration phase, and

final evaluation phase.

Inspired by the classic Few-Shot learning framework, we design a prototypical

Base Model for 3D-GFS, showing promising performance. To adopt the contextual

information, we design the Adaptive Support Enrichment Module (ASE) module,

effectively leveraging the co-relationship between support and base samples. Then,

we further design the Query Aware Representation (QAR) module to utilize prior

information derived from query samples. Considering the better representation of

both base and novel prototypes, we propose a new training strategy to make the

embedding space consistent.

Our method achieves state-of-the-art results on two benchmarks, S3DIS and Scan-

Net datasets. These findings pave the way for more efficient and accurate few-shot

41
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segmentation techniques in real-world scenarios and have great potential for appli-

cations in various domains, such as augmented reality, robotics, and autonomous

vehicles.

6.2 Future Work

Several potential techniques are in consideration. Primarily, achieving accurate and

generalized prototype representations for all samples within a category is crucial

for segmentation tasks. Therefore, a potential future direction is to obtain better

prototype representation for each category.

Besides, our current approach only uses the contextual information within the sam-

ples. However, it is valuable and helpful to explore other relationships between base

and novel classes, such as structural similarity or semantic relevance. This helps

to improve the segmentation results of novel classes by leveraging the information

from base classes.

We find common ground with other tasks such as incremental few-shot learning and

few-shot detection, which exhibit resemblances to our own objectives. By prob-

ing into the methods in these domains, we might have valuable insights that can

potentially enhance the performance of novel classes in our proposed Generalized

Few-Shot 3D Point Cloud Semantic Segmentation task.
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