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Abstract—3D point cloud semantic segmentation is a fun-
damental task in computer vision. As the fully-supervised ap-
proaches suffer from the generalization issue with limited data,
few-shot point cloud segmentation models have been proposed to
address the flexible adaptation. Nevertheless, due to the class-
agnostic nature of the few-shot pre-training, its pre-trained
feature extractor is hard to capture the class-related intrinsic and
abstract information. Therefore, we introduce the new concept
of Shallow and Deep Similarities and propose a Shallow-Deep
Similarity learning Network (SDSimPoint) that aims to learn both
shallow (superficial geometry, color, etc.) and deep similarities
(intrinsic context and semantics, etc.) between the support and
query samples, thereby boosting the performance. Moreover,
we design a Beyond Episode Attention Module (BEAM) to
enlarge the region of attention mechanism from a single episode
to the entire dataset by utilizing the memory units, which
enhances the extraction ability to better capture the shallow
and deep similarities. Furthermore, our distance metric function
is learnable in the proposed framework, which can better
adapt to complex data distributions. Our proposed SDSimPoint
consistently demonstrates substantial improvements compared to
baseline approaches across various datasets in diverse few-shot
point cloud semantic segmentation settings.

Index Terms—Few-Shot Learning, Point Cloud, Semantic Seg-
mentation, Similarity Learning, Self-Supervised Pre-training.

I. INTRODUCTION

THE learning and development of 3D scenes is becom-
ing increasingly important in the modern world. This

advancement in 3D scene learning is beneficial for a vari-
ety of applications, including robotics, autonomous vehicles,
manufacturing, and other industries with various data formats
such as point cloud and mesh [1]. Among these applications
that benefit from 3D scene learning, the task of semantic
segmentation of point cloud data is a critical and essential one.
The goal of point cloud semantic segmentation is to recognize
and classify the semantic properties and characteristics of each
data point that makes up the 3D object or scene. With the
recent developments in deep learning with neural networks,
several fully-supervised models have been proposed for point
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cloud semantic segmentation [2]–[5]. For instance, Point-
Net [2] is the first work that processes point clouds with Multi-
Layer Perceptron (MLP), which uses a symmetric function to
extract the features from the point clouds. The LGGCM [5]
adopted a local spatial attention convolution with a smooth
module and a global spatial attention module with a gated
unit for effective receptive fields with long-range contexts at
a relatively low computational cost. Generally, those fully-
supervised point cloud semantic segmentation methods are
delicately designed to capture the discriminative features based
on the trained classes. Therefore, the performance of a fully-
supervised method suffers from poor generalization ability
with serious class bias if the training dataset is insufficient
and monotonous. As a result, for those point cloud semantic
segmentation applications with data scarcity or task liability,
the fully-supervised approaches are hard to meet the practical
requirements.

To address the aforementioned issue, previous research
adopts the few-shot learning to enable the model to adapt to
novel classes effectively with a few samples. [6]–[9]. However,
for the few-shot 3D point cloud semantic segmentation tasks,
we hardly can use a well-trained backbone with abundant class
numbers to conduct “open-vocabulary” inference due to the
scale of the available data in the real world. Some researchers
tried to achieve this task by pre-training a backbone in a
relatively small dataset, learning the per-point feature, and then
measuring the query-support distance for prediction [10]–[13].
This paradigm is effective but still suffers from a data scale
for supervised pre-training.

Some researchers [14] used a self-supervised pre-training
to enlarge the data scale, but the learned features are improv-
able in some perspective. The features extracted by such a
backbone can be competent in many scenarios as they con-
tain superficial information for effective similarity measures
such as the geometry, color, and position properties between
the objects, which we term as shallow similarity. However,
due to the limitation on quality and scalability of the 3D
datasets, the pre-trained 3D feature extractor might not be
able to understand universal high-level features, especially
when facing a complex scene. We argue that such shallow
similarity using superficial information directly extracted by
the backbone makes it difficult to capture the deep relationship
between the objects, which relies on intrinsic information
like semantics, context, and rationality, especially for a self-
supervised pre-trained backbone. For instance, distinguishing
sofas from different scenes with diverse colors and shapes
may need such deep similarity for precise predictions, and the
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Fig. 1: The architecture of SDSimPoint. We introduce the new categorization of shallow and deep similarities for few-shot point
cloud segmentation. The “shallow” refers to superficial information that can be well captured by the pre-trained extraction &
attention module, while the “deep” refers to class-related intrinsic characteristics that are hard to capture due to class-agnostic
pre-training. Therefore, we design the SSM and DSM to separately capture the shallow and deep similarities, where a query-
prototype deep-fusion mechanism is introduced in DSM. Moreover, a BEAM module is introduced for effective attention to
break the episode constraint and capture the long-range global information.

shallow similarity based on superficial information is incapable
of capturing the intrinsic feature due to the diversities and
inconsistency of appearances and contexts. Essentially, this is
because the backbone extractor employed in few-shot models
is pre-trained in a task-agnostic manner, which is different
from the fully-supervised scenarios. As a result, such models
only consider shallow similarity, which generally leads to
the unsatisfied performance of complex objects and scenes.
Inspired by this finding, we propose SDSimPoint in this work,
which takes both the shallow and deep similarities into account
simultaneously to enhance the prediction performance for
complex scenarios.

Moreover, to better capture the effective similarity between
query and support samples, the self-attention mechanism is
commonly used in many few-shot learners to enhance the
learning of context information [10], [15], [16]. In a traditional
fully-supervised manner [10], the self-attention unit looks
through the samples in a batch that contains varied samples
with diverse information. As a result, a larger batch size
encourages self-attention to capture the global dependencies
better and learn more robust attention patterns, thus improv-
ing performance. However, when it comes to the episodic
training in the few-shot learning, the horizon of self-attention
is constrained within one episode in N -way K-shot. As N
and K are small, they limit the exposure of self-attention to
diverse examples and may negatively prioritize attention to
local dependencies. Motivated by this finding, we propose a
Beyond-Episode Attention Module (BEAM) for the few-shot
learning in episode training, which facilitates self-attentions
to capture the long-range global attention information across
episodes. The main contributions of this work are summarized
as follows.

• We develop a new categorization of shallow and deep
similarities for few-shot learning and propose SDSim-
Point, a shallow-deep similarity learning framework for
point cloud semantic segmentation.

• A Shallow Similarity Module (SSM) is designed to learn
the superficial similarity, and a Deep Similarity Module
(DSM) is proposed to capture the intrinsic similarity
through deep query-prototype interaction and fusion.

• A Beyond Episode Attention Module (BEAM) is in-
troduced that enables the attention mechanism to break
the episode constraint and capture the long-range global
information.

II. RELATED WORKS

A. Few-Shot Learning

The mainstream few-shot learning methods can be broadly
categorized into four categories, i.e., data-based [17], [18],
model-based [7], [19]–[21], optimization-based [22]–[24], and
metric-based [7]–[9], [25], [26] methods. Data-based meth-
ods, exemplified by FlipDA [27], aim to generate additional
training data or features through augmentation or synthesis
to improve the few-shot performance. Model-based methods
leverage some specific model architectures, such as recurrent
and memory-enhanced networks, to enable the memorization
of samples even with minimal exposure. In optimization-
based methods, MAML [24] focuses on finding optimal initial
states or parameter settings during the training, which en-
ables the model to perform well on new tasks by updating
with a small number of samples. He et al. [28] proposed a
registration module that enables the model to learn robust
representation with few samples. For metric-based methods,
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the central concept is to learn a good feature embedding
space for acquiring similarity measure metrics, which can
effectively capture the correspondence between support and
query samples. ProtoNet [9] aims to generate the prototype for
each class, which will be used as the anchor to calculate the
similarity metric and predict the classes for queries. DFR [29]
focuses on extracting the class-discriminative features from
the variations distracting the metric learning, thus improving
few-shot classification performance. TRSN [30] divides the
few-shot learning task into three subparts, explicitly models
the task-related saliency features, and makes use of them for
prediction. BSSD [31] replaces global feature vectors with
enhanced local feature maps that are more consistent between
seen and unseen classes to mitigate the data-scarcity issue,
then uses Sinkhorn distance to measure the similarity. Some
works [8] use graph-based techniques to build accurate cor-
respondence for better metric learning interpretability. Thanks
to its simplicity and effectiveness, the metric-based methods
have been widely used in recent few-shot learning research.

B. Point Cloud Semantic Segmentation

The pioneering work, PointNet [2], shows the potential of
adopting deep learning in point cloud semantic segmenta-
tion. More models are proposed in different perspective [4],
[5], [32]–[37]. They can be divided into the following cat-
egories: graph-based [5], [32], MLP-based [4], [33], [34]
and transformer-based [35]–[37] methods. SPG [32] adopts a
method to extract super points from a large point cloud scene
and construct a correspondence graph for contextual informa-
tion learning. MLP-based methods, taking PointNeXt [34] as
an example, use a set of improved training and sampling strate-
gies and design residual bottleneck layers as well as separable
MLPs to facilitate efficient and impactful model up-scaling.
PointTransformer [35] first import transformer into a 3D point
cloud. It treats points of the down-sampled scene as the token
of transformer blocks with a designed vector self-attention to
effectively learn the information of 3D point clouds. Recently,
PointTransformerV3 [37] represents a notable advancement
over the original PointTransformer. This improvement primar-
ily involves substituting the meticulous neighbor search with a
more efficient serialized neighbor mapping technique applied
to point clouds structured according to distinct patterns.

In the realm of few-shot point cloud semantic segmentation,
several innovative approaches have emerged [10]–[13], [38]–
[41]. AttMPTI [10] pioneered the use of label propagation
to connect prototypes and query points using pre-trained
feature extraction. PEFC [42] employs specialized components
for prototype set expansion and adjustment based on query
characteristics. PAPFZS3D [11] introduces a framework that
simultaneously refines both prototypes and query features.
SCAT [41] implements a class-specific, multi-layered atten-
tion transformer to establish detailed support-query feature
associations. COSeg [13] utilizes a correlation memory-based
network to uncover inherent query-prototype relationships.
Seg-PN [40] offers a computationally efficient solution using
a non-parametric encoder and correlation-driven interactions
between support and query for point-wise classification.

III. METHODOLOGY

A. Problem Formulation
To facilitate the few-shot learning and inference pipeline,

the few-shot point cloud semantic segmentation to address in
this work is formulated as a N -way K-shot problem [10], [14],
[43], [44]. Given a support set S = {(P n,k

s ,Y n,k
s )Kk=1}Nn=1,

where N is the number of classes, each class consists of K
support point cloud samples Ps with the corresponding labels
Ys. The query set is defined as Q = (Pq,Yq) accordingly,
where Yq is the ground truth and not available during the
training. The objective of this work is to design the network
architecture Nθ(·) and obtain its optimal parameter θ∗,

Ŷq = Nθ(Pq|S),

θ∗ = argmin
θ

∑
Pq∈Q

L
(
Yq, Ŷq

)
, (1)

where L is the loss function. By minimizing the loss, the
information entropy between the prediction and the ground
truth is optimized, which ensures a promising result. In this
work, the episodic learning paradigm [10], [14], [43], [44] is
employed for the few-shot training.

B. Overview
Fig. 1 illustrates the overall architecture of the proposed

approach. Firstly, a pre-trained backbone is employed in the
pipeline to perform the basic feature extraction, which is self-
supervised from the public point cloud datasets [14]. To better
capture the relationships across spatial locations in the feature
embedding, the attention module is utilized to improve the
similarity correspondence. Uniquely, the proposed BEAM in
this work extends the attention horizon beyond the episode,
which employs a memory unit across the episodes to enhance
the long-range dependencies. After that, using the feature
embedding from BEAM, the class prototypes are generated
from the training samples in the support set, which will be
used to measure the similarity with the query samples.

In this work, we propose shallow-deep similarity learning
to effectively capture both the superficial and intrinsic infor-
mation to build correspondence. Fig. 2 depicts the shallow
similarity and deep similarity, respectively. The query feature
embedding and the class prototypes from the support set
are fed into both the Shallow Similarity Module (SSM) and
the Deep Similarity Module (DSM) concurrently to grab the
shallow and deep similarities. The SSM takes advantage of
the direct feature embedding for similarity measure, which
is responsible for capturing superficial similarities such as
geometry, color, position, etc. The pre-trained feature extractor
employed in few-shot models is trained in a task-agnostic man-
ner, which is not as capable as those fully-supervised models
to capture the class-specific high-level semantic information.
Therefore, we propose the DSM with additional encoder-
decoder structures, which are shown in Fig. 3 to make deep-
fusion interactions between the query embedding and class
prototypes. Finally, a learnable point classifier takes both the
shallow and deep similarity feature maps as input and makes
the final predictions for all points with the highest similarity
classes.



IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS 4

C. Beyond-Episode Attention Module

Self-attention mechanism [45], [46] is widely used for
capturing contextual information in many computer vision
tasks. However, we argue that for the few-shot point cloud
semantic segmentation, the attention horizon of self-attention
is constrained within the current episode. This is very different
from the fully-supervised scenarios, which can look through
the samples from all randomly-formed batches across the
whole abundant and diverse dataset. Such a constraint limits
the understanding and utilization of the information in the
scale of the whole training data. Furthermore, unlike the
images, point clouds are hard to split into patches for self-
attention due to their unordered nature. As a result, the self-
attention for a point cloud with M points exhibits a time
complexity of O(M2), where M is normally a large number
and thus requires tremendous computation resources.

Inspired by [47], the proposed BEAM adopts the concept of
external attention and extends it into a two-stage hierarchical
structure with beyond-episode awareness. Our BEAM consists
of two memory units Mpre(·) and Mpost(·), which is realized
by the simple Multi-Layer Perceptron (MLP). Specifically,
consider one point cloud P ∈ {Si,Qi} for i-th episode,
the pre-memory unit Mpre(·) processes the concatenation of
backbone feature and position information,

F pre
i = Mpre

([
B(P ); pos(P )

]∣∣θpre
i

)
, (2)

where B(·) is the backbone extractor, pos(·) denotes the point
xyz positions for P , and θpre

i refers to the weights for Mpre

in the i-th episode. To enhance the memory unit with better
beyond-episode awareness, we adopt a simple yet efficient
Exponential Moving Average (EMA) rule for updating the
weights, i.e.,

θ̃pre
i = αθpre

i + (1− α)θ̃pre
i−1, (3)

where α is a decay hyper-parameter. During training, the θpre
i

is updated with the gradient descent. The feature from the pre-
memory unit is then fed into a normalization layer, and the
post-memory unit Mpost(·) takes the normalized feature as
the input to generate the post-attention feature,

F post
i = Mpost

(
Norm(F pre

i )|θpost
i

)
, (4)

where Norm(·) denotes the normalization operation, and the
same EMA rules apply for Mpost(·). Consequently, in one
episode, for both support and query samples, the output
feature is the concatenated feature from BEAM extraction and
backbone extraction, together with the positional embedding,
i.e.,

F beam
t = Concat

(
B(Pt);F

post
t

)
+ PE, (5)

where t ∈ {q, s} denotes the respective query or support
features, Concat(·) is the concatenation operation and PE rep-
resents the common sinusoidal positional embedding. F beam

t

will be used for both SSM and DSM to measure the similarity
in the next stages.

Fig. 2: Similarity visualization between query and support
samples: The shallow similarity focuses more on the objects
sharing similar geometry or color, while the deep similarity is
more relative to the objects with different shapes and colors
but sharing similar semantic information. The segmentation
performance can be improved by combining both the shallow
and deep similarities.

D. Shallow-Deep Similarity

We propose the shallow-deep similarity learning for few-
shot point cloud segmentation. As common sense, objects
within the same category are supposed to exhibit more com-
monalities in color appearance and geometric shape. There-
fore, a native solution for few-shot point cloud segmentation
is to leverage such characteristics to identify the analogous
points/objects from the query point cloud to those support
point clouds. Such superficial commonalities in color, geom-
etry, etc., can be well captured by the pre-trained feature
extractor, and many few-shot segmentors [10], [48], [49]
have already adopted this approach as an intuitive-yet-efficient
solution. In this work, we term this native superficial similarity
as the “shallow similarity” to differentiate from the concept
of “deep similarity”, which conveys high-level intrinsic and
abstract information such as semantics and context. It is
worth noting that shallow similarity is an effective and com-
plementary measure as it emphasizes the geometrical shape,
color, and surface characteristics, which convey discriminative
information at diverse frequency bands. Consequently, we
propose an SSM to grasp such a shallow similarity.

However, we argue that due to the supervision constraints of
the few-shot learning, a pre-trained few-shot feature extractor
is good for capturing the shallow and superficial similarity
between the query and support samples while being weak
in capturing the deep and intrinsic similarity. It is worth
noting that, for common fully-supervised learning, the concept
of separation between shallow and deep similarities is not
valid. This is because their feature extractors, either CNN
or attentions, are supposed to handle both the shallow and
deep similarities concurrently through the class-specific and
sample-abundant fully supervised training. Essentially, the
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Fig. 3: The architectures of SSM and DSM. The SSM only has
one cross-attention module to learn the superficial similarity,
while each DSM block consists of an encoder and a decoder.
The encoder in the DSM excavates deeper semantic features
for queries and prototypes with self-attention and then sends
such “high-level” information to the fusion process. The
decoder in the DSM receives the fused feature and measures
the deep similarity between query and prototypes with self-
and cross-attention.

deep similarity is the intrinsic characteristics related to the
specific class, which includes the high-level abstract semantics
and context relationship with the background, etc. For a few-
shot segmentation scene, both shallow and deep similarity will
occur, but the attention paid to them should be adaptive due to
different scenarios. For example, a scene with fewer objects
and a straightforward layout can be segmented well based on
shallow similarity. Segmentation for complex scenes, on the
contrary, should involve deeper similarity for a more accurate
result as they rely on high-level semantic-related information,
which is more robust and representative.However, the pre-
training of a few-shot feature extractor is not possible to have
class-specific training as it aims to handle novel classes, which
are unknown at the pretraining stage. Although we can fine-
tune such a pre-trained network in a class-specific manner to
enhance the learning for the deep similarity between samples,
the few-shot tasks usually lack sufficient samples even for such
fine-tuning. Therefore, a more effective way is to capture the
deep similarity in the adaptation stage through some delicately
designed mechanisms. To this end, we propose a DSM that
uses a query-prototype deep-fusion mechanism and cascaded
attention blocks to capture the deep similarity.

E. Shallow Similarity Module

In this work, our SSM is simply realized based on the Multi-
Head Cross-Attention (MHCA) module, where its architecture
is shown in Fig. 3(a). For both SSM and DSM, the similarity
is measured between the query sample features F beam

q and
the class prototypes cp generated from the support samples.
The class prototype is the mean of the extracted support
feature F beam

s for points belonging to its respective class,

which describes the distribution of class characteristics in the
feature space. Next, both F beam

q and cp are projected into a
latent space with simple linear layers and normalization, and
the MHCA block is used to capture the cross attention for
similarity measure, denoted as,

F ca
q = MHCA(F beam

q , cp, cp), (6)

where MHCA(·) takes F beam
q as query and cp as key and

value in the cross attention. Lastly, we employ the residual
structure to get the final output for SSM,

F ssm
q = Res(F ca

q + F beam
q ), (7)

where Res(·) denotes the residual operation, i.e., Res(F ) =
F + Linear(Norm(F )) as indicated in Fig. 3(a).

F. Deep Similarity Module

Our intention for DSM is to facilitate more “interaction”
between the query feature and support prototypes so that the
intrinsic similarity can be measured through deep fusion. Such
fusion technique has already been proved in many works such
as GLIP [50], [51], FIBER [52], and etc. [25]. Different from
SSM, which has no fusion process, this interaction enables the
DSM gradually to learn different information rather than focus
on dominant shallow similarity. The cascaded attention blocks
help the DSM to utilize hierarchical features that facilitate
the learning of deeper similarity. With these designs, the
query feature not only holds basic representations but also
incorporates details about the point-wise assignment, where
the query point is classified into the group that shows the
highest similarity to its corresponding prototype.

The DSM consists of M encoders and N decoders for both
query and prototypes. The structure of the encoder and decoder
are illustrated in Fig. 3(b) and (c), respectively. Let Encmdsm(·)
and Decndsm(·) denotes m-th encoder and n-th decoder, m ∈
[0,M−1] and n ∈ [0, N−1]. The DSM takes the query sample
features F beam

q and the class prototypes cp as the initial inputs,
the query and prototype features are encoded for fusion as,

Fm+1
t = Encmdsm(Fm

t ), (8)

where t ∈ {q, p} denotes the query and class prototype, and
F 0
q = F beam

q and F 0
p = cp. After every encoder, the query and

prototype features are firstly projected by a learnable matrix
W1 ∈ RC×C , and the fusion map Um is calculated as,

Um = SoftMax

(
(Fm

q ⊗W1)⊗ (Fm
p ⊗W1)

⊤
√
C

)
, (9)

where ⊗ represents the matrix multiplication. Next, the fused
features are obtained by multiplication with another learnable
matrix W2,

F̃m
q = Um ⊗ (Fm

p ⊗W2)

F̃m
p = U⊤

m ⊗ (Fm
q ⊗W2),

(10)

where F̃m
q and F̃m

p denote the fused features respectively,
where will be used as the inputs for next encoders.

In the decoding stage, the query and prototype features are
decoded separately using Decndsm(·). The last decoded query
feature will be used as the DSM output, which is denoted
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Fig. 4: Visualization of 2-way 1-shot segmentation result on
S3DIS dataset. The involved classes are Wall and Floor (first
row), Window and Sofa (second row), Bookcase and Door
(third row), Table and Chair (last row), the background points
are denoted by dark gray points.

as F dsm
q . Finally, by fusing the SSM and DSM extracted

similarity features, the prediction can be made by,

Yq = CLS(F ssm
q + F dsm

q ), (11)

where CLS(·) is a learnable MLP-based classifier. The loss
functions for training and pre-training are discussed in Sec-
tion IV-B.

IV. EXPERIMENT

A. Data Preparation
The S3DIS dataset [57] and the ScanNet dataset [58] are

selected as benchmark datasets because they are widely recog-
nized in 3D semantic segmentation tasks. The S3DIS dataset
consists of five regions, comprising a total of 271 rooms,
with each area containing multiple objects in 13 semantic
categories, such as sofas, chairs, and tables, among others.
However, processing entire rooms is challenging due to their
substantial size. Therefore, we follow the approach outlined
in [2] to divide rooms into blocks, with each block containing
approximately 20,000 points. The ScanNet dataset [58] is more
complex, with 1513 regions and 21 semantic classes. Similarly,
we segment this dataset into blocks, with each block contain-
ing about 8000 points. Each point in the datasets mentioned
above is represented by a 9-dimensional vector, which includes
coordinate vectors: x, y, z; color vectors: r, g, b; and normed
vectors nx, ny, nz . During the training stage, we randomly
sample 2048 points for each block. Following the approach
in [10], [38], we divide each dataset into two non-overlapping
subsets named S0 and S1 one of them is adopted only in
testing, the other is used for the pre-training and training.

B. Implementation Details
For the backbone(feature extractor), we adopt DGCNN [59]

as previous methods [10], [11] and pre-train it for 200 epochs

Fig. 5: Visualization of 2-way 1-shot segmentation result on
ScanNet dataset. The involved classes are Bookshelf and Floor
(first row), Cabinet and Bed (second row), Picture and Sofa
(third row), Table and Chair (last row), the background points
are denoted by dark gray points.

to ensure the fairness in subsequent comparison. During the
pre-training stage, we follow the paradigm in [14] that input
two alternate views, denoted as P ,P ′ ∈ RM×9, into the fea-
ture extractor B along with a classification head to obtain two
segmentation outputs, O,O′ ∈ RM×N , where Nc represents
the total number of classes in the pre-training dataset. The
contrastive loss is then formulated to bring similar points in
O and O

′
closer together while pushing other points away in

the feature space,

Lcon = E
oi∈O

[
− log

(
eoi(o

′
i)

⊤∑M
j=1 e

oi(o′
j)

⊤

)∣∣∣o′

j ∈ O
′

]
, (12)

where oi and o′i represent the i-th point predictions in O and
O′, respectively. The learning rate is set to 0.001, and the
value of k in the k-NN algorithm is set to 20. Our batch size
is 16, designed for running the model on a single GPU, and
a weight decay ratio of 0.01 is employed to prevent severe
overfitting.

For the dynamic augmentor, the Chamfer Distance loss [60]
is adopted to enhance the augmentation performance.

LCD = λ{ 1

|P |
∑
x∈P

min
y∈P ′

∥x−y∥22+
1

|P ′|
∑
y∈P ′

min
x∈P

∥x−y∥22},

(13)
where x and y denote points belonging to P and P ′, re-
spectively. We update their parameters along with the feature
extractor for 60 epochs, after which we fix the augmentor
and solely pre-train the feature extractor. The coefficient λ for
LCD is set to -0.01. Given these settings, we utilize the Adam
optimizer with a learning rate decay ratio of 0.5 and a decay
step of 50 epochs.

In the training stage, the ground truth of the query set, Yq

and the prediction of our model, Y ′
q are used for the cross-



IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS 7

TABLE I: S3DIS Semantic Segmentation Result Using m-IoU (Up,%) and Dice Coefficient (Down,%). Si Means The Testing
Dataset Is The i-th Split

Method

2-way 3-way

1-shot 5-shot 1-shot 5-shot

S0 S1 mean S0 S1 mean S0 S1 mean S0 S1 mean

FT [53] 36.34 38.79 37.57 56.49 56.99 56.74 30.05 32.19 31.12 46.88 47.57 47.23
ProtoNet [9] 48.39 49.98 49.19 57.34 63.22 60.28 40.81 45.07 42.94 49.05 53.42 51.24

AttProtoNet [9] 50.98 51.90 51.44 61.02 65.25 63.14 42.16 46.76 44.46 52.20 56.20 54.20
MPTI [10] 52.27 51.48 51.88 58.93 60.56 59.75 44.27 46.92 45.60 51.74 48.57 50.16

AttMPTI [10] 53.77 55.94 54.86 61.67 67.02 64.35 45.18 49.27 47.23 54.92 56.79 55.86
Aug-FT-P [38] 54.88 58.87 56.88 68.83 68.57 68.70 49.44 50.68 50.06 60.76 61.28 61.02
Aug-FT-A [38] 55.65 59.17 57.41 67.80 69.04 68.42 48.52 50.83 49.68 60.76 58.62 59.69

CWT [54] 52.14 57.86 55.00 61.64 66.48 64.06 - - - - - -
BFG [55] 55.60 55.98 55.79 63.71 66.62 65.17 46.18 48.36 47.27 55.05 57.80 56.43

SCAT [56] 54.92 56.74 55.83 64.24 69.03 66.63 - - - - - -
PEFC [42] 55.09 59.63 57.36 65.47 70.84 68.16 49.15 54.69 51.92 62.56 63.21 62.89

PAPFZS3D [11] 59.45 66.08 62.76 65.40 70.30 67.85 48.99 56.57 52.78 61.27 60.81 61.04
2CBR [12] 55.89 61.99 58.94 63.55 67.51 65.53 46.51 53.91 50.21 55.51 58.07 56.79

Seg-PN [40] 64.84 67.98 66.41 67.63 71.48 69.36 60.12 63.22 61.67 62.58 64.53 63.56
Ours 68.73 70.61 69.67 72.12 72.72 72.42 62.28 62.11 62.19 65.17 66.10 65.64

FT [53] 53.31 55.89 54.61 72.19 72.60 72.40 46.21 48.70 47.47 63.83 64.47 64.15
ProtoNet [9] 65.22 66.65 65.94 72.89 77.47 75.22 57.96 62.14 60.08 65.82 69.64 67.76

AttProtoNet [9] 67.53 68.33 67.93 75.79 78.97 77.41 59.31 63.72 61.55 68.59 71.96 70.30
MPTI [10] 68.65 67.97 68.32 74.16 75.44 74.80 61.37 63.87 62.64 68.20 65.38 66.81

AttMPTI [10] 69.94 71.75 70.85 76.29 80.25 78.31 62.24 66.01 64.16 70.90 72.44 71.68
Aug-FT-P [38] 70.87 74.11 72.51 81.54 81.35 81.45 66.17 67.27 66.72 75.59 75.99 75.79
Aug-FT-A [38] 71.51 74.35 72.94 80.81 81.68 81.25 65.34 67.40 66.38 75.59 73.91 74.76

CWT [54] 68.54 73.31 70.97 76.27 79.87 78.09 - - - - - -
BFG [55] 71.47 71.78 71.62 77.83 79.97 78.91 63.18 65.19 64.20 71.01 73.26 72.15

SCAT [56] 70.90 72.40 71.66 78.23 81.68 79.97 - - - - - -
PEFC [42] 71.04 74.71 72.90 79.13 82.93 81.07 65.91 70.71 68.35 76.97 77.46 77.22

PAPFZS3D [11] 74.57 79.58 77.12 79.08 82.56 80.85 65.76 72.26 69.09 75.98 75.63 75.81
2CBR [12] 71.70 76.54 74.17 77.71 80.60 79.18 63.49 70.05 66.85 71.39 73.47 72.44

Seg-PN [40] 78.67 80.94 79.81 80.69 83.37 81.91 75.09 77.47 76.29 76.98 78.44 77.72
Ours 81.47 82.77 82.12 83.80 84.21 84.00 76.76 76.63 76.69 78.91 79.59 79.26

entropy loss computation which can be expressed as,

L = − 1

|Q|
1

M

|Q|∑
i=1

M∑
j=1

N∑
n=1

1{Yq[i, j] = n} log
(
Ŷq[i, j, n]

)
,

(14)
where the one-hot prediction Ŷq = SoftMax(Y ′

q ) is the output
of our model. We also update the parameters in the feature
extractor with a small learning rate of 0.00005. The general
learning rate for the SSM and DSM blocks is 0.001. For the
BEAM module, we set the number of attention heads to 8
and the hyperparameter α to 0.99. To balance computation
efficiency and performance, we configure the number of en-
coders and decoders in DSM to 3. The number of heads in all
cross-attention units is set to 2, while for self-attention units,
it is set to 4.

Each class has 100 prototype numbers. The dropout rate in
DSM and SSM is set to 0, and LayerNorm [61] is applied
to all normalization layers. The classifier is an MLP with
the LeakyReLu activation function, with a threshold set to
0.2. To avoid overfitting, we additionally add a dropout layer
with a 0.25 rate to the classifier. We train our model on an
NVIDIA RTX 3090 GPU for 45,000 iterations, with a learning
rate decay ratio of 0.5 and decay steps every 5,000 iterations.
During training, we conduct the validation process every 2,000
iterations for efficiency. We evaluate the performance of our
model using the mean Intersection over Union (m-IoU) [10]
as the metric. The model with the best performance on the

(a) (b)

Fig. 6: Loss and accuracy curve for SDSimpoint during
training and testing. The testing process is conducted every
1000 iterations.

validation set and trained for more than 10,000 iterations is
saved for subsequent evaluation. For testing, we select 100
unseen episodes and then add Gaussian noises to simulate
practical disturbance.

C. Benchmark and Result Comparison
The experiments are conducted to benchmark the perfor-

mance from various aspects. As suggested by [62], the pre-
training can provide a better initialization for the feature
extractor. This initialization is especially valuable for few-shot
learning, as the limited availability of labeled data may not be
sufficient to train the feature extractor effectively. [10] pre-
trains the feature extractor with the same in-door scanning
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TABLE II: ScanNet Semantic Segmentation Result Using m-IoU (Up,%) and Dice Coefficient (Down,%). Si Means The
Testing Dataset Is The i-th Split

Method

2-way 3-way

1-shot 5-shot 1-shot 5-shot

S0 S1 mean S0 S1 mean S0 S1 mean S0 S1 mean

FT [53] 31.55 28.94 30.25 42.71 37.24 39.98 23.99 19.10 21.55 34.93 28.10 31.52
ProtoNet [9] 33.92 30.95 32.44 45.34 42.01 43.68 28.47 26.13 27.30 37.36 34.98 36.17

AttProtoNet [9] 37.99 34.67 36.33 52.18 46.89 49.54 32.08 28.96 30.52 44.49 39.45 41.97
MPTI [10] 39.27 36.14 37.71 46.90 43.59 45.25 29.96 27.26 28.61 38.14 34.36 36.25

AttMPTI [10] 42.55 40.83 41.69 54.00 50.32 52.16 35.23 30.72 32.98 46.74 40.80 43.77
Aug-FT-P [38] 48.49 43.06 45.78 58.97 54.35 56.66 38.49 35.07 36.78 50.95 45.69 48.32
Aug-FT-A [38] 42.89 40.78 41.84 54.35 51.39 52.87 35.47 30.55 33.01 47.11 41.80 44.46

CWT [54] 42.33 41.78 42.05 55.60 53.77 56.48 - - - - - -
BFG [55] 42.15 40.52 41.34 51.23 49.39 50.31 34.12 31.98 33.05 46.25 41.38 43.82
SCAT [56] 54.92 56.74 55.83 64.24 69.03 66.63 - - - - - -
PEFC [42] 45.31 44.86 45.09 56.26 54.06 55.16 38.78 36.13 37.46 51.72 46.05 48.89

PAPFZS3D [11] 57.08 55.94 56.51 64.55 59.64 62.10 55.27 55.60 55.44 59.02 53.16 56.09
2CBR [12] 50.73 47.66 49.20 52.35 47.14 49.75 47.00 46.36 46.68 45.06 39.47 42.27

Seg-PN [40] 63.15 64.32 63.74 67.08 69.05 68.07 61.80 65.34 63.57 62.94 68.26 65.60
Ours 65.21 65.18 65.19 68.20 68.49 68.35 63.30 63.86 63.83 65.04 66.27 65.66

FT [53] 47.97 44.89 46.45 59.86 54.27 57.12 38.70 32.07 35.46 51.77 43.87 47.93
ProtoNet [9] 50.66 47.27 48.99 62.39 59.16 60.80 44.32 41.43 42.89 54.40 51.83 53.12

AttProtoNet [9] 55.06 51.49 53.30 68.58 63.84 66.26 48.58 44.91 46.77 61.58 56.58 59.13
MPTI [10] 56.39 53.09 54.77 63.85 60.71 62.31 46.11 42.84 44.49 55.22 51.15 53.21

AttMPTI [10] 59.70 57.98 58.85 70.13 66.95 68.56 52.10 47.00 49.60 63.70 57.95 60.89
Aug-FT-P [38] 65.31 60.20 62.81 74.19 70.42 72.33 55.59 51.93 53.78 67.51 62.72 65.16
Aug-FT-A [38] 60.03 57.93 59.00 70.42 67.89 69.17 52.37 46.80 49.64 64.05 58.96 61.55

CWT [54] 59.48 58.94 59.20 71.47 69.94 72.19 - - - - - -
BFG [55] 59.30 57.67 58.50 67.75 66.12 66.94 50.88 48.46 49.68 63.25 58.54 60.94
SCAT [56] 70.90 72.40 71.66 78.23 81.68 79.97 - - - - - -
PEFC [42] 62.36 61.94 62.15 72.01 70.18 71.10 55.89 53.08 54.50 68.18 63.06 65.67

PAPFZS3D [11] 72.68 71.75 72.21 78.46 74.72 76.62 71.19 71.47 71.33 74.23 69.42 71.87
2CBR [12] 67.31 64.55 65.95 68.72 64.08 66.44 63.95 63.35 63.65 62.13 56.60 59.42

Seg-PN [40] 77.41 78.29 77.86 80.30 81.69 81.00 76.39 79.04 77.73 77.26 81.14 79.23
Ours 78.94 78.92 78.93 81.09 81.30 81.20 77.53 77.94 77.92 78.82 79.71 79.27

point cloud datasets as that in training, however, in practi-
cal application, the training dataset might not be large and
complete enough for pre-training. Therefore, it is valuable
to investigate the situation of using another dataset for pre-
training while adopting our target dataset for training. Accord-
ing to [63], the two datasets used in [10] can be treated as in
the same domain because they are both generated from real-
world in-door scanning point clouds. Nonetheless, in some
cases, it might be difficult to find an appropriate pre-training
dataset within the same domain. Hence, we can explore
datasets in other domains for pre-training, which is significant
for real-world applications. Figure 6 tells the visualized loss
and accuracy curve during training and testing. The loss value
gradually leveled out in training and testing. Looking at it in
combination with the accuracy curve, the testing accuracy does
not show a significant decline as the training loss decreases,
and the testing loss remains stable. We can conclude that our
model has not experienced significant overfitting under the
mentioned experimental setup.

In light of these considerations, we undertake experiments
in three distinct settings: 1) Same-Domain Same Pre-training:
This paradigm aligns with the approach outlined in [10]. 2)
Same-Domain Cross Pre-training: In this scenario, the pre-
training dataset differs from the training dataset, yet they
both belong to the same domain. 3) Cross-Domain Cross Pre-
training: Here, the pre-training dataset and the training dataset

originate from distinct domains. This classification allows us
to comprehensively explore the impact of different pre-training
strategies on our experiments.

1) Same-Domain Same Pre-training: We conduct our SD-
SimPoint pipeline on S3DIS and ScanNet, respectively, where
the pre-training and training datasets are the same as base-
line [10]. The results of our method compared to the base-
lines are summarized in Table I and Table II. With a larger
shot number, which means more labeled samples, there are
significant improvements in all methods. It has been noticed
that the difficulty level of 3-way segmentation is higher than
that of 2-way segmentation, which results in its generally
lower performance. However, compared to other models, our
method has a lower performance when changing the task from
2-way to 3-way. Such an improvement can be attributed to the
“similarity-drive” learning of our method. Since the similarity
between queries and prototypes has already been captured
effectively during the forward process, we can directly predict
the affiliation of each query point rather than constructing
a graph with individual features [10] for prediction, which
is easier to be influenced by noise.This not only proved the
robustness of our method but also illustrated the similarity-
based learning framework is effective for the few-shot seman-
tic segmentation task. Fig. 4 and Fig. 5 illustrate our semantic
segmentation result on S3DIS and ScanNet. The attMPTI [10]
is adopted as the baseline, from the figures, it is evident that
our method outperforms the baseline.
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TABLE III: S3DIS Semantic Segmentation Result Using ScanNet For Pre-training.

Method

2-way 3-way

1-shot 5-shot 1-shot 5-shot

S0 S1 mean S0 S1 mean S0 S1 mean S0 S1 mean

FT [53] 37.05 38.33 37.69 51.82 50.01 50.92 31.62 31.99 31.81 43.84 47.50 45.67
ProtoNet [9] 44.71 48.80 46.76 50.06 52.59 51.33 40.03 41.38 40.71 44.64 48.62 46.62

AttProtoNet [9] 49.96 50.01 49.99 53.35 55.61 54.48 37.28 44.69 40.99 42.33 52.35 47.34
MPTI [10] 48.27 47.56 47.92 55.21 52.56 53.89 36.80 37.71 37.23 39.09 41.73 40.41

AttMPTI [10] 51.14 48.90 50.02 57.80 62.61 60.20 39.80 42.06 40.93 43.25 51.68 47.47
PAPFZS3D [11] 58.65 64.91 61.78 64.72 69.33 67.03 48.52 56.05 52.29 61.11 59.54 60.33

Ours 65.52 67.95 66.74 69.80 71.61 70.70 61.59 61.73 61.65 63.30 67.91 65.61

TABLE IV: ScanNet Semantic Segmentation Result Using S3DIS For Pre-training.

Method

2-way 3-way

1-shot 5-shot 1-shot 5-shot

S0 S1 mean S0 S1 mean S0 S1 mean S0 S1 mean

FT [53] 28.45 29.72 29.09 30.69 34.28 32.49 24.70 19.40 22.05 32.81 29.58 31.20
ProtoNet [9] 36.98 34.04 36.00 40.79 40.21 40.50 30.65 28.17 29.41 33.70 36.00 34.85

AttProtoNet [9] 37.04 33.85 35.45 47.30 41.82 44.56 32.00 28.45 30.23 39.71 35.40 37.56
MPTI [10] 35.81 33.69 34.75 42.67 38.11 40.39 30.53 27.49 29.01 33.80 31.94 32.87

AttMPTI [10] 35.36 34.28 34.82 45.19 38.80 42.00 28.96 25.33 27.15 35.14 30.96 33.05
PAPFZS3D [11] 56.37 55.05 55.71 62.80 59.33 61.07 52.41 53.72 53.06 58.10 52.57 55.34

Ours 64.37 64.58 64.48 65.46 66.08 65.77 60.96 62.33 61.65 63.62 65.36 64.49

TABLE V: Semantic Segmentation Result Using ShapeNetPart For Pre-training.

Dataset Method

2-way 3-way

1-shot 5-shot 1-shot 5-shot

S0 S1 mean S0 S1 mean S0 S1 mean S0 S1 mean

S3DIS

FT [53] 25.33 30.60 27.97 30.92 36.19 33.56 15.05 20.68 17.87 18.89 21.09 19.99
ProtoNet [9] 39.16 39.00 39.08 45.72 47.39 46.56 30.84 32.11 31.48 40.23 41.70 40.97

AttProtoNet [9] 42.25 39.70 40.98 51.48 51.71 51.60 35.62 36.10 35.86 42.50 43.54 43.02
MPTI [10] 40.12 41.53 40.83 45.80 46.97 46.39 32.04 31.66 31.85 39.54 40.10 39.82

AttMPTI [10] 43.45 44.91 44.18 49.77 53.81 51.79 33.90 32.11 33.01 46.94 43.90 45.42
PAPFZS3D [11] 52.90 57.36 55.13 60.27 63.15 61.71 46.36 55.70 51.03 55.82 56.43 56.13

Ours 60.93 65.17 63.05 64.37 66.06 65.22 61.25 63.53 62.39 61.43 64.49 62.96

ScanNet

FT [53] 12.39 12.04 12.22 13.57 13.02 13.30 8.56 9.43 9.00 10.17 11.48 10.83
ProtoNet [9] 22.16 18.52 20.34 37.98 39.05 38.52 17.44 16.31 16.88 32.69 30.12 31.41

AttProtoNet [9] 27.43 19.97 23.70 39.60 40.17 39.89 19.95 18.84 19.40 35.89 35.00 35.45
MPTI [10] 20.78 19.53 20.16 39.85 39.02 39.44 16.26 19.48 17.87 32.72 29.91 31.32

AttMPTI [10] 22.45 21.61 22.03 40.03 39.80 39.92 17.35 18.58 17.97 33.25 30.37 31.81
PAPFZS3D [11] 49.28 50.14 49.71 52.06 52.50 52.28 45.83 44.79 45.31 49.46 48.08 48.77

Ours 54.94 53.20 54.07 55.39 54.25 55.30 50.47 50.75 50.61 51.19 52.38 51.79

TABLE VI: Model Complexity and Inference Time

ID Model #Params. Flops Time (sec/block)

I AttMPTI [10] 352.19K 7.12G 0.46
II CWT [54] 685.64k 8.16G -
III PAPFZS3D [11] 2.48M 7.48G 0.53
IV Ours 2.76M 8.37G 0.61

2) Same-Domain Cross Pre-training: Table III and Ta-
ble IV illustrate the “cross pre-training” results, which means
using one of the S3DIS and ScanNet datasets for pre-training
and utilize the other for training. These settings are more
practical because, in real-world semantic segmentation tasks, it
is almost impossible for us to find the same annotated dataset
to pre-train our model, while we can utilize a public dataset
from the same domain to pre-train our model. We can tell
from the tables that all the models have decreased performance

compared to the same-domain same pre-training settings. This
is because of the distribution shift between datasets. Although
our model performs slightly worse in this scenario, it still
outperforms other baselines, which indicates the superiority
of our SDSimPoint in such a situation.

3) Cross-Domain Cross Pre-training: Additionally, we ar-
gue that since our method emphasizes similarity rather than
specific class affiliation, it is possible to use datasets from other
domains for pre-training as long as our feature extractor can
learn the similarity. Therefore, we explore the performance of
our method with ShapeNetPart [64], a widely adopted dataset
for part segmentation tasks, which encompasses 16,846 point
clouds across 50 semantic classes. Given that the ShapeNet-
Part dataset includes some objects that are also present in
indoor scanning scenes, such as chairs, tables, and laptops,
we propose the feasibility of pre-training our feature extractor
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TABLE VII: Ablation Study On S3DIS S0 With 2-way 1-shot

ID BEAM SA DSM SSM Deep Fusion Result

I 52.27
II ✓ 53.77
III ✓ 57.86

IV ✓ 56.97
V ✓ ✓ 59.70
VI ✓ 55.93
VII ✓ ✓ ✓ 61.45

VIII ✓ ✓ 60.73
IX ✓ ✓ ✓ 62.35
X ✓ ✓ 54.64
XI ✓ ✓ ✓ ✓ 62.65

XII ✓ ✓ 63.18
XIII ✓ ✓ ✓ 65.35
XIV ✓ ✓ 64.49
XV ✓ ✓ ✓ ✓ 68.73

(a) (b)

Fig. 7: The effectiveness of (a) different dropout rates, (b)
different normalization methods on the S3DIS dataset with 2-
way 1-shot. The blue line and blue bars denote the split 0,
and the orange dash line and orange bars denote the split 1.
The numbers above the colored bar represent the mean value
of the corresponding experiment group.

on ShapeNetPart and subsequently training our model on
S3DIS and ScanNet datasets, respectively. Tables V presents
the segmentation results. As shown in these tables, while
the results are lower than those achieved by models pre-
trained with datasets in the same domain (in-door scanning
point clouds), our model outperforms the baseline models in
these specific settings in terms of segmentation performance.
Table VI illustrates the complexity and inference time of our
model with the comparison of other methods. Due to our
SSM and DSM being based on transformer structures, the
parameters amount, the FLOPs, and the cost of time are larger
than others, but these are acceptable scarification considering
the improvement of performance.

D. Ablation Study

We initiate the ablation studies by conducting experiments
on the S3DIS dataset to evaluate the effectiveness of different
components within our SDSimPoint. Given the frequent use
of attention-based blocks in our SSM and DSM, we delve
deeper into the study of their dropout rates and normalization
methods. To substantiate the advantage of our BEAM, we also
compare its performance against other popular attention forms.
Finally, we argue that the structure of the SSM can be flexible

Fig. 8: Structure of different attention modules: CA represents
the channel-attention, SA is the self-attention, and MCA
indicates the matrix channel-attention. ⊤ in the figure is matrix
transportation, σ is the Sigmoid function.

Fig. 9: Visualization of various forms of the SSM: The blue,
red, and green circles represent prototypes of three different
classes, while the unfilled circles represent query features
awaiting labeling.

as long as it can capture sufficient shallow similarity. As such,
we undertake experiments using SSMs with varying structures.

1) Model Components: To investigate the effectiveness of
each component in our method, different settings of our model
are selected. The BEAM block and the Self-Attention (SA)
block will not be adopted at the same time since they share
the same function. The deep fusion mechanism is not available
when the DSM is not utilized. Based on these preconditions,
an ablation study is conducted, and the results are shown
in Table VII. Experiment I shows the result when disabling
all modules of our network with the final prediction process
is conducted as attMPTI [10]. Experiment II illustrates the
performance when adding a self-attention for further feature
refinement. As discussed in previous sections, the BEAM has
better learning ability on the dataset scale, Experiment III tells
that it can lead to a notable improvement if we adopt BEAM
rather than Self-Attention. Experiment IV and Experiment VI
illustrate the effectiveness of the DSM and SSM, they outper-
form the attMPTI without any help of attention mechanism.
Experiment V indicates the importance of the deep fusion, it
helps the DSM to better capture the similarity between the
query samples and support samples.

2) Dropout Rates and Normalization Methods: Fig. 7 il-
lustrates the results of different settings on dropout rates
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(a) (b)

Fig. 10: Ablation studies for attention modules and SSM struc-
tures on S3DIS with 2-way 1-shot setting. The numbers above
the colored bar represent the mean value of the corresponding
experiment group.

TABLE VIII: Model Performance Under Different Hyper-
parameters Settings on S3DIS S0 in 2-way 1-shot.

Hyperparameter Value mIoU

Learning rate 5e-4, 1e-3, 5e-3 67.64, 68.73, 66.96
Decoder block number 2, 3, 4 68.50, 68.73, 68.76
Backbone k-NN number 10, 20, 30 67.41, 68.73, 68.82
Augmentation epochs 50, 60, 70 68.61, 68.73, 68.55
Pre-train batch size 8, 16, 32 67.22, 68.73, 68.81
EMA weight α 0.9, 0.99, 0.999 68.50, 68.73, 68.49
Prototype numbers 50, 100, 150 67.08, 68.73, 68.30

TABLE IX: Ablation Study of Different Distance Metric On
S3DIS Dataset

Distance Metric
2-way 1-shot 3-way 1-shot

S0 S1 mean S0 S1 mean

Euclidean 44.18 42.53 43.34 39.71 40.83 40.27
Cosine 56.42 55.07 55.75 51.61 51.49 51.55
Ours 68.73 70.61 69.67 62.28 62.11 62.19

and normalization methods. Fig. 7(a) indicates that with the
increase in the dropout rate, the segmentation performance will
be worse. This is because the data is relatively scarce in few-
shot learning tasks, if the model has a large dropout rate, it is
difficult for it to learn sufficient knowledge. From Fig. 7(b),
we can tell that there is no huge difference between models
with various normalization methods, and all of them are better
than the model without any normalization method.

3) Attention Modules: To additionally verify the advan-
tage of our BEAM, Fig. 8 illustrate some famous attention
mechanisms including the dual attention [65], CBAM [66] and
their combinations. We substitute our BEAM with an attention
module whose form is A, B, C, D in Fig. 8 respectively,
then conduct experiments on S3DIS with a 2-way 1-shot
few-shot setting. Fig. 10(a) depicts the result comparison of
different attention modules. The histogram shows that our
BEAM excels other popular attention modules.

4) SSM Structures: Fig. 9 E, F, G, H illustrate possible
forms of the SSM, the Euclidean k-NN classifier computes
the k-nearest neighbors of the query sample and directly
assigns the label of the class with most neighbors and the
minimal average distance. The graph-base label propagation
firstly constructs a graph with the query sample and its k-
nearest neighbors, then applies the label propagation algo-
rithm [67] to obtain the possibility for classification. The

(a) (b)

Fig. 11: Ablation study for different intensities of (a) scaling
augmentation and (b) Gaussian jitter noise. The solid line in
(b) denotes our method, while the dashed line in (b) represents
the baseline.

feature concatenation concatenates the query feature with the
prototype feature of each class and then adopts a linear layer to
obtain the similarity. Since some non-parametric algorithms in
Fig. 9 directly output the one-hot prediction vector, we add the
vector with the output from the point-wise classifier that deals
with the features from DSM, then adopt an extra SoftMax
operation to get the final prediction. Fig. 10(b) indicates the
result of SSM different with structures, the numerical result
illustrates that a non-parametric SSM also can perform well
in our framework while the rough feature concatenation is not
able to learn the shallow similarity well.

5) Noise intensity: To investigate the influence of augmen-
tation intensity during testing, we categorize the noises into
the following types: 1) scaling: scaling the point cloud with a
certain number, and 2) jittering: adding Gaussian noise to each
point. We vary the scaling factor from 0.1 to 3 and change the
Gaussian noise’s mean and derivation. Fig. 10(a) illustrates the
result with different scaling factors. We can see that too small
or too large scaling leads to decreased performance. This is
because the scaled point cloud might confuse our model when
grasping the global semantic information. Fig. 10(b) shows
the performance under different intensities of noise. It can be
concluded that with a larger derivation, the performance will
decrease more. Compared to the baseline, our method is more
robust, facing the change of mean.

6) Hyper-parameters analysis: Table VIII illustrates the
influence of different hyper-parameter settings. A too-large
or too-small learning rate will downgrade the model’s per-
formance due to an inappropriate gradient. Although more
decoder blocks may improve the performance, it requires more
training resources and suffers from the risk of overfitting. The
k-NN number of the backbone controls the “receptive field”,
with a larger number, the model can grab more information,
but the inference and training speed will be significantly slow
down. The augmentation epochs of the dynamic augmentor
during pre-training control the diversity of augmentation pat-
terns, more epochs will bring more augmentation strategies
but confuse the backbone, and fewer epochs might not be
enough to learn a robust representation. The weight factor
of the EMA process in BEAM and the prototype numbers
influence the quality of features, which implicitly affect the
captured similarity. With relative experiments, we find that
0.99 and 100 are suitable values considering both accuracy
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and efficiency.
7) Distance metric: To investigate the influence of different

distance metrics, we compare two distance functions with
our learnable metric, the Euclidean distance and the cosine
similarity. Table IX illustrates the comparison result. Since
our features are fused with similarity, the non-parametric
distance metric, like Euclidean distance, is not appropriate
for prediction since it focuses on figuring out the distance
between features rather than directly predicting affiliation
from similarity. On the contrary, our learnable distance metric
conducts point-wise classification from the similarity, which
is more suitable for our framework.

V. CONCLUSION

In this work, we propose SDSimPoint, a noteworthy few-
shot point cloud semantic segmentation network based on
shallow-deep similarity learning. We design a BEAM that
uses two memory units to replace the matrix multiplication
in the attention mechanism, thus enabling the range of the
attention map to expand from a single episode to the whole
training dataset. We introduce an SSM and a DSM to capture
both shallow and deep similarities. This helps our model
to acquire sufficient information, even when pre-trained in
a class-agnostic self-supervision manner. A query-prototype
deep fusion mechanism has been devised for DSM with the
objective of facilitating interactions between the query feature
and class prototypes. Thus, allows for the fusion of query
features with prototype information, ultimately enhancing pre-
diction results. Comprehensive experiments are implemented
to verify the effectiveness and robustness of the proposed
method.
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