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Abstract— 3D scene semantic segmentation plays a crucial
role in robotics by enabling robots to understand and interpret
their environment in a detailed and context-aware manner,
facilitating tasks such as navigation, object manipulation, and
interaction within complex spaces. A preponderance of method-
ology predominantly adopts a fully supervised framework for
3D point cloud scene semantic segmentation. Such paradigms
exhibit an intrinsic dependency on extensive labeled datasets,
presenting challenges in acquisition and exhibiting incapacity
to segment novel classes, especially when the training data are
contaminated by noisy samples. To address these limitations,
this study introduces a novel few-shot segmentation approach to
robustly segment 3D point cloud scenes with noisy labels using
a meta-learning scheme. Specifically, we first build a multi-
prototype graph and then suppress samples with noisy labels
based on the graph structure. A subgraph bagging scheme is
then proposed to conduct semi-supervised transductive learning
to propagate labels. To optimize the graph structure to learn
discriminative prototype features, we design a triplet contrastive
loss to increase the compactness of these subgraphs. We
evaluated our method on two widely used 3D point cloud
scene segmentation benchmarks within few-shot (i.e., 2/3-way
5-shot) segmentation settings with noisy samples. Experimental
results demonstrate the improvement of our method over the
compared baselines, illustrating the robustness of our method
in few-shot 3D scene segmentation against noisy samples. The
code is available at: https://github.com/hhuang-code/
Noisy_Fewshot_Segmentation.

I. INTRODUCTION

3D scene point cloud semantic segmentation stands as a
cornerstone challenge not only in computer vision but also in
robotics. The objective of 3D scene point cloud segmentation
is to categorize each point in a scene into a corresponding
semantic class, which can significantly enhance robotics’
perception, enabling them to accurately identify and classify
various elements within their operational environment. The
significance of this task is underscored by a wide range of
applications: from improving autonomous vehicle naviga-
tion [1], [2] to enabling more sophisticated interactions in
robot-assisted tasks [3], [4], [5], despite the complexities in-
troduced by the non-sequential and non-structured nature of
point clouds. However, irregular point clouds present unique
challenges. Their inherent non-sequential and non-structured
nature adds layers of complexity to the segmentation process.
The academic community has developed a variety of fully
supervised 3D segmentation methods [6], [7], [8], [9], [10],
[11]. Impressively, many of these approaches have shown
promising results in multiple benchmark datasets [12], [13].
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These methods, while often effective, come with a significant
caveat: a heavy dependence on extensive labeled datasets.
This data-intensive requirement has posed a palpable chal-
lenge, prompting researchers to seek alternative learning
paradigms that could alleviate the burden of data acquisition.

Recently, the research landscape has witnessed a bur-
geoning interest in self-supervised [14], [15] and weakly
supervised [16], [17], [18] 3D scene segmentation. These
approaches, in essence, are geared towards mitigating the
heavy reliance on large, labeled datasets, attempting to
strike a balance between data dependency and performance
efficiency. However, it is worth noting that while they offer
certain advantages in terms of data economy, there are
instances where their ability to generalize over previously
unseen or novel categories is found to be lacking. In other
words, these methods operate on a foundational assump-
tion: training and evaluation datasets share an identical data
distribution. Nevertheless, this premise often falls short in
real-world scenarios. After training, unseen categories can
appear, which throws a wrench into the existing segmentation
approaches, particularly when against novel classes with only
a sparse set of samples during training.

It is against this backdrop that few-shot learning [19],
[20] has emerged as a compelling alternative. Rooted in
the premise of making the most out of minimal data, few-
shot learning allows models to accurately extrapolate from a
limited set of examples, granting them the ability to classify
previously unseen categories. When this paradigm is applied
to the realm of 3D point cloud segmentation, the objective
is to train a model to segment points from novel classes, all
while operating on a paucity of labeled 3D scenes [21], [22],
[23]. Few-shot 3D point cloud scene segmentation enables
resource-efficient robots to rapidly recognize and understand
novel objects or environments with minimal examples, thus
significantly enhancing their adaptability and efficiency in
completing manipulation and navigation tasks in dynamic
settings [24], [25].

In this work, we adopt a meta-learning framework with
an episodic training [26] scheme to tackle the few-shot 3D
point cloud scene segmentation task. Specifically, our model
is trained on a set of few-shot tasks each of which consists
of a limited set of labeled samples, dubbed as support set,
paired with the unlabeled counterparts, denoted as query
set. Using the knowledge obtained from the support set, the
model aims to accurately segment the query point clouds.
However, as indicated in [27], the existing few-shot learning
approaches predominantly operate under the assumption that
the examples in the limited support set are meticulously an-
notated with the correct class labels. However, such idealized
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conditions are rarely met within real-world contexts, e.g.,
even the datasets that have undergone careful annotation
processes are not immune to the inclusion of erroneously
labeled samples [28], [29]. Due to noise at the instance level
during annotation, objects of other classes are incorrectly
labeled as target classes and gathered in the support set [30]
and such instances are regarded as noisy samples. Although
methods designed for few-shot learning with noise in the 2D
image domain [31], [27], 3D point cloud few-shot learning
with noise has seldom been explored. This work aims to
segment 3D scene point clouds against the interference
introduced by these noisy samples similar to [31], [30], [27]
in few-shot settings with an episodic training scheme.

II. RELATED WORK

3D Semantic Segmentation. The existing 3D semantic seg-
metation approaches generally fit into one of three categories:
projection-based, voxel-based, and point-based. Projection-
based approaches [32], [33], [34] transform 3D point clouds
into multi-view or spherical representations, making them
suitable for 2D CNN feature extraction. Such transforma-
tions, however, may inadvertently distort the 3D topology
and geometric relations. Voxel-based approaches [35], [36],
[37], convert point clouds into dense grids, and then 3D
CNN can effectively extract input features, ensuring that
the intrinsic geometry of point clouds remains intact. Point-
based methods, exemplified by the seminal PointNet [38],
opt to work directly with raw unaltered point clouds. Suc-
cessive works [6], [39], [40], [41], [9] focus on extracting
detailed and discriminative local geometric features. Recent
efforts [42], [11] adopt the prevalent Transformers and self-
attention [43], [44], [45], to point cloud segmentation. With
the rapid evolution in the field of 3D point cloud processing,
Denoising Diffusion Probabilistic Model (DDPM) [46] has
been extensively used for point cloud generation [47], [48],
[49], [50]. Although DDPM is used mainly for shape gener-
ation, it can also be applied to segment point clouds through
joint generation and segmentation training [51], [50].
Few-shot Learning. The goal of few-shot learning lies
in learning a classifier capable of extrapolating to novel
classes, even when presented with only a handful of train-
ing samples. To achieve this objective, a variety of meta-
learning approaches [52], [26], [53], [54], [55] have been
proposed. A noteworthy paradigm in this field is the metric-
based approach [55], [26], [53], At the heart of which is
a meticulously designed metric function crafted to generate
a similarity-embedded space. This space, in turn, encapsu-
lates the intricate ties that connect labeled samples to their
unlabeled counterparts, creating a bridge between the known
and novel data samples. The aforementioned approaches only
focus on the 2D image domain, and there is also some
literature aiming to learn 3D shape or scene representation
under the few-shot settings for shape classification [56], [57],
shape segmentation [58], [59], object detection [60], [61],
scene classification [62], [63]
Few-shot Semantic Segmentation. Few-shot semantic seg-
mentation has been extensively studied for 2D images [64],

[65], [66], [67], [68], [69], and these works majorly pivot
around metric-based approach [53], [26], addressing the
one-to-many correspondence challenge between the support
and query sets, with each class represented by a single
global vector. Subsequent work [58], [22], [57], [23], [70]
extends the few-shot segmentation from 2D images to a more
complex arena of 3D point clouds with only a few annotated
support samples. Specifically, in [22], the sampling of the
farthest points is used to generate multiple prototypes, in
contrast to a single prototype per class as in [53], allowing
for a more comprehensive representation of the intricate data
distribution inherent in point clouds. Then, a transductive
inference [71], [72] is undertaken to bridge the gap between
multi-prototypes and query points, and to deduce the most
possible labels for each point in the query set. Our work is
built upon [22] but instead considers a more difficult setting
with different types of noisy samples as in [31], [30], [27].
The most recent concurrent work [73] considers a subset of
all noisy sample cases as in [27].

III. METHODS

In this section, we first formalize our noisy few-shot
segmentation problem in Section III-A, followed by a brief
review of Prototypical Network [53] in Section III-B which
provides some fundamental concepts for metric-based few-
shot learning as adopted in our work. Then, we introduce
our noise removal scheme to filter out noisy samples in
Section III-C. Next, we detail how to construct a graph
for label propagation using weighted subgraph bagging in
Section III-D. Finally, we end with a formulation of the loss
function that contains a triple contrastive comparison to boost
performance in Section III-E.

A. Problem Formulation

The few-shot learning semantic segmentation trains a
model on a diverse collection of tasks, each of which is
referred as an episode [26]. These episodes are sampled
from a training set of different classes, denoted by Ctrain.
Subsequent to the training phase, the performance of the
model is evaluated on a separate set of tasks Ctest, bound
to a set of novel classes that are never seen during train-
ing. A crucial design ensures that there is no overlap or
intersection between the classes in Ctrain and Ctest. Each
episode embodies a N -way K-shot point cloud semantic
segmentation task. In this framework, for every episode, a
support set S encapsulates K labeled samples for each of
the N distinct classes. Specifically, the set S comprises a
collection of point clouds represented by {P k

n }
k=1,··· ,K
n=1,··· ,N ,

with their corresponding labels given by {Lk
n}

k=1,··· ,K
n=1,··· ,N .

Each point cloud P k
n contains M points that encompass raw

coordinates and additional C dimensional features, such as
color and/or normal. Therefore, we denote P k

n ∈ R(3+C)×M

and Lk
n ∈ RM . In addition, an integral component of each

episode is the query set Q. This set consists of query point
clouds, represented as {P q

n}
q=1,··· ,Q
n=1,··· ,N , which are sampled

from identical N classes from which the support set is
constructed. During training, the true class labels for these
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query point clouds remain inaccessible. The objective of few-
shot semantic segmentation is to learn a model that, when
given the support set S, can accurately predict the labels for
each point cloud P q

n in the query set Q.
However, in our noisy few-shot segmentation setting, we

consider a scenario where the label Lk
n contains instance-

level mis-labeling, i.e., some points in P k
n belonging to one

class are mistakenly labeled as another class in Lk
n [30], [27].

We denote the mislabeled pair (P̂ k
n , L̂

k
n) as noisy samples

in the support set S. Consequently, the support set S now
contains both clean samples, i.e., correctly labeled point
clouds, and noisy samples. Such a case is common in the
real world due to imperfection of point cloud scanning and
annotation. The goal of our noisy few-shot 3D scene point
cloud semantic segmentation is to effectively infer point
labels from the query set Q, even when a model is trained
on the support set S contaminated with noisy samples.

B. Prototypical Network

Prototypical Network [53] utilizes an episodic scheme to
train a meta-learner classifier for object classification. For
a given episode comprising a support set S and a query
set Q, the representations of objects within S are computed
through a meta-learner feature extractor fϕ parameterized
by ϕ, and these representations are then aggregated to derive
the prototypes pc for every class c ∈ C ⊂ Ctrain contained
within the support set S as follows:

pc =
1

K

∑
(xi,yi)∈Sc

fϕ(xi) , (1)

where Sc is the subset of the support set S that contains
all samples of class c, i.e., yi = c. To optimize the feature
extractor fϕ, [53] minimizes the loss:

L = − 1

N ×K

∑
c∈C

∑
(xj ,yj)∈Qc

log pϕ(yj = c | xj) . (2)

where Qc is the subset of the query set Q that contains
samples of class c, pϕ(yj = c | xj) is the probability of a
query sample (xj , yj) ∈ Q as class c calculated as:

pϕ(yj = c | xj) =
exp(−d(fϕ(xj), pc))∑

c′∈C exp(−d(fϕ(xj), pc′))
, (3)

where d(·, ·) represents a certain distance metric, such as
Euclidean distance or Cosine distance.

C. Noise Removal

In Prototypical Network [53], each class is represented
by a single prototype, as shown in Eq. 1. Instead, within
the support set S comprising N + 11 classes, we pro-
duce m(m > 1) prototypes for each class, with the aim
of capturing the intricate point distribution in an episode.
Following [22], we select seed points and assign points
to these seeds based on distance in a learned embedding
space. Specifically, we first sample m seed points from all
points of a single class in the support set using farthest point

1We add an additional class to represent “background” as in [22].

sampling [6]. Then, we compute point-to-seed distance and
take the index of the closest seed as the assignment of a
given point. Finally, multi-prototypes for class c is denoted
as µc = {µ1

c , · · · , µm
c } where µm

c is the mean of all features
of the points assigned to the m-th seed.

However, since the support set contains noisy samples, the
prototypes are not completely reliable. To mitigate adverse
effects introduced by noisy samples, we propose a noise
removal mechanism to eliminate potential noisy prototypes
as accurately as possible. First, we build a fully connected
graph in which each vertex i denotes a prototype µi where
i ∈ {1, 2, · · · , N ×m}. The edge weight between µi and µj

is designed as:

Wij = Wji =

N×m∑
n=1

wnj × win

1 + |wnj − win|
, (4)

where wij is the Euclidean or Cosine distance between µi

and µj . It can be regarded as a two-hop walk between vertex
i and vertex j. If µi and µj belong to the same class,
Wij (or Wji) results in a relatively large value regardless
of whether µn belongs to the same class as µi (or µj) or
not. Then, we calculate the degree Di =

∑
j Wij for each

vertex i, indicative of its connectivity within the graph. We
reasonably speculate that noisy prototypes µk which largely
contain noisy samples typically exhibit lower degrees due to
their dispersion in the feature space, i.e., different from µi

and µj , leading to a lower value of Dk, while other clean
prototypes cluster together. Note that it could also be possible
that some vertices with low degree do not represent noisy
prototypes, considering that the data distribution for a given
class is multimodal, and one of the modes may be very
different from all other prototypes, but still representative
of the given class. To reduce this annoying possibility, we
pretrain our model on a dataset without noisy samples using
the scheme described in Section III-B as in [27] to reduce
the modes in the embedding space. Afterward, we remove
prototypes with the top-k small degree values, where the
value k depends on the ratio of noisy samples per episode,
i.e., k < m to ensure that we do not remove all prototypes
for a given class.

D. Label Propagation

Given the cleaned Ñ (Ñ < N × m) prototypes after
noise removal, we construct a k-Nearest Neighbor (k-NN)
graph G in which the vertices consist of all the cleaned
prototypes and the point features from the query set, such
that the total number of vertices in G is V = Ñ + (N ×
Q×M). A sparse affinity matrix A ∈ RV×V , is computed
based on the Euclidean or Cosine similarity between each
vertex and its k nearest neighbors in the embedding space.
Following [74], [22], we set W = A +A⊤ to ensure that
the adjacency matrix is non-negative and symmetric. Then,
W is normalized by S = D− 1

2WD− 1
2 , where D denotes

the diagonal degree matrix. In addition, we introduce a label
matrix Y ∈ RÑ+(N×Q×M) in which the rows corresponding
to the clean labeled prototypes are set as one-hot ground-
truth label vectors, while all other rows are initialized to
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Fig. 1. Left: Overview of the proposed method. Right: Graph concentration by adjusting edges. The vertices with the same label are in the same color.

zero. Given S and Y , label propagation iteratively diffuses
labels through the k-NN graph [71], [72], [22] at each step
t:

Zt+1 = αSZt + (1− α)Y , (5)

where Zt denotes the predicted labels at step t. The param-
eter α ∈ (0, 1) modulates the probability of accepting the
label information of the adjacency vertices or keeping the
initial labels. The work [71] proves that the sequence {Zt}
converges to a closed-form solution:

Z∗ = (I − αS)−1Y . (6)

Similar to [22], [72], we also utilize the closed-form solution
to directly compute point labels in the query set.

However, although we adopt noise removal in Section III-
C, it cannot still be guaranteed that all noisy prototypes
are removed. To further make label propagation more ro-
bust against noisy samples, we design a weighted subgraph
bagging scheme to improve the influence of cleaned pro-
totypes during the diffusion process, while suppressing the
negative influence of potentially remaining noisy prototypes.
Specifically, given a sample ratio r ∈ (0, 1), we randomly
select r × Ñ vertices (with replacement) exclusively from
the labeled prototypes along with their connection weights
in graph G and denote it as subgraph Gs

i where i denotes the
i-th selection. Following Eq. 6, we compute the predicted
label Z∗

i using prototypes in Gs
i , and the final prediction is

averaged by all Z∗
i weighted by ws

i , i ∈ {1, · · · , I} where I
is the total number of selection of prototype vertices. Ideally,
our goal is to increase the weight ws

i of Z∗
i during the final

label prediction, only if Gs
i is more reliable. To realize this,

we divide the set of edges of Gs
i into two subsets, with the set

one Es
i,+ containing edges connecting vertices of the same

class and the other Es
i,− containing edges connecting vertices

from different classes. The more concentrated the subgraph
Gs
i as shown in the right panel of Figure 1, the more reliable

the propagation of the label from the set of vertices in this
subgraph. Therefore, we define ws

i as compactness of Gs
i as:

ws
i =

∑
j eij × I[eij ∈ Es

i,+]∑
j eij × I[eij ∈ Es

i,−]
, (7)

where I[·] represents an indicator function, and the final
label prediction is defined as Z∗ =

∑
i w

s
iZ

∗
i . From the

definition of ws
i in Eq. 7, if the prototypes of the same class

cluster together, i.e., edges in Es
i,+ connecting them have

larger weights, ws
i will result in a larger value, which in

turn helps in a more accurate and confident of Z∗
i . A brief

derivation is provided in Appendix2. Note that the operation
of averaging predictions from models trained on selected
vertices with replacement shares similarity with the standard
Bagging strategy, but instead we incorporate weights ws

i for
averaging to get the final prediction.

E. Loss Function

Once Z∗ is obtained, we compute the cross-entropy loss
Lce

3 between the predictions of the points in the query set Q
and the corresponding ground-truth labels. Furthermore, we
propose a triplet loss to increase the compactness of each
subgraph Gs as discussed in Section III-D. Specifically, a
conventional triplet loss is defined as:

Ltriplet =
K∑
k

max(0, ∥f(xa
k)−f(xp

k)∥
2
2−∥f(xa

k)−f(xn
k )∥

2
2+β) ,

(8)
where xa

k, xp
k, and xn

k denote an anchor, a positive sample and
a negative sample, respectively. The margin β is a predefined
threshold that specifies the minimum distance that should
separate the positive and negative pairs from the anchor.
Inspired by Eq. 8, we regard each prototype as an anchor,
the prototypes with the same label as positive samples and
the ones with different labels as negative samples. Thus, we
define our triplet loss as follows:

L̃triplet =

Ñ∑
i,j,k

max(0, (wij −wik+β)× I[wij ∈ E+∩wik ∈ E−]) ,

(9)
where wij represents the edge weight between vertex i and
vertex j in subgraph Gs and the total loss is therefore defined
as: L = Lce + L̃triplet. Intuitively, Eq. 9 increases the
difference between the edge weight of the vertices with the
same label and the weight of the vertices with different
labels. Note that both Eq. 7 and Eq. 9 can be efficiently
implemented using a matrix slicing operation without loops.

2Appendix: https://github.com/hhuang-code/Noisy_
Fewshot_Segmentation/blob/main/Appendix.pdf.

3For conciseness, we omit the expression of the cross-entropy loss here.

11073



TABLE I
QUANTITATIVE RESULTS FOR THE SYMMETRIC SWAP LABEL NOISE CASE FOR S3DIS AND SCANNET DATASETS.

Methods
S3DIS ScanNet

20% 40% 20% 40%
2-way 3-way 2-way 3-way 2-way 3-way 2-way 3-way

ProtoNet [53] 40.32 39.40 21.20 24.16 22.50 23.60 18.23 14.35
MPTI-SAN [22] 45.91 41.38 23.36 26.82 24.13 25.41 20.20 15.32
TraNFS [27] 41.20 38.15 24.34 26.30 26.28 25.36 21.35 16.17
Ours 47.38 44.20 26.26 30.37 27.40 27.09 23.84 12.71

TABLE II
QUANTITATIVE RESULTS FOR THE PAIRED SWAP LABEL NOISE CASE FOR S3DIS AND SCANNET DATASETS.

Methods
S3DIS ScanNet

20% 40% 20% 40%
2-way 3-way 2-way 3-way 2-way 3-way 2-way 3-way

ProtoNet [53] 41.30 41.81 18.10 22.73 18.32 17.46 16.38 8.27
MPTI-SAN [22] 45.14 42.32 23.18 28.27 25.20 22.18 20.06 10.12
TraNFS [27] 46.25 45.50 23.37 28.90 26.30 23.37 22.10 11.39
Ours 48.60 44.46 24.68 30.18 28.75 26.51 24.45 10.40

TABLE III
QUANTITATIVE RESULTS FOR THE OUTLIER LABEL NOISE CASE.

Methods
S3DIS

20% 40%
2-way 3-way 2-way 3-way

ProtoNet [53] 34.26 38.10 25.18 23.13
MPTI-SAN [22] 36.12 41.35 28.40 26.16
TraNFS [27] 37.34 42.90 27.64 25.28
Ours 40.88 46.93 32.33 30.43

IV. EXPERIMENTS

A. Datasets

We carried out experiments on two public 3D semantic
segmentation benchmark datasets: S3DIS [12] and ScanNet-
v2 [13]. The ScanNet dataset comprises point cloud data
from 1,513 scans, representing 707 distinct indoor environ-
ments, annotated across 20 semantic categories. The S3DIS
dataset features point clouds from 272 rooms that span
six varied indoor locations, annotated within 12 semantic
categories. Scenes from both the S3DIS and ScanNet datasets
were partitioned into non-overlapping 1m × 1m blocks on
the xy-plane [22]. We sampled M = 2048 points from
each block with the input feature as a concatenation of XYZ
coordinates, RGB values, and normalized XYZ coordinates.
During training, we randomly generated episodes using the
learn2learn library [75]. This involves sampling N
classes from Ctrain and drawing K point clouds from each
of the sampled classes to construct the support set S, and
selecting Q point clouds from each class to form the query
set Q. Note that the original class labels are remapped in
each episode to avoid the model memorizing these labels.
The testing episodes were constructed from Ctest similarly.
For both datasets, the class splits for Ctrain and Ctest are
shown in Table IV.

B. Label Noise Types

We consider three types of label noise used in [27] and a
formal probability formulation can be found in [31]:

• Symmetric label swap noise selects mislabeled sam-
ples through a uniform random distribution from the

TABLE IV
CLASS SPLITS. WE FOLLOW THE SAME CLASS SPLITS AS IN [22] AND

USE SPLIT-0 FOR TRAINING AND SPLIT-1 FOR TESTING.
Ctrain Ctest

S3DIS beam, board, bookcase,
ceiling, chair, column

door, floor, sofa,
table, wall, window

ScanNet
bathtub, bed, bookshelf,
cabinet, chair, counter,
curtain, desk, door, floor

otherfurniture, picture, refrigerator,
shower curtain, sink, sofa,
table, toilet, wall, window

remaining N − 1 classes within a given episode, adher-
ing to a constraint whereby the number of samples of
any given noisy class does not equate to or exceed the
number of the clean class samples.

• Paired label swap noise draws mislabeled samples
from the same class and assigns each class intentionally
with a wrong class counterpart. These assignments are
generated through random derangement.

• Outlier noise draws noisy samples from classes that
are not contained in the N -way episodes. For this type
of noise, we only evaluate on S3DIS and use ScanNet
as the source of noisy classes. Specifically, we remove
the common classes4 and draw noisy samples from the
remaining classes in ScanNet.

C. Implementation Details

The feature encoder is DGCNN as a backbone as in [22]
and pretrain it on datasets without noise using the Pro-
toNet objective as described in Section III-B. We adopt
AdamW [76] optimizer with a learning rate of 0.001. As
we transition to episodic training, we freeze the pretrained
DGCNN backbone, and train other newly introduced layers
including an attention module. Following [22], we set the
few-shot settings to 2-way 5-shot and 3-way 5-shot. To
ensure that clean samples outnumber noisy ones in each
episode, we set the noise ratio to 20% and 40%.

4The common classes contained in both S3DIS and ScanNet are: chair,
door, floor, sofa, table, wall, window, bookshelf.

11074



Fig. 2. Visual comparisons of our method, ProtoNet [53], and the ground-truth labels on six blocks of scenes from S3DIS dataset.

D. Baselines

We select Prototypical Network (ProtoNet) [53], MPTI-
SAN [22] and TraNFS [27] as baselines against which we
compare our method, as our method is mainly based on these
works. Note that for ProtoNet and TraNFS which are initially
designed for 2D image classification, we replace their 2D
backbone networks and classifiers with the 3D networks.

TABLE V
QUANTITATIVE RESULTS OF ABLATION STUDY ON S3DIS DATASET.

Methods
Symmetric Swap Paired Swap

20% 40% 20% 40%
2-way 3-way 2-way 3-way 2-way 3-way 2-way 3-way

W/o noise removal 38.21 39.13 21.10 22.35 34.12 32.46 17.57 22.19
W/o bagging 43.30 38.24 20.42 25.31 35.27 33.72 20.96 25.40
W/o triplet loss 46.22 43.38 25.10 28.74 44.50 41.96 22.50 28.71
Ours 47.38 44.20 26.26 30.37 48.60 44.46 24.68 30.18

E. Results

We adopt textitmean Intersection over Union (mIoU, %)
as the evaluation metric, which is commonly used in seg-
mentation tasks. We report our results with different noise
ratio in the case of symmetric swap label noise on the
S3DIS and ScanNet-v2 datasets in Table I, and the results
under paired swap label noise in Table II. For the outlier
label noise case, we only evaluated on the S3DIS dataset
and the results are reported in Table III. We notice that
our method achieves superior segmentation results across
different noise ratios in most cases, indicating the robustness
of our model against noisy labels. As expected, when the
noise ratio increases, the performance drops. We also note
that the performance of ScanNet with the 40% noise ratio is
the worst, and we speculate that the reason probably could
be that ScanNet contains more classes than S3DIS, and thus
a higher noise ratio introduces more noise patterns or modes
from distracting classes, which is difficult to discriminate.

In Figure 2, we visualize a qualitative comparison between
our method against ProtoNet [53] and the ground-truth
annotation. It is obvious that ProtoNet fails for some instance

segmentation, which may be attributed to a single prototype
per class and the lack of noisy sample removal.

V. ABLATION STUDY

In Table V, we evaluate the effectiveness of each compo-
nent of our model: 1). noise removal, 2). bagging scheme,
and 3). triplet loss on the S3DIS dataset. We conducted
ablative studies using the S3DIS dataset. Independently,
ablating one of the three components leads to a performance
drop, and the combination of all the components results
in optimal performance. In particular, the robustness of
our model is enhanced by simply incorporating our noise
removal component. This supports our claim that our model
has the capacity to robustly segment scene point clouds
against noise.

VI. CONCLUSION

The majority of 3D point cloud scene semantic segmen-
tation approaches depend on extensive fully labeled datasets
and are susceptible to inaccuracies introduced by noisy data.
In this paper, we introduce a novel few-shot segmentation
method crafted to enhance the robustness of segmenting 3D
point cloud scenes against noise. By constructing a multi-
prototype graph and employing noise removal, coupled with
weighted subgraph bagging for effective label propagation,
we facilitate the learning of discriminative point features for
segmentation. This approach is evaluated across two 3D point
cloud scene segmentation benchmarks in few-shot scenarios,
exhibits superior resilience to noisy data and outperforms
established baselines.

LIMITAIONS AND BROADER IMPACT

The limitations of this work are two aspects: 1. Although
incorrect labels are allowed during training, it still needs to
annotate amounts of points, which is time-consuming and
labor-extensive; and 2. We only consider indoor scenes, while
many robot applications focus on outdoor scenes. Despite
these limitations, 3D few-shot scene segmentation could
enhance the adaptability and efficiency of robots in under-
standing and interacting with complex outdoor environments.
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