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Abstract

Point cloud semantic segmentation is a fundamental task for 3D scene understanding.
However, acquiring dense point-wise annotations is labor-intensive and expensive. To
alleviate the annotation burden, weakly supervised methods using extremely sparse labels
(e.g., 0.1%) have attracted increasing attention. While existing methods have demonstrated
promising performance, they struggle to generate sufficiently reliable pseudo-labels from
unlabeled points, which limits further improvement in segmentation performance un-
der extremely sparse supervision. To address this challenge, we propose a Multi-stage
Pseudo-label Guided (MPG) training framework, which mines high-quality pseudo-labels
through a two-stage training strategy. In the first stage, we introduce a Prototype-guided
Pseudo-label Filter (PPF) to capture latent semantic information by comparing unlabeled
features with class prototypes and removes unreliable pseudo-labels using a predefined
threshold. In the second stage, we employ a teacher-student architecture and introduce
a Pseudo-Label Fusion (PLF) strategy. PLF applies consistency and confidence filter-
ing on two data-augmentation branches of the frozen teacher model to produce refined
pseudo-labels, which are then combined with PPF outputs to train the student network.
This design allows the student model to inherit distilled knowledge while exploring ad-
ditional semantic information. Extensive experiments on indoor and outdoor building
scenes demonstrate the effectiveness of MPG. Under extremely sparse supervision, MPG
achieves 69.5% mloU on S3DIS and 59.5% on XIAMEN-Buildings, achieving state-of-the-art
performance among weakly supervised methods and performance comparable to some
fully supervised methods.

Keywords: weak supervision; semantic segmentation; large-scale point clouds

1. Introduction

Semantic segmentation of large-scale 3D point clouds is a fundamental task in 3D scene
understanding [1-4]. By assigning precise semantic labels to points, it enables intelligent
systems to perceive the real world effectively. This task plays a critical role in various appli-
cations, including autonomous driving [5], human-computer interaction [6], and remote
sensing [7]. Although fully-supervised learning has achieved significant progress [8-15],
obtaining dense point-wise annotations remains labor-intensive, as a single point cloud
scene often contains tens of thousands of points [16,17]. Therefore, developing semantic
segmentation methods that rely on sparse labels is crucial for reducing annotation costs
and facilitating practical applications [5,18-20].
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Recent research has focused on weakly-annotated data to reduce reliance on dense
supervision while maintaining competitive performance [5,21,22]. Existing methods can
be divided into five categories:

(1) 2D label-based methods [2,23]. Inspired by advances in 2D image understanding, early
studies projected point clouds onto 2D planes and leveraged image-level annotations
for supervision. However, such projection-based strategies inevitably suffer from infor-
mation loss and high sensitivity to viewpoint variations. To overcome these limitations,
researchers have increasingly shifted their attention toward native 3D learning.

(2) Self-training methods. Unlike projection-based approaches, self-training methods
iteratively generate pseudo-labels from model predictions and use them as supervi-
sion for subsequent training stages. Representative methods, including CAMs [24],
MPRM [16] and J2D3D [25], progressively generate point-wise pseudo-labels from
sub-cloud or image-level annotations. However, these methods mainly rely on predic-
tion confidence and fail to fully exploit the rich semantic information embedded in
unlabeled points.

(3) Perturbation consistency methods. These approaches are built upon the assumption
that network predictions should remain invariant under input perturbations. Various
perturbations, such as affine transformations, point jittering, downsampling, or mask-
ing, are applied to construct paired point clouds for consistency learning [26,27].
Specifically, CPCM [28] extends this work by adopting region-wise masking as a
strong perturbation and optimizing a masked consistency loss to capture contextual
information. However, since it does not explicitly generate pseudo-labels for unlabeled
points, its ability to provide additional supervisory signals remains limited.

(4) Prototype-Guided Methods. These methods perform feature learning on point clouds
by class prototypes. e.g., HybridCR [29], C3 [30] and MulPro [31] add a regularization
that pulls the feature of a point toward its own class prototype and pushes it away
from the prototypes of the other classes. These methods use prototypes only at the
feature level.

(5) Teacher—student pseudo-label learning Methods. These methods employ a teacher
model to generate pseudo-labels for unlabeled points and a student model to learn
from them, and they often adopt an exponential-moving-average teacher or a frozen
first-stage model to stabilize training [32-34]. It is therefore prone to confirmation bias
and error accumulation under extremely sparse supervision.

The above studies are primarily conducted under the setting of partial point-wise
labeling, which achieves an effective trade-off between annotation cost and segmentation
accuracy [20]. Under this setting, only a tiny fraction of points (e.g., 0.1%) are annotated
in each scene. However, under extremely sparse supervision, the quality of pseudo-labels
remains a major bottleneck, which can be attributed primarily to two factors. First, the gen-
eration of pseudo-labels largely relies on model predictions. It does not fully exploit the
semantic information embedded in unlabeled points, leading to the underutilization of
a large amount of potentially informative data. Second, supervision derived from single-
source pseudo-labels is prone to confirmation bias and error accumulation, leading to noisy
pseudo-labels that are spatially misaligned. Directly using such unreliable pseudo-labels
may further amplify errors during training, thereby hindering performance improvement.

To address these challenges, we propose a Multi-stage Pseudo-label Guided (MPG)
training framework that exploits a multi-source pseudo-label generation strategy. MPG
captures latent semantic information from unlabeled point clouds via a two-stage training
process with two dedicated components, while further mining reliable pseudo-labels. In the
first stage, we introduce a Prototype-guided Pseudo-label Filter (PPF) to extract latent
semantic information from unlabeled point clouds. Specifically, PPF generates coarse-
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grained pseudo-labels by calculating the similarity between unlabeled point clouds and class
prototypes and refines them by filtering out unreliable pseudo-labels using a predefined
threshold. As a result, the network is supplied with more reliable supervisory signals for
the first stage training. To generate more reliable pseudo-labels, we employ an additional
teacher-student network to improve the segmentation performance. In the second stage, we
first freeze the model trained in the first stage as a teacher. Then, we introduce a Pseudo-
Label Fusion (PLF) strategy as another avenue for exploring pseudo-labels. Specifically, PLF
applies consistency filtering to the feature distributions output by the two data augmentation
branches of the teacher model, retaining only those pseudo-labels with consistent prediction
results; It then uses a confidence filter to further remove potentially unreliable pseudo-labels.
Finally, the student model is trained using the reliable pseudo-labels derived separately
from the teacher model and PPF. This design allows the student model to inherit distilled
knowledge from the teacher while leveraging the PPF to further explore the additional
semantic information. Comprehensive evaluations verify that our MPG attains state-of-
the-art results across the large-scale indoor benchmarks, S3DIS [35] and ScanNet-V2 [36],
while consistently delivering excellent performance on the outdoor XIAMEN-Buildings
dataset [37]. These outcomes confirm the efficacy of our proposed method.
Our contributions are summarized as follows:

o  We propose the Multi-stage Pseudo-label Guided training framework (MPG), a weakly
supervised point cloud semantic segmentation network that leverages high-quality
pseudo-labels obtained through a multi-source strategy.

e  We propose the Prototype-guided Pseudo-label Filter (PPF) that mines latent semantic
information from large-scale unlabeled point clouds and provides effective supervision
signals for weakly supervised training.

e  We introduced the Pseudo-Label Fusion (PLF) strategy, providing another avenue for
discovering reliable pseudo-labels.

e Extensive experiments on prevalent benchmark datasets verify that our proposed
method achieves state-of-the-art (SOTA) performance and outperforms a variety of
fully-supervised competitors.

2. Related Work

This section reviews the existing literature on point cloud segmentation, which pri-
marily branches into two mainstream paradigms: fully-supervised and weakly-supervised
methods. We first elaborate on the fully-supervised methods in Section 2.1, followed by a
comprehensive review of weakly-supervised counterparts in Section 2.2.

2.1. Fully-Supervised Point Cloud Segmentation

Existing fully-supervised methods for point clouds semantic segmentation mainly
fall into three categories: point-based methods [38,39], voxel-based methods [9,40,41],
and hybrid methods [8,14]. Early studies directly applied 2D convolutions to projected
point cloud images. Although this strategy is computationally efficient, the projection step
inevitably loses important 3D geometric information. To address this issue, point-based
methods were developed to process irregular and unordered points directly. Representative
architectures such as PointNet [38 ] and PointNet++ [39] are naturally suited to point clouds.
However, they are generally less effective than 2D convolution in capturing contextual
information. Voxel-based methods organize neighboring points into regular grids and
often adopt sparse convolution to efficiently process sparse voxel representations [9]. More
recent studies combine the advantages of point-based and voxel-based designs, leading
to hybrid methods [8,14]. These methods usually achieve stronger performance, but they
also require more complex architectures and higher training costs. Despite their progress,
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fully-supervised point cloud segmentation methods still rely heavily on densely annotated
labels, which limits their practical use in many real-world scenarios.

2.2. Weakly-Supervised Point Cloud Semantic Segmentation

Weakly-supervised point cloud semantic segmentation has emerged as a promising
approach to alleviate the high annotation cost of fully-supervised segmentation methods.
According to their core supervision strategies and technical principles, existing weakly
supervised segmentation methods can be roughly categorized into three main categories:
2D label-based methods, self-training methods, perturbation consistency-based methods,
Prototype-Guided methods and teacher—student pseudo-label learning methods.

2.2.1. 2D Label-Based Methods

These methods perform 3D segmentation using only 2D supervision [2]. Drawing on
3D reconstruction and graph convolution techniques, GPFN [23] introduced a graph-based
pyramid feature network and a 2D-3D joint optimization module. Their approach uses
perspective rendering and semantic fusion to align 2D and 3D features. Similarly, LDLS [42]
employs Mask-RCNN [43] for RGB image segmentation, propagating these labels to 3D
space via a projection-based graph to generate full point clouds annotations. OBSNet [44]
later refined this framework [23] to improve segmentation accuracy. To eliminate the
need for 2D image annotations, REAL [45] introduced the PP2S module to link 2D and
3D modalities, incorporating an active learning strategy to update pseudo-labels during
training. However, basic projection schemes tend to lose part of point cloud information
and suffer from viewpoint restrictions. To overcome the drawbacks of existing 2D methods,
researchers have widely explored 3D solutions.

2.2.2. Self-Training Methods

Self-Training typically generates dynamic pseudo-labels from previous predictions to
guide subsequent training. For instance, MPRM [16] used a Point CAM alongside a multi-
path region mining module to produce pseudo-labels for fully-supervised training. Similarly,
J2D3D [25] incorporated 2D and 3D information. Unlike the above CAM-based schemes,
OTOC [21] iteratively generates and refines pseudo labels via super-voxel graph propagation
and a learned relation network. SSPC-Net [46] generates pseudo labels via dynamic label
propagation on superpoint graphs and filters low-quality ones with superpoint dropout.
To address the issue of noise pseudo-labels generated by single-scale filtering, RPSC [47]
generates fused multi-scale predictions and selects reliable pseudo labels by checking
prediction consistency and confidence. Despite these advancements, such methods cannot
effectively utilize intrinsic information from raw point clouds.

2.2.3. Perturbation Consistency-Based Methods

Perturbation consistency methods assume that network features should remain in-
variant under diverse transformations [26,27]. Common approaches include applying
affine transforms with point jitter [48], downsampling [22], or masking [28] to generate
paired point clouds. For instance, PSD [49] proposed perturbed self-distillation to enforce
prediction consistency across different branches. This method uses Jensen-Shannon (JS)
divergence as a consistency loss to model graph topology and propagate labels among
points. To better handle unreliable pseudo labels, RAC-Net [50] incorporates prediction
confidence and model uncertainty to distinguish reliable pseudo-labels from ambiguous
ones, applying adaptive constraints to mitigate under-utilization. CPCM [28] extends per-
turbation consistency by using region-wise masking as a strong perturbation, optimizing
a masked consistency loss to capture contextual information. Despite these efforts, such
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methods are often limited by sparse supervision signals, which remains a bottleneck for
further performance gains.

2.2.4. Prototype-Guided Methods

Prototype-guided methods perform feature learning on point clouds by adding regu-
larization. HybridCR [29] proposes a global guidance contrastive regularization and uses a
class prototype to pull each point feature to its own prototype and push it away from the
prototypes of the other classes. C3 [30] proposes a cross-scene contrastive regularization
and uses class prototypes to pull the prototypes of the same class from two point clouds
closer and keep those of different classes apart. MulPro [31] proposes a multi-prototype
classifier and uses multiple prototypes per class as classifier weights, which are updated by
a subclass-averaging constraint and a prototype-diversity constraint. These methods use
the class prototype only to improve the point features at the feature level. In contrast, MPG
uses the class prototype as a semantic anchor to generate pseudo-labels.

2.2.5. Teacher-Student Pseudo-Label Learning Methods

Teacher-student pseudo-label learning methods use a teacher model to generate
pseudo-labels for unlabeled points. DBCL [32] builds a dual-branch consistency learning
framework and uses an exponential-moving-average teacher to provide reliable pseudo-
labels for unlabeled points. CASC [33] adds class-agnostic and class-specific consistency
modules with an exponential-moving-average teacher, but relies on the confidence mag-
nitude alone to judge the unlabeled points. EviUD [34] improves this by decomposing
evidential uncertainty with an exponential-moving-average teacher to split unlabeled points
into a reliable set and a fuzzy set that receive different supervision. These methods ob-
tain pseudo-labels from a single source, which easily leads to information bias and error
accumulation. In contrast, MPG obtains pseudo-labels from multiple sources.

3. Methods

3.1. Overview

In this paper, we adopt CPCM as the backbone network for weakly supervised point
cloud semantic segmentation. Although CPCM achieves promising performance by ex-
ploiting contextual information and consistency learning from sparsely annotated point
clouds, it still suffers from limited utilization of the rich semantic information contained in
unlabeled points. Specifically, the latent supervisory signals within unlabeled data are not
sufficiently explored, which restricts the further improvement of segmentation performance.
To address this limitation, we propose a novel Multi-stage Pseudo-label Guided (MPG)
framework, which aims to progressively mine and exploit reliable pseudo-labels from un-
labeled points. As illustrated in Figure 1, MPG is built upon the CPCM backbone and
introduces two novel components: the Prototype-guided Pseudo-label Filter (PPF) and the
Pseudo-Label Fusion (PLF) strategy. The proposed framework adopts a two-stage training
paradigm, where reliable pseudo-labels are progressively generated, filtered, and integrated
to enhance semantic representation learning.

During the first stage, we train an initial segmentation model based on the CPCM
backbone and introduce the PPF module to exploit the semantic information from unlabeled
points. Specifically, PPF generates pseudo-labels by measuring the similarity between point
features and class prototypes, and progressively improves the quality of pseudo-labels by
removing unreliable predictions with a predefined confidence threshold. This stage aims to
establish an initial model with reliable pseudo-label generation capability.

In the second stage, we further introduce a teacher-student learning strategy to enhance
pseudo-label utilization. The well-trained model from the first stage is employed as the
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teacher network, while a student network initialized from scratch. The student model
inherits the CPCM backbone and incorporates both the PPF module and the proposed
PLF strategy. By combining prototype-based filtering and complementary pseudo-label
information, the student network is able to exploit more reliable supervisory signals from
unlabeled points, leading to improved semantic representation learning.
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Figure 1. The architecture of MPG. The framework consists of two key components: the Prototype-
guided Pseudo-label Filter (PPF) and the Pseudo-label Fusion (PLF) strategy. Training is conducted
in two stages with different component configurations. In the first stage, PPF is employed to generate
and filter pseudo-labels for network training. In the second stage, the frozen teacher network uses the
PLF strategy to generate the pseudo-label for training the student network. Meanwhile, the student
applies PPF and integrates the teacher-generated pseudo-labels to obtain more reliable supervision
for optimization.

3.2. Preliminaries

Notations. Formally, a point cloud is a collection of N points P = {py,p,, ..., pn}, Where
each point p, often comprises the geometric coordinates and RGB information, i.e.,

= (X0 Y00 20, 10,80 b)) To accomplish the point clouds semantic segmentation task,
given a point cloud P and a backbone segmentation network f,(-) parameterized by 6. We
expect the model to produce point-wise classification logits Z = Softmax(fy(P)) where
Z[n] € (0,1), argmax(Z[n]) € Cand ¢ =0,1,2,...,C — 1 is a predefined category set with
C classes. Unlike the fully-supervised point clouds semantic segmentation that provides the
label of every point in P, only sparse annotations are available in weakly-supervised point
clouds semantic segmentation. The weakly-labeled point clouds data comprises two parts,
the labeled part and the unlabeled part, i.e., (P,Y) = {(pl,yl) I le Lyu{p@*®) |luec U},
where L, U denote the index sets of the labeled and unlabeled points respectively and
? is a special token denoting the label is unavailable. During model training, a dataset
D = {(P,Y)} includes hundreds or thousands of point clouds and weak-label pair is pro-
vided. Two random augmentations are applied P; = Aug, (P) and P, = Aug, (P).

CPCM is employed as the backbone network to extract discriminative point-wise
features. CPCM improves point cloud representation learning by introducing contextual
masked modeling and consistency regularization, which enables the network to capture both
local geometric structures and global contextual information. Based on the representation
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ability of CPCM, we further develop our proposed MPG module to enhance semantic
understanding of point clouds.

3.2.1. First Stage

To effectively exploit the limited label points and latent semantic cues embedded in
unlabeled point clouds, we incorporate the Prototype-guided Pseudo-label Filter (PPF)
into the backbone during the first training stage. Given the features F; = f,(P;) and
F, = fy(P,) extracted from the two branches, PPF processes labeled and unlabeled points
through distinct mechanisms to fully leverage their complementary supervisory information.
For simplicity, unless otherwise specified, the following descriptions are based on the first
augmentation branch.

For labeled points. Sparsely annotated labeled points P! provide essential categorical
prior. We compute class prototypes ¢, as the centroid of all features within class k, which
minimizes the average intra-class feature distance. These prototypes serve as reliable
anchors in contrastive learning, enabling the network to effectively leverage supervision
from labeled points. The class prototype ¢, is computed on a per-batch basis:

C = | P’ Z fo(P! (1)
P’eP’

where P! denotes the subset of labeled points P belonging to category k, |P}| represents the

number of points in P!.

To learn more discriminative and robust feature representations, we introduce a
prototype-based contrastive learning objective inspired by prior self-supervised representa-
tion learning methods. Specifically, the proposed objective encourages feature embeddings
to align with their corresponding class prototypes while remaining distinct from prototypes
of other classes. Consequently, intra-class compactness and inter-class separability are
jointly enhanced. The contrastive loss is formulated as:

2 K
_E = k(Nk Z fklfk] K(K—].) Z cl ]I (2)

1<1<]<N 1<i<j<K

"Cc,l =

where K denotes the total number of classes, corresponding to the number of prototypes.
¢; represents the {,-normalized unit vector of the i-th class prototype. f; ; denotes the {,-
normalized unit feature vector of the i-th sample belonging to the k-th class. Ny indicates
the number of samples in the c-th class. The contrastive loss .L , corresponding to branch
P, shares an identical calculation formulation with .C_;

For unlabeled points. For the feature embeddings f* = f,(P") of unlabeled points P¥,
we leverage the class prototypes computed from labeled points to exploit the semantic
information contained in unlabeled data. Specifically, we measure the similarity between
each unlabeled feature and all class prototypes, treating the prototypes as semantic anchors
to propagate sparse supervision throughout the point cloud. The resulting similarity scores
are converted into class probabilities, where higher similarity indicates a greater likelihood
of belonging to the corresponding class. The prototype-based probability distribution is
defined as:

Su = sof’crnax(f_”T &), (3)

where £ represents the {,-normalized unit vector of the f*, ¢, denotes the {,-normalized unit
feature vector of the ¢, the operator - denotes the dot product between two feature vectors.
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Considering that unlabeled point clouds may contain noisy points, we introduce a
filtering mechanism to discard unreliable pseudo-labels. Given a threshold 7, the final
predicted label is presented as y""F. The filtering process is represented as follows:

y* = argmax(S*), s.t. max(S*) >, (4)

where y" is set to @ if the confidence score max(S*) is below the threshold .
With the high-quality pseudo labels y* screened above as supervision signals, we
formulate the cross-entropy loss to optimize the network parameters:

Légn = - Nvland y;@ y"log(y"), (5)
where y* denotes the predicted probability of y*, and N, ;4 denotes the number of samples
with valid pseudo-labels. The cross-entropy loss QCEEI; for P, is calculated in the same way
as that for P;.

As mentioned above, PPF leverages class prototypes to perform contrastive learn-
ing on labeled points and generate reliable unlabeled pseudo-labels for unlabeled points.
The overall process of PPF is formulated as follows:

"C’PPF'l = Lc,l + ’Cgllz"l,zl + ’CC,Z + ’CEIEI,JZ (6)
Finally, the total loss for the first stage is as follows:

L1

—_ I PPF,1
wotal = Lepem + L7, (7)

where Lpcy, is the backbone network loss, referring to [28] for detail.

3.2.2. Second Stage

Despite effective pseudo-label screening via PPF in the first stage, the overreliance on
this single source for pseudo-labels hinders further improvements in network performance.
To address this limitation, we introduce the Pseudo-Label Fusion(PLF) module to create an
extra pseudo-label source and generate higher-quality pseudo-labels in the second stage.
Specifically, we adopt a teacher-student training paradigm and train a new model from
scratch. At this stage, we only apply pseudo-label supervision to the first branch P;.

For teacher model. Considering the potential unreliability of labels generated by the model
during training, we use the optimized first-stage model f£(-) as a frozen teacher to supervise
the new model. To further refine the pseudo-labels, we introduce PLF into the teacher model.
The PLF takes the category probability distributions from two different enhanced branches
of the teacher model as input, and ultimately outputs pseudo-labels as the supervisory
signal for the student model. To filter the unreliable pseudo-labels of teachers, we enforce a
prediction consistency check between two augmented views of the same input point cloud.
Formally, let y; = argmaxf}(P¥)) and y, = argmaxf}(P})) denote the model predictions
for the two perturbed data instances, respectively. The teacher model pseudo-label y; is
obtained as follows:

V'=y, stoyi=y (8)
where ' is set to @ if y; # y,, thereby avoiding introducing noisy supervision into the
training process.

Although the above methods select some high-quality pseudo-labels while filtering
out unreliable ones based on consistency, they ignore the information contained in the

predicted probability distribution Z** = Softmax(f;(P})). Entropy quantifies the predictive
uncertainty of predicted probability distribution; low entropy corresponds to predictions
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with high certainty, while high entropy indicates ambiguous predictions. To further improve
the quality of pseudo-labels, we filter them using their information entropy, which is

calculated as follows: «

) b t
Hi= =) ZXlog,(Zj% + ), (9)
k=1
where H; denotes the i-th point in Z** information entropy, K represent the number of
categories, respectively, and € is a small constant to prevent numerical instability.

yi=yi, st JHi<a, (10)

where y! is set to @ if the entropy constraint H; < a is not satisfied, thereby avoiding
introducing uncertain supervision into the training process.

For student model. Two complementary sources constrain the student model during
training. First, it is supervised using pseudo-labels refined by the teacher model through
PLF, which can be regarded as an approximation of ground-truth annotations. These pseudo-
labels provide relatively reliable supervisory signals and facilitate faster convergence at the
early stage of student training. Second, the outputs of the student model are fed into the
PPF to generate updated pseudo-labels. This mechanism not only introduces an adaptive
pseudo-label refinement process but also helps mitigate potential errors introduced by
teacher-generated supervision, thereby improving the overall robustness of the training
process. These two constraint processes can be formulated as follows:

‘ 1
L8 = —— ) yilog(ZP), (1)
valid yt£@
L0 = L2, + L (12)

where y! represents the ith pseudo-label generated by the PLF, Z{"® denotes the ith predicted
probability output by the student model, and N! ., denotes the number of samples with
ggriz represents

the loss of the first enhanced branch PPF in the second stage. The total loss in the second

valid pseudo-labels (empty labels are ignored during calculation). L2, and .£

stage is as follows:
Ly = Lepc + L8 + L7 1)

In summary, the final loss of the proposed MPG is expressed as:

”Ctotul = Ltlotgl + ()Cz (14)

‘total *

4. Experiments
4.1. Datasets

We conduct experiments on three widely adopted large-scale point cloud benchmarks:
S3DIS [35], ScanNet-V2 [36] and XIAMEN-Buildings [37]. Among them, S3DIS and
ScanNet-V2 are designed for indoor scene understanding, while XIAMEN-Buildings targets
outdoor building environments.

S3DIS contains 271 rooms collected from six large indoor areas. Each sample represents
a medium-sized room (approximately 20 x 15 x 5 m) with densely sampled 3D points.
Every point is annotated with one of 13 semantic categories. To ensure a comprehensive
evaluation, we strictly follow the official setting and adopt only Area-5 as the validation set
to evaluate the performance.

ScanNet-V2 includes 1201 annotated indoor scans for training and 312 scans for vali-
dation. In the training set, each point is assigned one of 20 semantic classes. We use the
validation set to evaluate the performance.
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XIAMEN-Buildings is a large-scale outdoor point clouds dataset designed for 3D
building facade semantic segmentation. It contains building facade scenes collected from
the streets of Xiamen City. The dataset is divided into six areas and covers eight semantic
classes. Following the original protocol in previous work [51], we use each area in turn as
the test and validation set, while the other areas are used for training. For a fair comparison,
we also report the average results over all six areas.

4.2. Implementation Details

Our method is implemented on PyTorch version 1.10.1 [52] with MinkowskiEngine
version 0.5.4 [40], a sparse convolution library, following previous works [17,53]. Regarding
the model architecture, a 34-layer Sparse Residual U-Net [54] is adopted, consistent with
prior studies [55,56]. For optimization, the SGD optimizer is employed with Ir = 1e~2, weight
decay = 1e73, and a polynomial learning rate scheduler with decay rate = 0.9. The batch size
is set to 2. During training, the voxel size is set to 2 cm, 5 cm and 5 cm for ScanNet-V2, S3DIS
and XIAMEN-Buildings, respectively. Our two-stage framework is trained for 300 epochs
per stage (600 epochs in total). All experiments are conducted on 2 NVIDIA 3090 GPUs.

For sparse annotation sampling, we adopt class-wise even sampling following PSD [49],
which allocates the annotation budget evenly across semantic classes to avoid bias toward
dominant categories under extremely low annotation rates. For data augmentation, we
follow the same strategy as CPCM [28], a dropout ratio of 0.2, a horizontal-flip probability
of 0.95 with a per-axis flip probability of 0.5, an auto-contrast probability of 0.2, and a
color-translation range ratio of 0.10 with a probability of 0.95 to the input point clouds
during training.

4.3. Evaluation Metrics

The performance of the model is assessed on all points within the test dataset, utilizing
Intersection-over-Union (IoU) and mean Intersection-over-Union (mloU) as the evaluation
metrics. K is defined as the total number of classes, and let TP, FP, and FN represent the
numbers of true positives, false positives, and false negatives, respectively. The metrics are

defined as follows:
TP,

IoU, = 1
Uk = 75 7P, + FN, (15)
1 & TP,
IoU = — 1
mlol K];TPk+FPk+FNk (16)

4.4. Quantitative Results on S3DIS

To evaluate the segmentation performance of MPG, we compare it with latest methods
on Area-5 of the S3DIS indoor dataset. The detailed results are reported in Table 1. The re-
sults demonstrate that under different weak annotation ratios (i.e., 0.1%, 0.02%, and 0.01%),
our method achieves competitive performance.
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Table 1. Quantitative comparisons on S3DIS Area 5 under various weakly supervised settings. Bold indicates the superior performance under the same configuration.

Setting Method mloU (%) Ceiling Floor Wall Beam Column Window Door Chair Table Bookcase Sofa Board Clutter
PointNet [38] 41.1 88.8 973 698 0.1 3.9 46.3 108  59.0 526 5.9 403 264 33.2
SON [53] 63.7 92.8 9.9 818 0.0 25.9 50.5 659 795 85.3 55.7 725 658 55.9
HybridCR [29] 65.8 93.6 98.1 823 0.0 24.4 59.5 669  79.6 87.9 67.1 730 668 55.7
100% MinkNet [40] 68.2 91.7 98.7 83.8 0.0 24.7 56.8 721 915 83.5 73.3 708 813 58.4
DeepGCN [57] 60.0 90.8 975 767 0.0 249 51.4 527 767  83.0 61.1 622 585 44.6
PointNeXt [58] 69.2 94.7 98.5 829 0.0 242 59.9 743  83.0 914 76.3 755 786 60.4
PointTransV1 [59] 704 94.0 98.5 86.3 0.0 38.0 63.4 743  89.1 824 743 80.2 76.0 59.3
PointTransV2 [60] 71.6 - - - - - - - - - - - - -
SQON [53] 614 91.7 95.6 787 0.0 242 55.9 63.1 705 83.1 60.7 67.8  56.1 50.6
PointMatch [61] 63.4 - - - - - - - - - - - - -
01% AADNet [62] 67.2 93.7 98.0 815 0.0 19.4 59.5 720 809 88.5 78.3 730 721 56.1
’ DGNet [63] 67.8 94.3 984 816 0.0 28.9 57.2 705 823 90.7 74.1 752 703 58.5
CPCM [28] 66.3 91.4 955 820 0.0 30.8 54.1 70.1 876 79.4 70.0 670 778 56.6
MPG (ours) 69.5 92.9 96.8  83.8 0.0 411 57.1 73.8 88.2 79.0 73.5 76.9 82.5 57.6
PSD [49] 48.2 87.9 96.0 62.1 0.0 20.6 49.3 409 551 61.9 43.9 50.7 273 31.1
0.03% HybridCR [29] 51.5 85.4 919 659 0.0 18.0 51.4 342 638 78.3 524 59.6 299 39.0
DCL [64] 59.6 91.7 958 764 0.0 21.2 58.3 296 726 83.3 64.2 69.6 634 48.6
MILTrans [22] 51.4 86.6 932 750 0.0 29.3 453 46.7  60.5 62.3 56.5 475 337 322
ERDA [65] 48.4 87.3 9.3 619 0.0 11.3 459 317 731 65.1 57.8 261  36.0 36.4
0.02% MulPro [31] 47.5 90.1 9.3 718 0.0 6.7 46.7 392 672 67.4 21.8 392 330 38.0
CPCM [28] 62.3 92.6 95.6 794 0.0 17.8 49.3 594 8.7 756 69.1 60.7 682 55.8
MPG (ours) 65.1 92.2 95.9 81.6 0.0 34.3 51.4 64.5 87.2 76.3 71.7 65.5 68.4 57.8
SON [53] 453 89.2 935 713 0.0 41 34.7 41.0 549 66.9 25.7 554 128 39.6
AADNet [62] 60.8 925 9.6 772 0.0 20.9 57.0 611 722 83.1 60.1 678 529 49.0
0.01% DGNet [63] 62.4 93.3 98.1 80.1 0.0 23.3 47.9 531 794  87.2 60.0 70.6 652 53.1
CPCM [28] 59.3 - - - - - - - - - - - - -
MPG (ours) 63.5 92.6 95.2 822 0.0 33.5 48.8 61.8 82.2 77.6 63.6 65.4 65.7 55.3
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For the setting of 0.1%, MPG achieves an mloU of 69.5%, which is 28.4%, 5.8%, 3.7% and
higher than the fully-supervised methods PointNet, SON and HybridCR. It also outperforms
the AADNet and DGNet by 2.3% and 1.7%, respectively.

For the setting of 0.02%, Our MPG reaches an mloU of 65.1%. We first compare our
method with weakly supervised approaches reported under the 0.03% label setting. Since
the supervision levels differ (0.02% for MPG vs. 0.03% for the compared methods), this
comparison is indicative rather than direct. Under this indicative setting, MPG outperforms
HybridCR by 13.6% and DCL by 5.5%. It also achieves 2.8% higher mIoU than the backbone
CPCM. Compared with fully supervised methods. Our result is 24.0% and 5.1% higher
than PointNet and DeepGCN respectively. We further evaluate against more advanced fully
supervised networks, PointNeXt and PointTransV1. Our approach has only 4.1% and 5.3%
performance gaps against the two models.

For 0.01% extremely sparse label setting, MPG achieves an overall average mloU of
63.5%, significantly outperforming all recent comparison methods. Specifically, it exceeds
the second-ranked DGNet by 1.1%, and achieves an 18.2% improvement over the baseline
SQN. These results verify that our method effectively solves the severe supervision scarcity
problem in weakly supervised point cloud segmentation, achieving remarkable performance
even under the extremely sparse label setting.

Moreover, visual comparisons are provided in Figure 2. The panels sequentially
illustrate the raw point clouds, ground truth (GT), MPG outputs, and the backbone results.
The regions where our method surpasses the backbone are denoted by red circles. Benefiting
from the multi-stage pseudo-label refinement, our method effectively suppresses noisy
pseudo-labels. It can be seen that our MPG better recognizes windows, bookcase and
columns with more accurate and complete predictions.

Raw point cloud GT MPG(0.1%) Backbone(0.1%)
I clutter B beam [ board bookcase [l ceiling chair Jij column

I coor [ floor [ sofa table B wall il window

Figure 2. Visualization results on the test set of S3DIS Area-5. Raw point clouds, ground truth (GT),
MPG and the backbone are presented separately, from left to right, and we use red circles to highlight
where we outperform backbone.

In summary, our method, tested on Area-5 of the indoor dataset S3DIS, with 0.1%,
0.02% and 0.01% labeled data, outperforms the weakly supervised latest methods under the
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same conditions and achieves results comparable to fully-supervised methods with only a
small amount of labeled data.

4.5. Quantitative Results on ScanNet-V?2

We further evaluated the performance of MPG on the ScanNet-V2 dataset, as shown in
Table 2. Comprehensive experimental results on the ScanNet-V2 benchmark fully demon-
strate that our proposed method effectively addresses the core challenge of insufficient
supervision in weakly supervised point cloud semantic segmentation. Our method obtains
state-of-the-art performance. We evaluate it under 1% and 0.1% weakly supervised label
ratios. These results demonstrate the effectiveness and strong generalization ability of
our approach.

Under the 1% weakly supervised setting, our proposed method achieves an mloU of
68.2%, which ranks first among all comparison methods and shows significant superiority
over existing approaches. Specifically, our method outperforms the second-ranked DGNet
by 0.8%. It also consistently outperforms other mainstream weakly supervised methods
including GalA, ERDA, AADNet, and CPCM, demonstrating its superior effectiveness in
sparse label scenarios.

Under the 0.1% extremely weakly supervised setting, our method still maintains
outstanding performance, achieving an mloU of 67.1%, which outperforms all comparison
methods. It outperforms the second-ranked CPCM by 3.3%, and also outperforms SQN
and EviUD by 8.7% and 7.4%, verifying its excellent robustness and generalization ability
even under extremely sparse label conditions.

Additionally, Figure 3 illustrates the qualitative performance of our method on the
ScanNet-V2 validation set. The visual comparison is organized as follows: raw point clouds,
GT, baseline (backbone), and our MPG results (from left to right). Notably, the red circles
indicate the specific regions. As observed, our MPG achieves superior recognition of sofas
and chairs compared to the baseline.

Table 2. Quantitative comparisons on ScanNet-V2. Bold indicates the superior performance under
the same configuration. * denotes results based on our reimplementation.

Setting Method mloU (%)
PointNet [38] 33.9
100% HybridCR [29] 59.9
PointNeXt [58] 712
PointTransV2 [60] 75.4
Zhang et al. [48] 51.1
PSD [49] 54.7
HybridCR [29] 56.8
DCL [64] 59.6
3 [30] 58.1
1% GalA [66] 65.2
ERDA [65] 63.0
AADNet [62] 66.8
DGNet [63] 67.4
CPCM * [28] 65.4
MPG (ours) 68.2
EviUD [34] 59.7
01% SQN [53] 58.4
' CPCM [28] 63.8
MPG (ours) 67.1
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Raw point cloud GT MPG(0.1%) Backbone(0.1%)
wall floor |l cabinet bed chair  [Jl] sofa table [Jll door

window picture [l counter desk curtain [l bookshelf [l otherfurniture

Figure 3. Visualization results on the validation set of Scannet-V2. Raw point clouds, GT, MPG and
the backbone are presented separately, from left to right, and we use red circles to highlight where we
outperform backbone.

As demonstrated above, our MPG achieves state-of-the-art performance on the ScanNet-
V2 dataset under same settings. Benefiting from the high-quality pseudo-labels generated
by the multi-stage refinement mechanism, our method even outperforms several fully
supervised approaches.

4.6. Quantitative Results on XIAMEN-Buildings

To further evaluate the generalization performance of the proposed MPG, we conducted
comparative experiments on the XIAMEN-Buildings dataset, which contains building
facades with unique structural characteristics. We conducted six-fold cross-validation for
fair comparison between MPG and existing methods. In this scheme, we use each area as
the validation set in sequence and take the rest as training sets. Detailed test results are
presented in Table 3, and it shows our approach outperforms recent weakly supervised
methods under the same label ratio.

Under the 0.1% sparse label setting, our MPG method reaches an overall average
mloU of 60.2%, which ranks first among all weakly supervised methods, and achieves
performance comparable to fully-supervised medtheds. Compared with the second-ranked
UCL, our method improves the overall mloU by 2.1%, and outperforms the baseline PSD
by 8.0%.

Across 6 test areas, our method achieves the highest mIoU in 4 areas. It delivers promi-
nent gains on complex building scenes and keeps competitive performance across all areas.
These results verify that our method effectively alleviates the supervision scarcity prob-
lem in weakly supervised point clouds segmentation, achieving remarkable performance
breakthroughs with extremely sparse labels.

Table 4 reports the per-class loU on XIAMEN-Buildings under 6-fold cross-validation.
MPG achieves the highest mloU among weakly supervised methods (59.5%), surpassing
the backbone CPCM (56.0%) by 3.5 points and approaching the fully supervised method,
DLA-Net (59.7%), with only 0.1% annotations.
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Table 3. Semantic segmentation performance on XIAMEN-Buildings. Bold indicates the superior
performance under the same configuration. * denotes results based on our reimplementation.

Settings Methods ATotall mloU (%)
verage Areal Area 2 Area 3 Area 4 Area 5 Area 6
Point2Node [67] 54.6 63.1 63.8 56.5 48.8 52.7 42.5
100% KPConv [68] 57.9 68.3 66.8 56.9 51.2 524 51.7
SCF-Net [69] 59.1 66.5 62.5 56.8 53.7 62.2 53.0
DLA-Net [51] 60.3 68.2 66.9 58.4 54.3 63.6 50.4
PSD [49] 52.2 54.6 53.5 52.2 52.0 56.7 44.3
SON [53] 53.7 62.0 55.4 55.0 48.2 57.3 44.3
DLA-Net [51] 54.0 61.1 59.1 53.7 48.4 57.2 443
0.1% SCF-Net [69] 54.8 60.4 574 53.9 50.4 57.4 49.5
' SAF-C3 [37] 55.7 61.6 57.3 55.0 544 57.6 48.1
UCL [70] 58.1 65.0 62.0 57.9 53.9 59.4 50.3
CPCM * [28] 56.2 60.3 59.7 56.2 52.1 58.3 50.8
MPG (ours) 60.2 62.3 62.3 57.7 60.1 63.6 55.2
Table 4. Semantic segmentation performance on XIAMEN-Buildings with Six-Fold Cross-Validation.
Bold indicates the superior performance under the same configuration. * denotes results based on
our reimplementation.
Settings Methods mloU (%) Balu. Balec. Advb. Wall Eave  Colu. Wind. Clutter
KPConv [68] 58.0 49.7 35.7 77.5 67.9 58.7 83.7 60.4 30.4
Fully Point2Node [67] 53.5 41.9 35.1 74 66.1 58.3 80.7 59.1 12.8
SCF-Net [69] 58.9 554 40.8 81.0 66.8 61.3 79.4 61.8 25.0
DLA-Net [51] 59.7 58.2 43.3 79.1 67.5 58.0 79.0 62.0 30.2
SCF-Net [69] 54.3 534 36.7 76.5 61.6 54.6 76.2 56.0 19.7
DLA-Net [51] 53.2 49.3 33.7 76.2 62.2 54.5 72.7 55.3 21.6
PSD [49] 51.1 47.0 31.9 71.5 55.6 53.8 72.7 52.8 23.5
0.1% SON [53] 53.1 43.0 38.3 74.3 61.2 55.7 75.6 55.8 21.3
’ SAF-C3 [37] 54.8 52.0 34.1 76.7 60.4 57.3 74.4 56.2 27.9
MSC 56.5 56.3 38.7 79.7 62.4 55.6 75.7 58.4 25.0
CPCM * [28] 56.0 54.3 43.7 74.2 61.7 515 73.2 64.3 24.8
MPG (ours) 59.5 55.7 46.5 76.3 69.1 52.3 81.9 68.4 25.6

At the category level, MPG achieves the highest IoU on four of the eight classes: column
(81.9%), window (68.4%), wall (69.1%), and balcony (46.5%). The largest margin is on
column, where MPG exceeds the second-best method by 5.7 points (81.9% vs. 76.2%).
These classes are geometrically regular and visually consistent across building instances,
which makes prototype estimation stable and prototype-based filtering effective.

In contrast, the lowest IoU is observed on clutter (25.6%), a semantically ambiguous
class whose prototype is poorly defined. On balustrade, advertising board, and eave, MPG
does not achieve the highest IoU, indicating that these classes benefit from other design
choices in competing methods. Overall, the results suggest that the effectiveness of MPG
depends on the geometric regularity and semantic coherence of the class rather than on its
sample frequency.

Figure 4 illustrates the qualitative results on the XIAMEN-Buildings Area5. From left
to right, the columns display the raw point clouds, GT, MPG, and the backbone results.
Red circles indicate regions where our approach achieves better segmentation than back-
bone. Notably, our method generates clearer and more precise segmentation boundaries
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than the backbone network, effectively preserving the fine-grained structural details of
building contours.

Raw point cloud GT MPG(0.1%) Backbone(0.1%)
column window clutter I balustrade
I balcony [ advboard B wall [ eave

Figure 4. Visualization results on the Area-5 of XIAMEN-Buildings. Raw point clouds, GT, MPG and
the backbone are presented separately, from left to right, and we use red circles to highlight where we

outperform backbone.

5. Ablation Study
5.1. Ablation Study on Essential Component of MPG

To verify the contribution of each key module in MPG—namely the contrastive loss
L= Ly + Loy, theloss L™ = L2 + LTF), and the second-stage training—a series of
ablation studies were performed on Area-5 of S3DIS using 0.1% and 0.01% label ratio. Table 5
summarizes the outcomes. Among these, the configuration in row 6, which integrates all
three components, achieves the best performance. It should be noted that the baseline
results from the publicly available CPCM code are listed in row 1, whereas row 6 reports
the performance of our proposed MPG. The other rows present the results of models using
only individual or partial components.

Table 5. Ablation results of different components on Area-5 of S3DIS under 0.1% and 0.01% su-
pervision. L} and LEPF! are losses in the PPF during the first stage. All results are reported as
mean + standard deviation over 3 independent runs with different random seeds.

o [PPEA Second-Stage mloU (%) mloU (%)
¢ ce Training @0.1% @0.01%
1 o o 66.53 + 0.25 59.02 £ 0.27
2 v o 66.87 £ 0.25 59.47 + 0.29
3 v v 67.70 + 0.36 61.50 £ 0.32
4 ° v 67.13+0.31 60.83 £ 0.33
5 ° ° 67.63 £0.23 61.47 £0.25
6 v v 69.17 £ 0.31 63.50 £ 0.34

vindicates the module is adopted;  indicates the module is not adopted.
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Effectiveness of Contrastive loss L!. Comparative experiments were carried out to assess
the performance of the contrastive loss L!. These trials involved the baseline (row 1),
the variant with only .£! (row 2), and the variant incorporating solely the L& ! (row
4). Based on the obtained mean mloU scores, row 2 achieves 0.34% and 0.45% gain over
row 1, while row 3 (PPF module) yields 0.57% and 0.67% improvement over row 4. These
quantitative results demonstrate that L} effectively complements other modules, leading to
a consistent enhancement in segmentation accuracy.

Effectiveness of the LT The L.F7! represents the cross-entropy loss calculated by
PPF using pseudo-labels generated from class prototypes. Row 4, which only uses this
strategy, shows 0.60% and 1.81% mloU improvement compared to the baseline in row 1.
Furthermore, row 3, incorporating both contrastive loss and .L:E !, improves by 0.83% and
2.03% compared to row 2. These results indicate that the .L:1 "' significantly enhances the
quality of pseudo-labels and improves overall model performance.

Effectiveness of the Second-stage training. The second-stage training further supplies
pseudo-labels to the model, contributing to higher segmentation accuracy. To precisely
quantify the impact of this module, comparative experiments were performed. The quan-
titative results reveal that row 5, which directly trains the model using the second-stage
approach (i.e., the teacher model employs the original network without PPF-based train-
ing), yields 1.10% and 2.45% mloU gain compared to row 1. Moreover, comparing the
full framework (row 6) with the variant lacking second-stage training (row 3) reveals a
significant 1.47% and 2.00% mloU increase, which validates the capability of PLF in boosting
segmentation accuracy. Notably, row 6 attains the peak mean segmentation accuracy of
69.17% and 63.50%, confirming that the other two components can further unleash the
optimization potential of the PLF module.

5.2. Ablation Study on Different Entropy Thresholds

To investigate the impact of the information entropy threshold on the model perfor-
mance, we conduct ablation studies with different threshold values, and the results are
summarized in Table 6.

Table 6. Ablation studies on different entropy thresholds on S3DIS (0.1%).

1) 23 2.5 2.7 3.0
68.0% 68.3% 68.7% 69.5% 68.9%

@ denotes that no information entropy threshold is used for filtering.

Effectiveness of the entropy threshold filter. The baseline setting, where no entropy thresh-
old filtering is applied (denoted by @), yields a model accuracy of 68.0%. When we introduce
the entropy threshold filtering with a threshold of 2.3, the accuracy immediately rises to
68.3%, demonstrating the initial effectiveness of filtering out low-confidence samples with
high entropy. As we further increase the threshold to 2.5 and 2.7, the model performance
continues to improve, reaching the highest accuracy of 69.5% at the threshold of 2.7. This
corresponds to a 1.5% absolute improvement over the baseline, which validates that the
entropy threshold can effectively filter out noisy samples and enhance the quality of pseudo
labels for model training.

However, we observe that the model performance starts to decline when the threshold
is set too high: with a threshold of 3.0, the accuracy drops to 68.9%. This is because an overly
permissive entropy threshold retains a large number of high-entropy, unreliable pseudo-
labels that pass the consistency check but carry noisy supervision. This noise propagates into
the fused pseudo-labels and degrades the model’s segmentation performance. A threshold
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of 2.7 provides a better balance between retaining sufficient pseudo-labels and suppressing
unreliable ones.

Based on these ablation results, we select 2.7 as the optimal information entropy
threshold for our final model, which achieves the better trade-off between filtering out noisy
samples and retaining sufficient valid training data.

5.3. Ablation Study on Different PPF Confidence Threshold T

To investigate the impact of the information confidence threshold on the model per-
formance, we conduct ablation studies with different threshold values, and the results are
summarized in Table 7.

Table 7. Ablation studies on PPF confidence threshold 7 on S3DIS (0.1%).

1) 0.7 0.8 0.9 0.95
65.2% 66.8% 67.2% 67.8% 66.5%

@ denotes that no threshold is used for filtering. All results are obtained under the single-stage setting
(Stage I only, with PLF disabled) to isolate the effect of the PPF confidence threshold.

Effectiveness of the T in PPF. We conduct this ablation under the first stage setting to
isolate the effect of PPF, as evaluating it within the full two-stage pipeline would conflate its
contribution with that of PLF and the second training stage. Table 7 reports the effect of the
PPF confidence threshold 7. Without filtering, the model achieves 65.2% mloU. Applying a
threshold consistently improves performance, confirming that removing low-confidence
pseudo-labels is beneficial. As T increases from 0.7 to 0.9, mloU improves monotonically
from 66.8% to 67.8%, indicating that stricter filtering yields cleaner pseudo-labels and better
supervision. However, further increasing 7 to 0.95 degrades performance to 66.5%, as an
overly strict threshold discards a large number of valid pseudo-labels, leaving insufficient
supervision for training. We therefore set T = 0.9, which achieves the best balance between
pseudo-label purity and retention.

5.4. Ablation Study on the Contrastive Loss Weight

Effectiveness of the contrastive loss weight. We denote the weight of the contrastive loss
as «. Table 8 reports the sensitivity of « under 0.1% supervision on S3DIS. The performance
is highest at « = 1.0 (69.5%) and drops slightly at both lower and higher values: 69.1%
ata = 0.5 and 68.9% at « = 2.0. Ata = 0.5, the contrastive loss provides insufficient
guidance for aligning features with class prototypes, weakening the effectiveness of PPF
filtering. At a = 2.0, the contrastive loss dominates the optimization and slightly degrades
performance. The default value # = 1.0 therefore achieves the best balance among the
loss terms.

Table 8. Sensitivity analysis of the contrastive loss weight « on S3DIS under 0.1% supervision.
The other loss terms are kept at their default values.

Py 0.5 1.0 2.0
mloU (%) 69.1 69.5 68.9

5.5. Ablation Study on Consistency Filter and PPF

To validate the effectiveness of our proposed core components on the S3DIS dataset
with an extremely low annotation rate of 0.1%, we conduct comprehensive ablation studies
on the consistency filter and the PPF module, with the results summarized in Table 9.
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The baseline model without any filtering module achieves an accuracy of 67.1, which serves
as the reference for evaluating the contribution of each component.

Effectiveness of the consistency filter. The consistency filter is designed to purify the
pseudo label set by removing samples with inconsistent predictions from different data
views, which effectively reduces the risk of introducing noisy supervision into the model
training process. When only the consistency filter is enabled, the model accuracy improves
from 67.1% to 67.4%, achieving a 0.3% performance gain over the baseline. Although the
individual improvement of the consistency filter is relatively modest in this low-annotation
scenario, it plays a critical complementary role when combined with the PPF module, as it
further refines the pseudo label set after the initial confidence-based filtering.

Table 9. Ablation studies on consistency filter and PPF on S3DIS (0.1%).

Consistency Filter PPF mloU (%)
° o 67.1
v ° 67.4
° v 68.4
v v 69.5

PPF means the module used in the second stage. v'indicates the module is adopted; o indicates the module is not
adopted.

Effectiveness of the PPF on second stage. The PPF filters low-confidence pseudo labels
based on the distance between unlabeled data and class prototypes, which directly targets
the reliable samples in the unlabeled dataset. When only the PPF is enabled, the model
accuracy rises significantly from 67.1% to 68.4%, achieving a 1.3% improvement over the
baseline, which outperforms the individual contribution of the consistency filter by a large
margin. The result reveals that pseudo-label quality plays a key role at extremely low
annotation rates, and PPF alleviates performance degradation by generating high-quality
pseudo labels.

More importantly, when both the consistency filter and the PPF are enabled simulta-
neously, the model reaches the highest accuracy of 69.5%, which is 2.4% higher than the
baseline model, 2.1% higher than the setting with only the consistency filter, and 1.1% higher
than the setting with only the PPF module. Our method achieves notable performance
gains. This proves the cooperative effect between the two modules. First, PPF generate
high-quality pseudo labels. Then the consistency filter eliminates samples with inconsistent
multi-view predictions. Jointly, they purify pseudo-labels respectively in different ways.
This greatly improves performance for 3D scene segmentation under sparse annotations.

5.6. Ablation Study on Different Branch Constraints

To explore the influence of two augmentation branches (P; and P,) with identical
augmentation implementation on model training via pseudo-label supervision, we conduct
ablation experiments on the S3DIS dataset for the second training stage, as listed in Table 10.

Table 10. Ablation results of different branch constraints on the S3DIS dataset in the second stage.

P, P, mloU (%)
° v 68.9

v o 69.5

v v 67.6

v'indicates the module is adopted; o indicates the module is not adopted.
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Effectiveness of constraints for different branches. When only P, is activated and P is
disabled, the model obtains an accuracy of 68.9%. Replacing the active branch to sole P,
improves the performance to 69.5%. This performance gap arises because the teacher model
leverages class prototypes from P, for supervision. As a result, these prototypes provide less
reliable guidance for the P, branch, thereby contributing to the performance advantage of
P, over P, when employed independently. This indicates that the pseudo-label supervision
derived from the P, branch brings more favorable optimization gains for the segmentation
model, despite the two branches sharing the same augmentation mechanism. However,
enabling both P; and P, simultaneously reduces the accuracy to 67.6%. One possible
explanation is that the two augmented views produce inconsistent prediction distributions,
which may introduce conflicting supervisory signals during cross-entropy optimization
and affect the quality of pseudo-label training. However, we do not provide direct evidence
for this hypothesis and leave a detailed analysis as future work.

In conclusion, two augmentation branches with identical augmentation strategies
cannot be synchronously adopted for pseudo-label cross-entropy constraint, and we select
the P, branch alone for the student model to achieve optimal performance.

5.7. Ablation Study on Training Epoch and Framework Effects

To separate the contribution of our modules from additional training and the teacher-
student framework itself, we conducted two controlled comparisons. As listed in Table 11.
All methods share the same backbone, annotation setting (0.1% class-wise even sampling),
data augmentation, optimizer, and batch size.Crucially, the plain teacher-student baseline
uses the sameteacher as MPG (the Stage-I model), and its student is re-initialized in the same
way. The only difference is that the teacher’s predictions are used directly as pseudo-labels
without PPF or PLE.

Table 11. Comparison of different training budgets and frameworks under 0.1% supervision on
S3DIS. Training time is reported in aggregate GPU-hours, calculated as the number of GPUs
(2 x NVIDIA 3090) multiplied by the elapsed training time. Results are reported as mean * standard
deviation over 3 independent runs with different random seeds.

Method Total Epochs  GPU-Hours mloU (%)
CPCM (original) 180 4.55 66.53 + 0.25
CPCM (extended) 600 15.17 66.73 £0.23
Teacher model (MPG Stage I) 300 7.75 67.70 + 0.36
Plain T-S PL (student) 600 (300 + 300) 15.33 67.07 £ 0.21
MPG (ours) 600 (300 + 300) 16.83 69.17 £ 0.31

First, extending CPCM training from 180 to 600 epochs yields only a very slight im-
provement (66.53% — 66.73%, +0.20%), indicating that extending the training epochs alone
does not lead to a meaningful performance enhancement.

Second, the plain teacher-student baseline achieves 67.07% mloU, which is below its
teacher (67.70%). This indicates that naively propagating unfiltered pseudo-labels to a
freshly initialized student degrades performance: the noise in the teacher’s predictions is
transferred to the student, outweighing any benefit of the additional training stage.

In contrast, MPG achieves 69.17% under the same total budget, a 2.10% improvement
over the plain teacher-student baseline and a 1.47% improvement over its own teacher.
Since the two share the same teacher, the same student initialization, and the same training
budget, this gain is directly attributable to the proposed PPF and PLF modules.
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5.8. Quantitative Analysis of Pseudo-Label Quality

To provide direct evidence for the mechanism of PPF and PLF, we measure the accuracy
of PPF and PLF pseudo-labels, sampling once every 50 epochs. The pseudo-label accuracy
is computed as the proportion of pseudo-labeled points whose predicted class matches the
ground-truth class, which is available for evaluation purposes but not used during training.

Table 12 reports the results. For PPF, the accuracy of PPF pseudo-labels increases
steadily during training, from 35.75% at epoch 1 to 94.19% at epoch 300. The retention
rate follows a different pattern: it rises from 0.5% at epoch 1 to a peak of 10.5% at epoch
50, then declines to 0.7% by epoch 200 and remains stable thereafter. This reflects the
evolution of the prototype-based filter: in the early stage, prototypes estimated from sparse
annotations are unreliable, so only a small fraction of pseudo-labels pass the similarity
threshold. As training proceeds, prototypes become more stable, allowing more pseudo-
labels to be retained. In the later stage, the filter becomes more selective, retaining fewer
but more accurate pseudo-labels.

Table 12. Pseudo-label accuracy (%) and retention rate (%) at different training epochs on
S3DIS (0.1%).

PPF PLF w/o PLF
Epoch

Acc Ret. Acc Ret. Acc Ret.

1 35.75 0.5 99.71 0.3 94.55 100
50 82.60 10.5 99.69 0.3 94.45 100
100 86.59 9.6 99.71 0.3 94.56 100
150 88.47 5.2 99.78 0.3 94.59 100
200 94.24 0.7 99.69 0.3 94.63 100
250 94.92 0.7 99.69 0.3 94.55 100
300 94.19 0.7 99.76 0.3 94.68 100

For PLF, the pseudo-label accuracy remains consistently above 99.6% throughout
training, with only minor fluctuations (from 99.69% to 99.78%). This is expected because
PLF operates on the pseudo-labels generated by the frozen teacher model, which has
already been fully trained in Stage I. The high accuracy reflects the reliability of the teacher’s
predictions. The small fluctuations are attributable to the data augmentation applied to
different training batches: since each batch is augmented differently, the pseudo-labels
generated for a given point may vary slightly across batches, while the teacher’s parameters
remain frozen and unchanged.

However, the retention rate of PLF is only 0.3% throughout training. This indicates
that the fusion strategy is highly conservative: it retains only pseudo-labels on which the
multiple sources strongly agree, resulting in near-perfect accuracy at the cost of very few
pseudo-labels. The stability of the retention rate (0.3% at all epochs) is consistent with the
frozen teacher—since the teacher’s parameters do not change, the set of pseudo-labels it
generates remains stable, and the agreement between sources does not vary substantially
across training.

To isolate the effect of PLF, we also report the pseudo-label accuracy without fusion
(w/o PLF), i.e., using the teacher’s predictions directly. Without fusion, the accuracy
remains around 94.5%, compared with above 99.6% with PLE. This 5.1% gap indicates that
PLF improves pseudo-label quality by applying strict dual-gate screening: it retains only
pseudo-labels that pass both gates, trading a smaller number of pseudo-labels for higher
quality. The accuracy of the retained pseudo-labels is therefore higher than that of the
unfused teacher predictions, at the cost of a reduced retention rate.
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The combination of high accuracy and low retention suggests that PLF alone would
provide insufficient supervision for training. Its role is therefore complementary to PPF:
PPF provides a larger set of pseudo-labels with moderate accuracy, while PLF provides a
smaller set with very high accuracy. Together, they allow the student to learn from both a
broad and a precise source of supervision.

6. Discussion
6.1. Elation to Prior Weakly Supervised Methods

As reviewed in Section 2, weakly supervised point cloud segmentation methods can
be grouped into four routes: 2D label-based methods, self-training methods, perturbation
consistency-based methods, prototype-guided and teacher-student pseudo-label learning
methods. Our method differs from these in the following respects.

Compared with 2D label-based methods, which generate pseudo-labels by projecting
2D image annotations onto 3D point clouds, MPG does not rely on external 2D supervi-
sion. Projection-based schemes lose part of the point cloud information and are subject to
viewpoint restrictions, as noted in Section 2. MPG avoids these limitations by generating
pseudo-labels directly in 3D space from a frozen teacher.

Compared with self-training methods, which iteratively refine pseudo-labels from the
model’s own predictions, MPG does not reuse its own predictions as the sole source of
pseudo-labels. Self-training is prone to error accumulation, as the model’s systematic errors
are repeatedly reinforced. In MPG, pseudo-labels are generated by a frozen teacher and
filtered through class-level prototype statistics, which reduces this accumulation.

Compared with perturbation consistency-based methods, which enforce consistency
between augmented views as a training objective, MPG uses consistency as a criterion for
filtering pseudo-labels. Perturbation consistency methods do not generate explicit pseudo-
labels; they directly constrain the model’s predictions to be invariant across perturbations.
In contrast, MPG generates pseudo-labels and retains only those that pass the consistency
check, which are then used as supervision for the student. This distinguishes MPG from
consistency-based methods in that the consistency constraint operates at the label level
rather than at the prediction level.

Compared with prototype-guided methods, which use class prototypes as regular-
ization for feature learning—pulling point features toward their class prototype and away
from others, aligning prototypes of the same class across scenes, or using multiple proto-
types per class as classifier weights—MPG uses the class prototype as a semantic anchor
to generate and filter pseudo-labels. This shifts the role of prototypes from feature-level
regularization to label-level refinement, which is more directly aligned with the goal of
improving pseudo-label quality under extremely sparse supervision.

Compared with teacher-student pseudo-label learning methods, which obtain pseudo-
labels from a single source—typically an exponential-moving-average teacher with confidence-
based or uncertainty-based filtering—MPG obtains pseudo-labels from multiple sources
(PPF, PLF). Single-source pseudo-labeling is prone to information bias and error accumu-
lation, as the teacher’s systematic errors are repeatedly reinforced. Multi-source fusion
mitigates this by combining complementary predictions, which we attribute to the more
stable gains of MPG under extremely sparse.

6.2. Why MPG Performs Differently

The improvement of MPG over the backbone and over single-source pseudo-labeling
methods stems from two design choices: Prototype-guided Pseudo-label Filter and multi-
source pseudo-label fusion.
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Prototype-guided Pseudo-label Filter. Class prototypes are computed from the labeled
points and serve as semantic anchors for pseudo-label generation. For each unlabeled
point, MPG computes its feature similarity to each class prototype, and pseudo-labels are
assigned only when the similarity exceeds a threshold. Since the prototypes are derived
from the labeled points—the only source of ground-truth supervision under extremely
sparse annotation—they carry reliable class-level semantic information. By using class
prototypes as anchors, PPF leverages this reliable semantic information to identify unlabeled
points that can be confidently assigned to a class.

Multi-source pseudo-label fusion. Single-source pseudo-labeling methods, such as
DBCL, CASC, and EviUD, obtain pseudo-labels from one teacher and are prone to infor-
mation bias: systematic errors in the teacher are repeatedly reinforced during training.
MPG instead generates pseudo-labels from two different sources that rely on different
mechanisms. The first source is generated by the student model using PPF, which assigns
pseudo-labels based on the feature similarity between unlabeled points and class prototypes.
The second source is generated by the teacher model through PLF, which fuses predictions
from multiple augmented views. Since the two sources rely on different criteria, their
predictions are complementary, and errors from one source are less likely to appear in
the other. The two sources are then fused to produce the final pseudo-labels for training.
As shown in Table 11, MPG outperforms the plain teacher-student baseline by 2.6% under
the same teacher and training budget, confirming that the gain is attributable to the fusion
of complementary sources rather than to the teacher itself.

6.3. Computational Efficiency

Table 13 compares the computational cost of MPG with the CPCM backbone on S3DIS.
The results show that MPG improves segmentation accuracy without increasing model size
or inference cost.

Table 13. Computational efficiency comparison between CPCM and MPG on S3DIS. Inference metrics
are measured on a single NVIDIA 3090 GPU with batch size 2.

Metric CcPCM MPG
Parameters (M) 37.85 37.85
Inference speed (FPS) 5.79 5.79
GPU utilization (inference) 44% 44%

Model parameters. The parameter count of MPG is identical to that of CPCM (37.85M),
because the PPF and PLF modules do not introduce additional learnable parameters. PPF
operates on class prototypes computed from feature embeddings, and PLF is a pseudo-label
fusion strategy applied during training; neither adds parameters to the network.

Inference efficiency. At inference time, MPG achieves the same speed as CPCM
(5.79 FPS) and the same GPU utilization (44%). This is because both modules operate
only during training: PPF filters the pseudo-labels generated by the teacher, and PLF fuses
pseudo-labels for the student. Neither is used in the forward pass at inference. The inference
pipeline of MPG is therefore identical to that of the backbone, and the improvement in
segmentation accuracy comes at no additional inference cost.

Training cost. The additional cost of MPG is confined to training. The two-stage
architecture requires 300 epochs per stage (600 in total), compared with 180 epochs for
CPCM. As shown in Table 11, this increase stems from the two-stage training pipeline rather
than from the PPF and PLF modules, which are lightweight operations on pseudo-labels.

Engineering practicability. From a deployment perspective, these results indicate that
MPG can be applied to large-scale building scene segmentation without increasing model
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size, inference latency, or GPU utilization. The improvement in segmentation accuracy
under extremely sparse supervision is achieved purely by improving the training process,
which makes MPG suitable for practical deployment where inference efficiency is critical.

6.4. Limitation

MPG does not specifically address class imbalance or semantically ambiguous classes
such as clutter; its benefit depends on the reliability of prototype estimation, which is
limited when annotated points are scarce. Additionally, The two-stage training introduces
additional computational cost compared with single-stage methods.

7. Conclusions

In this work, we propose a novel Multi-stage Pseudo-label Guided (MPG) framework
for extremely sparse weakly supervised point cloud semantic segmentation. To address
the challenge of unreliable pseudo-labels, MPG progressively mines and refines semantic
information from unlabeled points through two stages. The proposed Prototype-guided
Pseudo-label Filter (PPF) and Pseudo-Label Fusion (PLF) strategy effectively improve
pseudo-label quality and enhance segmentation performance. Extensive experiments on in-
door and outdoor benchmarks demonstrate that MPG achieves state-of-the-art performance
under extremely sparse annotation settings and achieves competitive performance com-
pared with some fully supervised methods. In future work, we will explore multi-modal
feature fusion to further exploit complementary semantic information for more accurate
point cloud understanding.
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SOTA  state-of-the-art

GT Ground Truth

CE cross-entropy loss

IoU Intersection over Union

mloU mean Intersection over Union
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