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Abstract

Point cloud semantic segmentation is a core component in indoor scene understanding and
autonomous driving. Under weak point-level supervision, only a small subset of points is
annotated, making effective use of unlabeled points critical yet non-trivial. Many existing
approaches rely on prediction confidence to filter pseudo labels or enforce consistency,
which can bias training toward easy points and amplify early mistakes. Consequently,
confidently wrong predictions may be reinforced, while uncertain points around class
boundaries or in geometrically complex regions are less utilized, limiting further gains. An
evidential uncertainty decomposition framework is introduced for weakly supervised point
cloud semantic segmentation. Network outputs are interpreted as evidential distributions,
and uncertainty is decomposed to separate lack-of-knowledge uncertainty from boundary-
related ambiguity, providing a more informative reliability signal for unlabeled points.
Based on this signal, different constraints are applied to different subsets: reliable points are
trained with pseudo labels together with prototype-based regularization to encourage intra-
class compactness; boundary-ambiguous points are guided by evidential consistency to
improve boundary learning; and points with high epistemic uncertainty are excluded from
pseudo-label-based supervision to mitigate error reinforcement. In addition, an uncertainty
calibration term on sparsely labeled points helps stabilize training. Experiments on S3DIS,
ScanNet-V2, and SemanticKITTI yield 67.7%, 59.7%, and 53.3% mIoU, respectively, with
only 0.1% labeled points, comparing favorably with prior weakly supervised point cloud
segmentation methods.

Keywords: 3D point cloud; semantic segmentation; weakly supervised learning; evidential
representation; uncertainty decomposition

1. Introduction
With the rapid development of 3D perception and computer vision, large-scale point

cloud semantic segmentation has become a central task in 3D scene understanding. It has
broad applications in indoor modeling, remote sensing mapping, urban planning, and au-
tonomous driving. In recent years, fully supervised methods have continuously advanced
segmentation performance [1–5], achieving strong accuracy and robustness on standard
benchmarks [6–8]. However, their reliance on dense point-wise annotations remains a
major obstacle for practical deployment. To reduce labeling effort, weakly supervised point
cloud semantic segmentation has attracted increasing attention, aiming to train and infer
with only a small fraction of labeled points. Existing weakly supervised approaches can be
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roughly grouped into two categories. The first follows label propagation [9–11], expanding
sparse annotations into richer supervision via clustering, query strategies, or region-level
consistency. The second focuses on selective use of unlabeled points together with con-
sistency regularization [12,13], and improves performance through iterative optimization.
Notably, many methods adopt prediction confidence as the reliability criterion and use
a fixed threshold to filter supervisory signals. However, this strategy often discards low-
confidence points near class boundaries or in structurally complex regions. Consequently,
informative geometric and semantic cues may be overlooked, and erroneous supervision
may accumulate and propagate during iterative training.

Under extremely low annotation rates, the key to weakly supervised training lies
in how to reliably exploit supervisory signals from unlabeled points. Conventional ap-
proaches typically assess prediction reliability using confidence scores or heuristic rules,
and then filter or reweight samples accordingly. However, this single-probability characteri-
zation has two major limitations. First, the confidence magnitude does not reveal the source
of uncertainty. Low-confidence predictions around class boundaries and fine-grained
structures may stem from intrinsic class ambiguity, but can also be caused by insufficient
model knowledge or noise perturbations. Relying solely on confidence therefore makes
it difficult to distinguish these cases. This may lead to selection bias, where confidently
wrong predictions are reinforced while informative low-confidence points are overlooked.
Second, predictions on unlabeled points often fluctuate during training and exhibit local
inconsistency. If hard filtering or uniform consistency constraints are applied indiscrimi-
nately, erroneous decisions may persist in disputed regions. This can amplify noise-driven
gradients and lead to unstable learning at boundaries and other difficult regions.

To address these challenges, an evidentially driven uncertainty decomposition (EviUD)
approach for weakly supervised point cloud semantic segmentation is presented. The main
idea is to represent point-wise predictions as evidential distributions and to decompose
uncertainty into two components. These components capture epistemic uncertainty and
boundary ambiguity, respectively. This provides a more reliable basis for learning from
unlabeled points. Specifically, an evidential output is first constructed to enable explicit
uncertainty modeling, and uncertainty decomposition is performed to obtain a fine-grained
reliability assessment for unlabeled points. Based on this assessment, different training
constraints are applied to unlabeled points. Reliable predictions are trained with pseudo-
label supervision together with prototype regularization to enhance intra-class consistency.
Boundary-ambiguous predictions are regularized by a boundary-aware soft constraint to
stabilize boundary learning. Meanwhile, predictions with high epistemic uncertainty are
excluded from pseudo-label-based supervision. In addition, an uncertainty calibration
term is imposed on sparsely labeled points. This term encourages consistency between the
evidence strength and prediction correctness, thereby further improving training stability.

To summarize, our key contributions are the following:

• Reliability measurement via evidential modeling and uncertainty decomposition.
Point-wise predictions are modeled as evidential distributions. Uncertainty is then
decomposed to provide a finer-grained reliability measure for unlabeled points. This
helps mitigate the selection bias introduced by confidence-only criteria.

• Uncertainty-aware differentiated weak supervision. Pseudo-label supervision, pro-
totype regularization, and evidential consistency are applied to unlabeled points
according to their reliability and boundary characteristics. This promotes intra-class
compactness and stabilizes boundary learning.

• Uncertainty calibration under sparse labels. A calibration constraint is imposed on
sparsely labeled points to align uncertainty estimation with prediction correctness.
This enables more robust exploitation of unlabeled points and more stable optimization.
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2. Related Work
2.1. Weakly Supervised Point Cloud Semantic Segmentation

Weakly supervised point cloud semantic segmentation aims to perform dense seman-
tic prediction with only a small number of labeled points. This reduces annotation costs
for 3D scene segmentation and improves the utilization of unlabeled data. To address
the critical issue of how to obtain effective supervision from unlabeled points, research
under the sparse point-level annotation setting has proven effective, with notable works
including [9,11,13–22]. These methods generally rely on pseudo label generation as the
basis and combine strategies such as consistency constraints, structure propagation, and
discriminative representation learning. Methods like PSD [15] and PointMatch [17] apply
consistency constraints on predictions after perturbations (e.g., rotation, mirroring, and
sampling) to stabilize training. DAT [13] constructs region-level augmented samples using
structural units like superpoint graphs to enhance cross-view consistency. OTOC [9] itera-
tively expands sparse annotations through a graph propagation module, explicitly learning
similarities between graph nodes. HybridCR [18] strengthens intra-class compactness
and inter-class separability through multi-level contrastive constraints, including trans-
formation pairs, local geometric pairs, and class prototype pairs. CPCM [19] and similar
methods improve feature discrimination from a context modeling perspective. PointCon-
trast [20] uses contrastive pre-training to provide transferable representations, offering
effective initialization for weakly labeled segmentation. Additionally, SQN [11] improves
structural identification under weak supervision by utilizing hierarchical representations
from sparse neighborhoods, and Pan et al. [21] enhance the coverage and effectiveness of
limited annotations through label recommendations. REAL [22] introduces 2D priors to
assist with supervision construction in difficult regions. These weakly supervised point
cloud segmentation methods generally rely on confidence thresholds to filter pseudo labels,
which can introduce selection bias and weaken the effectiveness of supervision in boundary
and hard-to-segment regions. In this paper, we introduce uncertainty characterization
and decomposition based on evidential representation. This framework provides an ex-
plicit reliability assessment for pseudo labels and supports differentiated strategies for
sample utilization.

2.2. Evidential Learning and Uncertainty Modeling

Uncertainty estimation has been exploited in weakly supervised point cloud seg-
mentation for pseudo-label reliability assessment and training scheduling. For instance,
RAC-Net [23] and PA-Net [24] incorporate uncertainty to impose hierarchical consistency
or to characterize prediction risk. OCOC [25] uses temporal output discrepancy to guide
sample querying under limited annotation budgets. UCL [26] integrates uncertainty into
contrastive learning and feature regularization by modulating pair construction or con-
straint strength. Overall, uncertainty-aware reliability measures have become a key tool for
improving pseudo-label quality, boundary learning, and training stability.

Unlike the uncertainty usage based on prediction distributions or output differences,
evidential learning offers a more structured approach to uncertainty modeling. A represen-
tative idea is to use the Dirichlet distribution to characterize class probabilities. Evidence
is then used as an explicit representation of the model’s support for each class. In this
way, both predictions and uncertainty estimates can be obtained in a single forward pass.
Sensoy et al. [27] introduced evidential deep learning (EDL). Subsequent work [28–30]
applied evidential uncertainty to semantic and medical segmentation. These studies re-
ported improved tolerance to noisy supervision and ambiguous boundaries, and using it
for interactive annotation and consistency learning.
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It should be noted that, although some existing weakly supervised point cloud seg-
mentation methods use uncertainty for pseudo-label evaluation and differentiated con-
straints [23–26], end-to-end uncertainty modeling and decomposition based on evidential
representation remain relatively limited. Previous studies have shown that evidential learn-
ing can provide more interpretable support for noisy supervision and boundary ambiguity
in image and medical segmentation tasks [27–30]. However, unlike 2D images with regular
grid structures, 3D point clouds are sparse, unordered, and geometrically irregular. Their
local semantic evidence is easily affected by variations in sampling density, occlusion, and
complex geometric boundaries. This may lead to unstable evidence estimation and make
low-confidence samples harder to identify and exploit. As a result, informative boundary
points may be mistakenly discarded during training, while noisy samples may still be
retained. Therefore, introducing evidential learning into weakly supervised point cloud
segmentation requires targeted adaptation to 3D geometric representation and weakly
supervised sample utilization. This helps characterize pseudo-label risk more precisely and
improve the use of samples in boundary regions.

3. Method
This section is organized as follows. Section 3.1 overviews the framework. Section 3.2

presents evidential modeling and uncertainty decomposition. Section 3.3 describes
reliability-based partition and differentiated constraints for unlabeled points. Section 3.4
summarizes the loss functions and optimization objective.

3.1. Overview

An evidentially driven uncertainty decomposition method for weakly supervised
point cloud semantic segmentation, termed EviUD, is proposed. The overall framework
is illustrated in Figure 1. The core idea of EviUD is to explicitly quantify point-level
uncertainty through evidential modeling and to use the decomposed uncertainty to guide
selective utilization of unlabeled points during training.

The input training set X consists of N points, including both labeled and unlabeled
points. For each input point i ∈ X, the teacher–student framework produces{

zt
i , f t

i = Ft(i, θt)

zs
i , f s

i = Fs(i, θs)
, (1)

where Ft and Fs denote the teacher and student networks, respectively, with θt and θs being
their corresponding parameters. For each model, two outputs are obtained: zi denotes the
logits (unnormalized class scores), and fi represents the embedding feature associated with
point i.

In weakly supervised point cloud semantic segmentation, low-confidence predictions
do not always correspond to unusable samples. On the one hand, sparse sampling, occlu-
sion, missing regions, and local geometric noise may prevent the model from acquiring
sufficient knowledge, which makes the prediction itself unreliable. On the other hand, class
boundaries, fine-grained structures, and local geometric transition regions can also produce
high uncertainty, while such samples often still contain useful discriminative information.
If sample selection relies only on a unified confidence score or a single uncertainty measure,
informative boundary samples may be wrongly discarded, while noisy samples may still
be retained during training.

To address the unstable local evidence, mixed sources of low-confidence samples,
and the easy propagation of noise under sparse supervision in point clouds, this paper
constructs evidential representations based on geometric feature representations and further
performs uncertainty decomposition in the evidential space. In this way, high-risk samples
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caused by insufficient model knowledge can be distinguished from ambiguous samples
caused by boundary mixing and complex local structures. Based on the decomposition
results, unlabeled points are divided into a reliable set and a fuzzy set, and differentiated
constraints are imposed during subsequent training to achieve a sample utilization strategy
that is more suitable for weakly supervised point clouds.

Figure 1. Overall framework of EviUD. The input point cloud is fed into the student and teacher
networks under strong and weak perturbations, respectively. The teacher branch produces evidential
outputs and performs uncertainty decomposition, and unlabeled points are partitioned into a reliable
set and a fuzzy set according to two thresholds. Reliable points are trained with pseudo-label super-
vision and prototype regularization, while fuzzy points are constrained by evidential consistency to
stabilize boundary learning and suppress noise.

During training, a teacher–student scheme is adopted to provide a more stable ref-
erence prediction, and weak/strong perturbations are used to construct complementary
views. The teacher network produces reference predictions under weak perturbations,
while the student network is optimized under strong perturbations to improve robust-
ness. The teacher parameters are updated as an exponential moving average (EMA) of the
student parameters.

θ
(k+1)
t = βθ

(k)
t + (1 − β)θ

(k+1)
s , (2)

where θ
(k)
t denotes the teacher parameters at the current (i.e., k-th) step, and θ

(k+1)
s repre-

sents the updated student parameters after the (k + 1)-th gradient update. The coefficient
β ∈ [0, 1) controls the extent to which the teacher retains its previous parameters. With this
update scheme, the teacher network maintains a temporally smoothed version of the stu-
dent’s historical parameters. It gradually accumulates knowledge and reduces parameter
fluctuations. As a result, the teacher network produces more stable predictions. The final
overall training loss is used to update only the student network parameters.

3.2. Evidential Representation and Uncertainty Decomposition
3.2.1. Evidential Representation

A key difficulty in weakly supervised point cloud semantic segmentation is that
a large number of unlabeled points must be incorporated into training, while sparse
sampling, local occlusion, and complex geometric boundaries make point-wise reliability
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estimation more unstable. Unlike images with regular grids, where local context is relatively
continuous, the local semantic evidence of point clouds usually depends on aggregation
over discrete neighborhoods. As a result, its stability is more easily affected by changes
in sampling density and local geometric perturbations. A common practice is to treat
softmax probabilities as confidence scores and use them to filter or reweight pseudo labels.
However, the normalization in softmax implicitly assumes a closed-set setting: probability
mass is forced to be assigned to the predefined class set. Even when the model lacks
sufficient evidence, softmax may still yield a seemingly confident distribution via relative
normalization, thereby amplifying confirmation bias from erroneous pseudo labels. To
this end, Dempster–Shafer Theory (DST) is introduced as the theoretical foundation, and
its parametric extension, Subjective Logic (SL), is adopted for evidential representation.
This design explicitly separates class support from unknown mass, thereby improving the
interpretability and stability of point-wise reliability modeling in weakly supervised point
cloud scenes.

Specifically, the teacher outputs the logits as follows:

zi = [zi1, · · · , ziC]. (3)

To enable DST/SL for evidential representation, a non-linear activation function A(•)
is applied to the logits, mapping them into class-specific evidence

eic = A(zic), eic ≥ 0, (4)

where A(•) can take functions such as ReLU(•), So f tplus(•), or exp(•) for activation.
Considering the point cloud segmentation of logits, they may exhibit wide fluctuation,
whereas So f tplus(•) maintains smooth monotonicity, making it more stable numerically.

After obtaining the non-negative evidence eic, SL decodes the support strength for
each class and interprets the prediction of i as a dominant hypothesis

ωi = (bi, ui), bi = {bi1, · · · , bic}, ui ∈ [0, 1], (5)

where bic denotes the belief mass assigned to class c, and ui represents the uncertainty for
the point. Unlike the closed-world assumption of softmax, SL/DST allows the explicit
modeling of uncertainty mass, with its core constraint being

ui + ∑C
c=1 bic = 1. (6)

This illustrates the key requirement in weakly supervised segmentation: the model
must not only assign belief mass among classes, but also reserve mass for uncertainty,
avoiding forcing unreliable pseudo labels to be interpreted as certain classes. Furthermore,
SL provides a parametric form for the distribution of belief mass. Let the Dirichlet strength
of point i (i.e., total evidence strength) be defined as

Si = ∑C
c=1 αic, αic = eic + 1. (7)

The belief mass and uncertainty mass can then be expressed as

bic =
eic
Si

, ui =
C
Si

. (8)

Equation (8) demonstrates the consistency of the belief signature with weak super-
vision and the high degree of alignment with the single adjustment property: When no
evidence is available ( ∑c eic ≈ 0 ⇒ Si ≈ C ), then ui ≈ 1, the model outputs “I don’t know”.

https://doi.org/10.3390/ijgi15040167
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When evidence becomes increasingly abundant ( Si → ∞ ), then ui → 0 , the prediction
converges to certainty. In contrast, softmax, even when evidence is scarce, is forced to
output a normalized probability peak, leading to a pseudo-label trap with superficially high
confidence but no actual supporting evidence. SL’s uncertainty mass explicitly exposes this
ignorance, providing a controllable risk signal for subsequent training.

To enable end-to-end learning in the discriminative segmentation network and provide
a finer-grained uncertainty characterization, we further formalize this subjective opinion
using the Dirichlet distribution. From Equation (7), the evidence associated with each point
i is modeled by a Dirichlet distribution:

πi ∼ Dir(αi), αi = [αi1, · · · , αiC]. (9)

The expected predictive probability:

pic = E[πic] =
αic
Si

. (10)

It is worth emphasizing that the introduction of the Dirichlet distribution serves a
purpose beyond merely producing a predictive probability. The Dirichlet distribution
jointly encodes both the predictive mean and the evidence strength. Thus, two points may
have similar probability shapes but different Si, distinguishing well-supported certainty
from normalization-amplified certainty. This property is crucial for risk-aware pseudo-label
utilization and forms the basis for uncertainty decomposition and sample partitioning
described in the following sections.

3.2.2. Uncertainty Decomposition

Uncertainty in weakly supervised point cloud segmentation does not arise from a
single source, and this mixed nature is more pronounced in point cloud scenes. One part
comes from insufficient model knowledge, such as long-tailed categories, domain shift, and
atypical structures caused by occlusion or partial observations. The other part comes from
the intrinsic ambiguity of the data, including class boundary overlap and the vagueness of
thin structures under sparse sampling. If these sources are not distinguished, training may
over-trust seemingly high-confidence pseudo labels and reinforce early errors. At the same
time, informative but uncertain boundary points may be underused. To address this issue,
we further decompose uncertainty on top of evidential modeling to answer two questions:
whether a pseudo label is reliable and how uncertain samples should be constrained.

Building upon the evidential representation, we further decompose point-wise uncer-
tainty into epistemic uncertainty (EU) and aleatoric uncertainty (AU). EU reflects insuffi-
cient knowledge caused by limited evidence. AU describes the intrinsic ambiguity of the
predictive distribution when the evidence is relatively adequate, which is often related to
boundary mixing and locally ambiguous structures. EU therefore measures model-level
ignorance. When the model lacks sufficient knowledge, the evidence assigned to all classes
eic tends to be globally small, which is reflected by a low Si and consequently a high ui.
Based on this property, we adopt the ui as the quantitative form of epistemic uncertainty.

EUi = ui =
C
Si

. (11)

Even when the softmax output exhibits a sharp, peaked probability for certain points,
a low total evidence strength may still result in high EU. Such points often constitute a
major source of high-risk pseudo labels.

https://doi.org/10.3390/ijgi15040167
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In contrast, AU measures data-level uncertainty. Since Dirichlet provides a posterior
form over class probabilities, the expected entropy of this distribution can quantify the
intrinsic ambiguity.

AU′
i = Eπi [H(πi)] = E[−

C

∑
c=1

πic log πic]. (12)

Owing to the availability of an analytic expectation of the logarithmic terms under the
Dirichlet distribution, the above formulation admits a closed-form expression.

AUi = −
C

∑
c=1

αic
Si

(φ(αic + 1)− φ(Si + 1)), (13)

where φ denotes the digamma function φ(x) = d
dx log Γ(x), and Γ denotes the gamma

function, Γ(x) =
∫ ∞

0 tx−1e−tdt.
Figure 2 illustrates the relationship between EU and AU. To consistently schedule the

utilization of unlabeled points during training, we partition samples on the (EU, AU) plane
using two thresholds (τEU , τAU). We adopt percentile-based adaptive thresholds. τEU and
τAU are dynamically determined at each iteration according to the statistical distributions
of the teacher-estimated corresponding uncertainty measures, using predefined percentile
ratios rather than fixed constants. If an unlabeled point satisfies EUi ≤ τEU and AUi ≤ τAU ,
it is considered reliable and included in reliable ΩR.

ΩR = {i|EUi ≤ τEU , AUi ≤ τAU} (14)

Figure 2. EU-AU quadrants with dual thresholds. Using (τEU , τAU) as the origin, the lower-left region
(low EU, low AU) corresponds to reliable samples for pseudo-label supervision. The upper-left region
(low EU, high AU) contains fuzzy boundary samples handled with soft constraints. The right-side
region (high EU) indicates points excluded from pseudo-label-based supervision.

If EUi ≤ τEU but AUi > τAU , the point typically lies near class boundaries or exhibits
multi-modality, and is assigned to the fuzzy set ΩB.

ΩB = {i|EUi ≤ τEU , AUi > τAU}. (15)

Finally, when EUi > τEU , it indicates that the point lies in a region of model ignorance
with insufficient evidence. Even if its mean prediction exhibits a sharp probability peak, this
is more likely due to normalization-induced apparent certainty and represents a primary
source of high-risk pseudo labels.

Overall, the EU/AU decomposition provides a clear routing criterion for subsequent
differentiated constraints. Reliable points support pseudo-label supervision and intra-
class consistency. Fuzzy points preserve boundary information and are handled with
gentler constraints.

https://doi.org/10.3390/ijgi15040167
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3.3. Weakly Supervised Constrained Optimization

Based on evidential predictions and their uncertainty decomposition, the learning
problem for unlabeled points is formulated as a reliability-aware weakly supervised con-
strained optimization problem: reliable signals should be fully utilized, while boundary-
ambiguous signals should participate in a soft manner.

3.3.1. Calibration of Epistemic Uncertainty with Sparse Annotations

In weakly supervised point cloud segmentation with extremely sparse point-level
annotations, complex local geometric structures and limited supervision further amplify
scale bias in evidence estimation. To improve the stability of evidence estimation in point
cloud scenes, sparse labeled points are used to explicitly calibrate epistemic uncertainty.

In the early stages of weakly supervised training, the network’s evidential outputs and
uncertainty quantification often exhibit scale bias. For instance, the model may produce
low EU even when making incorrect predictions, or exhibit excessively high EU on correct
predictions. To address this, we introduce a Calibrated Epistemic Uncertainty (CEU) loss.
This loss uses sparsely labeled points to provide supervised calibration for EU.

Specifically, for a set of labeled points ΩL, where the true label of point i is yi, the
predicted class by the student network is defined as follows:

ys
i = argmaxps

ic. (16)

Defining an indicator variable for prediction correctness:

ri = I(ŷi = yi), ri ∈ {0, 1}. (17)

Here, ri = 1 indicates a correct prediction, and ri = 0 indicates an incorrect prediction.
Based on the epistemic uncertainty EUs

i output by the student network, it is mapped to a
risk scalar.

eus
i = clip(EUs

i , 0, 1), (18)

where clip(·) is used to constrain the uncertainty within a stable range.
Subsequently, the CEU loss calibrates the uncertainty using a binary cross-

entropy formulation.

Lceu =
1

|ΩL| ∑
i∈ΩL

(−ri log(1 − eus
i )− (1 − ri) log eus

i ). (19)

This loss explicitly establishes a consistency constraint between prediction correctness
and epistemic uncertainty, enabling the model to learn a stable and interpretable scale
of epistemic uncertainty. As a result, it effectively mitigates confirmation bias in weakly
supervised learning and enhances overall training stability.

3.3.2. Pseudo Label Supervision and Feature Alignment on the Reliable Set

The reliable set ΩR, obtained through double-threshold partitioning, is supported
by relatively sufficient evidence and exhibits weak class competition. Therefore, it can
be regarded as the lowest-risk and highest-value source of unlabeled points for weakly
supervised training. On this set, we construct a pseudo-label supervision term and further
impose a feature alignment constraint. This design mitigates representation drift and
inter-class ambiguity in weakly supervised learning, thus improving the stability and
transferability of pseudo-label learning.

https://doi.org/10.3390/ijgi15040167
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Specifically, for i ∈ ΩR, a hard pseudo-label is generated based on the class with the
maximum response predicted by the teacher network.

ŷi = argmaxpic, i ∈ ΩR. (20)

However, even within the reliable set, the strength of evidence may vary across points.
Applying uniform supervision to all reliable points could still amplify the effect of a small
number of noisy pseudo labels. To address this, we construct continuous weights based on
epistemic uncertainty, allowing the supervision strength to adaptively scale with the degree
of evidence sufficiency. Concretely, the continuous weight is defined using the teacher
network’s epistemic uncertainty EUt

i .

ωi = 1 − clip(EU t
i , 0, 1), i ∈ ΩR. (21)

For i ∈ ΩR, a weighted pseudo-label supervision loss is constructed using the pseudo-
label ŷi obtained from Equation (16).

Lrel = − 1
|ΩR| ∑

i∈ΩR

ωi log ps
i,ŷi

, (22)

where ps
i,ŷi

denotes the prediction probability of the student network for the pseudo-label
class. We perform supervision by combining hard pseudo-labels with evidential weighting.
This allows the supervision strength to be adaptively adjusted according to the sufficiency
of the teacher’s evidence. As a result, the supervisory sample set is expanded, while the
risk of confirmation bias is minimized.

To further stabilize the feature space, a teacher-side class prototype memory bank is
constructed as a cross-iteration semantic anchor.

P ={ρc}C
c=1, ρc ∈ RD, (23)

where D denotes the dimension of point-level embeddings. For each class c, the weighted
class center is computed from points in the reliable set predicted by the teacher network as
class c.

µc =
∑i∈Ωc

R
ωi f t

i

∑i∈Ωc
R

ωi + ε
, Ωc

R = {i ∈ ΩR|ŷi = c}, (24)

where ε is a small term for numerical stability. The global prototypes are then updated
using an EMA strategy.

ρc = ηρ′c + (1 − η)µc, (25)

where ρ′c is the prototype from the previous iteration and η is the EMA coefficient. If a class
is not sampled in the current iteration, or if its reliable set is empty, its prototype is retained
from the previous iteration.

To encourage student features to form stable class clusters under reliable pseudo-
label guidance, the student embeddings f s

i are pulled towards the corresponding teacher
prototype ρŷi . First, embeddings are normalized:

f̂ s
i =

f s
i∥∥ f s
i

∥∥ , ρ̂c =
ρc

∥ρc∥
. (26)

Then, the prototype alignment loss is defined as follows:

Lpro =
1

|ΩR| ∑
i∈ΩR

ωi(1 −
〈

f̂ s
i , ρ̂ŷi

〉
), (27)

https://doi.org/10.3390/ijgi15040167
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where ⟨•⟩ denotes the cosine similarity. The prototype alignment loss and the pseudo-label
supervision loss are complementary. The former constrains feature-level representations,
whereas the latter regularizes network predictions. Together, they promote stable and
robust learning.

3.3.3. Soft Consistency Constraint on the Fuzzy Set

Points in the fuzzy set possess some evidence support, but the evidence exhibits
significant competition across multiple classes. Such points are often located near semantic
boundaries, in regions with unclear local structures, or in transitional class areas. Based
on this, we adopt a soft consistency regularization instead of hard supervision, using the
teacher’s soft output distribution to constrain the student’s output to remain consistent.
This approach improves training stability without undermining boundary uncertainty.

Specifically, for i ∈ ΩB, a soft distribution is constructed:

qi = softmax(zi), (28)

it is important to note that the softmax here is not used for uncertainty modeling or final
prediction decisions. Its sole purpose is to represent the class distribution pattern and does
not provide a reliability measure, thus remaining consistent with the original intent of
introducing evidence theory.

To simultaneously constrain both the teacher-to-student and student-to-teacher dis-
crepancies, and to avoid the instability of a one-way KL divergence under extreme distribu-
tions, we employ a symmetric KL to construct the evidence consistency loss.

Ledl = − 1
|ΩB| ∑

i∈ΩB

γi(DKL(qt
i∥qs

i ) + DKL(qs
i
∥∥qt

i )), (29)

here, γi is an adaptive decay coefficient, which is constructed based on the teacher-side
aleatoric uncertainty AUt

i .
γi = exp(−AUt

i ). (30)

The evidence consistency loss essentially imposes a soft pseudo-label consistency
constraint on points in the fuzzy set. It does not require the student output to converge to
a single class; rather, it encourages the student’s predicted distribution to align with the
teacher’s prediction at the same point. In this way, training oscillations are suppressed
without compromising the inherent boundary ambiguity.

3.4. Overall Loss

For the sparsely labeled point set ΩL, which provides limited supervision in the
weakly supervised scenario, a hard supervision is applied to the student model using the
cross-entropy loss.

Lsup = − 1
|ΩL| ∑

i∈ΩL

yi log(ps
i ), (31)

where yi denotes the ground-truth label of point i, represented as a one-hot vector.
The final overall loss is formulated as:

Lall = Lsup + Lceu + Lpro + Lrel + Ledl . (32)
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4. Experimental Results
4.1. Dataset

The S3DIS [6] dataset is currently the most widely used point cloud dataset for indoor
scene segmentation. It contains six indoor areas, comprising a total of 271 scenes and
13 semantic categories. XYZ coordinates and RGB colors are used as input. Area 5 is
designated as the validation and test set, while the remaining areas are used for training.

The ScanNet-V2 [7] dataset is a large-scale point cloud dataset for indoor scene un-
derstanding, annotated with 20 object categories covering common indoor structures and
furniture. The dataset contains 1513 independent scanning scenes, with 1201 scenes in the
training set and 312 scenes in the validation set.

The SemanticKITTI [8] dataset is a large-scale autonomous driving dataset for semantic
segmentation and object detection. It provides dense point-level semantic annotations for
every LiDAR scan frame across all odometry sequences, covering a full 360◦ field of view.
In this work, 19 semantic categories are selected for training and testing.

4.2. Experimental Setup
4.2.1. Data Perturbation

During training, different levels of geometric perturbations are applied to the input
point clouds. For weak perturbations, only constrained spatial transformations are applied,
including a random rotation around the z-axis within [−π/6, π/6] and random scaling
within [0.9, 1.0]. No random noise or point dropout is introduced, so the overall geometric
structure remains stable. For strong perturbations, the magnitude of geometric changes
is further increased based on the weak perturbations: random rotation around the z-axis
is performed within [−π, π], random scaling within [0.9, 1.1], and random jitter with
an amplitude of 5% is added. All perturbations do not alter the semantic labels of the
points, but increase input diversity at the geometric level. Such rotation, scaling, and
jitter augmentations have been widely adopted and validated as effective in point cloud
classification and semantic segmentation tasks [3,24].

4.2.2. Evaluation Metrics

To objectively assess the performance of weakly supervised point cloud semantic
segmentation methods, we adopt the mean Intersection over Union (mIoU), the most
commonly used metric in semantic segmentation, as the primary evaluation criterion.
The mIoU reflects both the segmentation accuracy for each class and the balance across
different classes. For any class, the Intersection over Union (IoU) is defined as the ratio of
the intersection to the union of the predicted and ground-truth point sets for that class.

IoUc =
TP

TP + FP + FN
(33)

where TP, FP and FN denote the numbers of true positives, false positives, and false negatives.
The mIoU is then defined as the arithmetic mean of IoUc across all classes.

mIoU =
1
C

C

∑
c=1

IoUc (34)

4.2.3. Implementation Details

All experiments for the proposed EviUD method are conducted on a GeForce RTX
4090 GPU. The method is evaluated on the S3DIS, ScanNet-V2, and SemanticKITTI datasets,
with weak supervision ratios set to 0.1% and 1%. Considering its good balance between
performance and efficiency, PointMeta [31] is adopted as the backbone network in this
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paper. The teacher model is updated using an EMA strategy, with the required weight β

set to 0.99 according to the standard mean-teacher paradigm [32]. The prototype update
weight is set to 0.75. The AdamW optimizer is used with a weight decay of 10−4.

On S3DIS, point clouds are first voxel-downsampled with a voxel size of 0.04 m. Sub-
blocks are queried by selecting a random point as the center and retrieving its neighboring
points, with a fixed input of 24,000 points per block. The batch size is set to 8, the initial
learning rate is 0.01, and the model is trained for 100 epochs.

On ScanNet-V2, voxel-downsampling uses a size of 0.02 m, with a fixed input of
64,000 points per training iteration. The batch size is set to 2, and the model is trained for
100 epochs using a step-wise learning rate decay strategy.

On SemanticKITTI, to accommodate the varying density of outdoor sparse point
clouds, a coarser downsampling scale is applied, with the first layer downsampling interval
set to 0.06 m. The model is trained for 250 epochs with an initial learning rate of 0.04 using
cosine scheduling, and an L2 weight decay of 3 × 10−4 is applied to mitigate overfitting.

For uncertainty-driven sample partitioning, we adopt a double-threshold strategy,
where τEU and τAU are set as the 50th and 60th percentiles of the EU/AU distributions
over unlabeled points in the current batch, respectively.

4.3. Comparative Experiments

As shown in Table 1, the proposed EviUD achieves consistently strong performance
on the S3DIS Area-5 test set under weak supervision. With a 0.1% annotation ratio, EviUD
attains 67.7% mIoU, outperforming SQN by 6.3 points and UCL by 2.3 points. Notably,
its performance is comparable to that of fully supervised KPConv (67.1%), indicating
that EviUD can effectively narrow the performance gap between weakly supervised and
fully supervised approaches under extremely low annotation ratios. This result validates
the effectiveness of evidential representation and uncertainty-guided training. It should
be noted that all compared methods in this paper are based on the pure point-cloud
weakly supervised semantic segmentation setting. Some recent methods rely on additional
image information, foundation segmentation models, or vision-language priors. Since
their supervision assumptions and data dependencies differ from ours, a fair comparison
under consistent conditions is difficult, and thus they are not included in our compara-
tive experiments.

Table 1. Comparison of results on the S3DIS dataset under different annotation ratios.

Methods
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RandLA-Net [33] 100 63.0 92.4 96.8 80.8 0.0 18.6 57.2 54.1 87.9 79.8 74.5 70.2 66.2 59.3
KPConv [3] 100 67.1 92.8 97.3 82.4 0.0 23.9 58.0 69.0 91.0 81.5 75.3 75.4 66.7 58.9

HybridCR [18] 100 65.8 93.6 98.1 82.3 0.0 24.4 59.5 66.9 87.9 79.6 73.0 67.1 66.8 55.7

DR-Net [34] 0.1 58.7 92.1 96.6 78.0 0.0 15.6 52.3 58.4 69.2 77.1 52.8 65.2 57.8 48.5
SQN [11] 0.1 61.4 91.7 95.6 78.7 0.0 24.2 55.9 63.1 83.1 70.5 67.8 60.7 56.1 50.6
UCL [26] 0.1 65.4 93.3 97.2 82.0 0.0 26.5 60.3 62.1 79.2 85.6 68.4 73.7 65.7 55.6

EviUD(Ours) 0.1 67.7 93.6 96.8 84.5 0.0 26.0 63.2 64.6 87.9 85.3 74.5 76.6 69.1 57.5

SQN [11] 1 63.6 92.0 96.4 81.3 0.0 21.4 53.7 73.2 77.8 86.0 56.7 70.0 66.6 52.5
QPCR [35] 1 65.4 93.5 97.8 82.4 0.0 26.7 58.5 69.1 78.4 86.2 62.6 73.2 64.8 57.4
UCL [26] 1 68.2 93.4 97.3 82.6 0.0 25.7 59.9 66.3 81.9 89.7 75.9 75.4 78.5 60.0

EviUD(Ours) 1 69.4 93.8 97.5 82.2 0.0 27.0 62.3 72.1 82.4 89.5 77.6 76.6 79.2 62.1
All bold values indicate the best performance.
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From the visualization results in Figure 3, it can be further observed that EviUD
produces more precise segmentation in boundary regions and fine-grained structures. In
the S3DIS Area-5 scenes, for local contours of categories such as “chair” and “table,” our
method is able to preserve more structural details along the edges and reduce the adhesion
and misclassification between adjacent categories at boundaries. In particular, within the
boxed regions highlighted in the figure, EviUD demonstrates more stable predictions in
areas with complex geometric transitions, closely aligning with the ground-truth contours.
This improvement is mainly attributed to our evidential uncertainty decomposition and
sample-wise partitioning strategy: boundary-ambiguous points are treated as high-AU
regions and constrained separately, which enhances the coherence and robustness of
boundary learning without introducing noisy pseudo labels. Moreover, EviUD yields
more complete semantic layouts and fewer fragmented predictions in regions containing
cluttered objects and narrow structures.

Figure 3. Qualitative visualization results on the S3DIS Area-5. From left to right: input point cloud,
ground truth, SQN (0.1%), UCL (0.1%) and EviUD (0.1%). Boxed regions highlight representative
areas where EviUD produces more accurate than the competing weakly supervised methods.

Further analysis of the performance across different datasets is presented in Table 2.
The proposed EviUD method also achieves strong results on ScanNet-V2 and Se-
manticKITTI. On ScanNet-V2, the mIoU at a 0.1% annotation ratio even surpasses that of
HybridCR at a 1% annotation ratio, demonstrating the method’s strong generalization ca-
pability in indoor scenes. On SemanticKITTI, the mIoU reaches 53.3%, outperforming other
weakly supervised methods, indicating that the method is also effective for large-scale,
sparse outdoor point cloud scenarios.

As shown in Figure 4, in ScanNet-V2 scenes, the proposed method produces predic-
tions that closely follow the true contours in geometrically intricate and boundary-dense
regions such as furniture corners and door frames, with noticeably fewer misclassifications
and omissions. This result demonstrates that evidential point-level uncertainty characteri-
zation and decomposition provide a reliable indication of sample difficulty during training,
enabling the model to apply appropriate supervision and constraints to reliable points
and boundary-ambiguous points, rather than simply discarding low-confidence points.
Consequently, the method improves both the fidelity of fine details in complex boundary
regions and the overall segmentation coherence.
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Table 2. Comparison of results on the ScanNet-V2 and SemanticKITTI datasets under different
annotation ratios.

Methods Rate (%)
mIoU(%)

ScanNet-V2 SemanticKITTI

RandLA-Net [33] 100 64.5 53.9

KPConv [3] 100 68.4 58.8

HybridCR [18] 100 59.9 54.0

SQN [11] 0.1 56.9 50.8

RPSC [16] 0.1 57.5 50.9

UCL [26] 0.1 58.9 -

C3 [36] 0.1 58.1 51.6

EviUD(Ours) 0.1 59.7 53.3

SQN [11] 1 - 52.2

HybridCR [18] 1 56.8 52.3

UCL [26] 1 62.3 -

EviUD(Ours) 1 63.8 56.1
All bold values indicate the best performance.

 
Figure 4. Qualitative visualization results on the ScanNet-V2 test sets. From left to right: input point
cloud, ground truth, SQN (0.1%), UCL (0.1%) and EviUD (0.1%). Boxed regions highlight representa-
tive areas where EviUD produces more accurate than the competing weakly supervised methods.

As shown in Figure 5, in SemanticKITTI outdoor LiDAR point cloud scenes, the
proposed method demonstrates more stable segmentation consistency even in complex
environments with large-scale road structures and sparsely distributed objects. Compared
with SQN, EviUD maintains better connectivity in continuous regions of ground-related
classes such as road, sidewalk, and parking, reducing fragmentation caused by point
cloud sparsity and occlusion. Around dynamic traffic objects such as cars, trucks, and other
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vehicles, class boundaries are clearer and object contours are closer to the ground truth, with
fewer background misclassifications and missed detections. In particular, in the regions
highlighted by red circles in the figure, SQN misclassifies vegetation or ground points
as small objects or incorrectly merges object edges into adjacent classes. In contrast, our
method leverages sample reliability indications obtained from uncertainty decomposition
to impose targeted constraints on boundary and ambiguous points, effectively suppressing
class drift caused by outlier noise and improving geometric consistency and semantic
continuity in long-range outdoor scenes.

Figure 5. Qualitative visualization results on the SemanticKITTI validation set. From left to right:
ground truth, SQN (0.1%), and EviUD (0.1%). Regions marked by red circles indicate areas where
EviUD produces more accurate predictions than SQN.

In summary, the quantitative results and visual comparisons show that our method
works well with sparse annotations. It improves segmentation quality and stays stable
across different scenes and datasets. This suggests that the method reduces error accumula-
tion from noisy pseudo labels and produces more consistent boundaries. Therefore, it is
suitable for practical point cloud segmentation in complex, label-limited settings.

5. Discussion
5.1. Ablation Study

A series of ablation studies are conducted on the S3DIS dataset with a 0.1% annotation
ratio. The backbone network supervised solely by sparse labeled points is used as the
baseline model. Based on this baseline, we incrementally introduce each loss component
to construct a set of ablation variants, enabling a quantitative analysis of the individual
contributions and synergistic effects of each module on weakly supervised segmenta-
tion performance.

As shown in Table 3, under a 0.1% annotation ratio on the S3DIS dataset, the baseline
model achieves an mIoU of 61.0%. By progressively introducing each module’s loss, the
performance is ultimately improved to 67.7%, yielding a cumulative gain of 6.7 percentage
points. Specifically, introducing only the uncertainty calibration Lceu component increases
mIoU by 0.6%, while introducing only the pseudo-label supervision Lrel on the reliable set

https://doi.org/10.3390/ijgi15040167

https://doi.org/10.3390/ijgi15040167


ISPRS Int. J. Geo-Inf. 2026, 15, 167 17 of 24

boosts performance by 2.5%. The latter improvement is attributed to stronger supervision
on high-confidence samples, which enhances intra-class consistency. Combining both mod-
ules increases performance by 3.7% over the baseline, indicating that evidential uncertainty
calibration can partially mitigate supervision noise under extremely low annotation rates,
but its effectiveness is limited without a corresponding sample utilization strategy. This
demonstrates the complementarity between uncertainty calibration and reliable sample
utilization: the former provides a basis for judging sample reliability, while the latter
transforms high-confidence samples into more effective training signals.

Table 3. Ablation study of the proposed modules on the S3DIS.

Model Lceu Lrel Lpro Ledl 0.1%

Baseline 61.0
1

√
61.6

2
√

63.5
3

√ √
64.7

4
√ √

64.2
5

√ √
63.9

6
√ √ √

66.1
7

√ √ √ √
67.7

As shown in cases 3–6, further incorporating the prototype constraint Lpro increases
performance to 66.1%, demonstrating that applying structural or prototype-based con-
straints on reliable samples effectively shapes the feature space, enhancing intra-class
compactness and inter-class separability. Moreover, introducing the evidence consistency
loss Ledl on the fuzzy set further improves performance to 67.7%, indicating that applying
soft consistency constraints in boundary-ambiguous regions effectively suppresses the
propagation of noisy pseudo-labels and stabilizes training. Overall, these results show that
the module losses exhibit significant complementarity and synergy, jointly contributing to
the performance gains under extremely low annotation rates.

5.2. Uncertainty Decomposition and Sensitivity Analysis of Parameters

We decompose point-wise uncertainty into EU and AU, and split points according to
predefined partition ratios, forming a reliable set and a fuzzy set. As shown in Figure 6,
spatial visualization of EU and AU reveals distinctly different distribution patterns: EU
tends to exhibit high values in regions with complex geometric structures, heavy occlusion,
or missing local information, indicating insufficient overall evidence and weak support
for the model’s predictions, which manifests as stronger epistemic uncertainty. In contrast,
AU is more pronounced at class boundaries, often appearing as thin or band-like high-
response regions, reflecting stronger inter-class competition and inherent ambiguity in
these boundary neighborhoods. These observations are consistent with the theoretical
definitions of EU and AU, providing empirical support for the rationality of the proposed
uncertainty decomposition strategy.

Further visualization of point cloud region distributions under different uncertainty
partition conditions is shown in Figure 7. In Figure 7c, regions with high EU are mainly
concentrated around semantic boundaries and structurally complex areas, where sufficient
evidential support is lacking and the reliability of model predictions is relatively low.
Therefore, their pseudo labels should be prevented from directly participating in training.
In Figure 7d, after further screening with high AU under the low-EU condition, the resulting
regions are more concentrated in category-transition and semantically ambiguous areas,
such as the neighboring regions between wall and door, wall and window, as well as column
and window. Although these samples exhibit strong category competition and prediction
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ambiguity, making them unsuitable for direct use as high-confidence pseudo labels, they
still contain critical information for characterizing decision boundaries and mining potential
discriminative cues. Therefore, instead of discarding them, this paper assigns them to the
ambiguous set and exploits them through the corresponding constraint loss. In Figure 7e,
regions with low EU and low AU are mainly distributed in semantically consistent and
structurally stable interior areas. These points usually possess higher prediction reliability
and lower semantic ambiguity; thus, they are assigned to the reliable set and serve as an
important source of pseudo labels supervision.

Figure 6. Prediction uncertainty of the baseline model on the S3DIS dataset with a 0.1% annotation
ratio. The closer to red, the higher the uncertainty, and the closer to blue, the lower the uncertainty.

Figure 7. Visualization of point-wise uncertainty on the S3DIS dataset under the 0.1% annotation
ratio. The figure presents the input scene, the ground-truth labels, and the point cloud distributions
under different EU and AU conditions, where red points denote the regions satisfying the corre-
sponding criteria, gray points indicate the remaining regions, and the brown rectangles mark locally
enlarged areas.

Notably, as can be further observed from the class-wise distribution statistics of
EU and AU shown in Figures 8 and 9, there exist clear differences among categories in
both uncertainty level and fluctuation range, indicating that their inter-class distributions
are not consistent. In particular, the median values and percentile intervals of EU vary
more significantly across categories, while AU, although exhibiting relatively smaller
overall variation, still shows distinct distribution ranges for certain classes. This suggests
that directly applying a unified threshold for sample partition may introduce systematic
bias toward categories with inherently higher or lower uncertainty, thereby affecting the
partition of the reliable set and the ambiguous set. To address this, class-wise percentile-
based thresholds are adopted, which maintain a consistent overall selection strength while
mitigating biases caused by inter-class differences. Experiments with different threshold
ratios for EU and AU are presented in Tables 4 and 5, and a unified parameter setting is
applied across all datasets.
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Figure 8. Class-wise distribution of EU on the S3DIS dataset under the 0.1% annotation ratio. The
figure shows the percentile-based box plots of EU for each semantic class, where the boxes and
whiskers correspond to the p25–p75 and p5–p95 intervals, respectively, and the central line denotes
the median value.

Figure 9. Class-wise distribution of AU on the S3DIS dataset under the 0.1% annotation ratio. The
figure shows the percentile-based box plots of AU for each semantic class, where the boxes and
whiskers correspond to the p25–p75 and p5–p95 intervals, respectively, and the central line denotes
the median value.

Table 4. Analysis of EU partitioning ratios under a 0.1% annotation ratio.

Datasets
Proportion (%)

40% 50% 60% 70%

S3DIS 67.22 67.68 67.03 66.65
ScanNet-V2 58.93 59.71 59.54 59.25

SemanticKITTI 52.96 53.34 53.10 53.24

Table 5. Analysis of AU partitioning ratios under a 0.1% annotation ratio.

Datasets
Proportion (%)

40% 50% 60% 70%

S3DIS 67.13 67.45 67.68 67.55
ScanNet-V2 59.61 59.75 59.71 59.56

SemanticKITTI 52.76 53.29 53.34 53.16

Further examination of Tables 4 and 5 shows that when the EU and AU partition
ratios vary from 40% to 70%, the overall model performance remains stable, with only
limited fluctuations. This indicates that the dual-threshold partition strategy does not rely
on delicate parameter tuning. Its effectiveness mainly comes from the functional routing
of unlabeled samples after EU and AU decomposition, rather than from any specific
threshold combination. Moderate changes in the percentile ratios mainly affect a small
number of samples near the boundaries, and do not substantially alter the functional roles
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of the reliable set, the fuzzy set, and the high-EU risk set. Therefore, the necessity of
the dual-threshold strategy lies in enabling differentiated sample utilization according
to uncertainty sources, rather than introducing a complex and sensitive hyperparameter
design. Based on the results in Tables 4 and 5, a unified parameter setting is finally adopted
for different datasets.

5.3. Annotation Ratio

The relationship between annotation ratio and segmentation performance is shown
in Figure 10. It can be observed that as the annotation ratio gradually increases from
0.01% to 100%, the mIoU of both the proposed EviUD and the baseline model steadily
improves, indicating that more point-level supervision effectively enhances the model’s
class discrimination capability. Compared with the baseline, EviUD achieves higher mIoU
across all annotation ratios, with the advantage being particularly pronounced under
extremely low annotation scenarios: when the annotation ratio is 0.01% or 0.1%, EviUD
exhibits a more significant improvement. This demonstrates that under supervision-scarce
conditions, the proposed evidence representation and uncertainty decomposition strategy
more effectively mitigates the misleading effects of noisy pseudo-labels, allowing the model
to preferentially learn stable intra-class representations from high-reliability samples.

Overall, Figure 10 suggests that EviUD is more data-efficient than the baseline, es-
pecially in the low-annotation regime. This trend supports the use of uncertainty-aware
sample utilization to stabilize training when supervision is scarce, and motivates applying
EviUD as a practical solution for reducing point-level labeling cost in large-scale point
cloud segmentation.

 
Figure 10. Comparison between EviUD and the baseline model on the S3DIS dataset under annotation
ratios ranging from 0.01% to 100%.

5.4. Feature Visualization

Figure 11 presents the visualization of point embeddings generated by the baseline
method and EviUD on the S3DIS dataset with a 0.1% annotation ratio. It can be observed
that, compared with the baseline, EviUD produces more compact and discriminative intra-
class clusters in the feature space, with clearer separation boundaries between different
classes. This comparison highlights the superiority of EviUD in learning more discrimina-
tive features.
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Figure 11. Comparison of point embeddings generated by the baseline model and EviUD on the
S3DIS dataset with a 0.1% annotation ratio. Different colors represent different categories. (a) Point
embeddings generated by the baseline model; (b) Point embeddings generated by EviUD.

5.5. Generalization Ability

To verify the applicability of the proposed method to different backbones, EviUD is
further implemented on two point cloud segmentation backbones, KPConv and MinkUNet,
under the same weakly supervised setting. The results are reported in Table 6. It can
be seen that, under the two labeling ratios of 0.02% and 0.06%, EviUD achieves better
segmentation performance on both backbones, indicating that the proposed method has
good cross-backbone applicability.

Table 6. Comparison of mIoU (%) of different backbone networks on the S3DIS dataset at 0.02% and
0.06% annotation ratios.

Backbones Methods
Supervision

0.02% 0.06%

KPConv [3]

Baseline 50.1 54.3
DAT [13] 56.5 58.5

RAC-Net [23] 58.4 60.5
UCL [26] 59.2 60.9

EviUD(Ours) 60.6 61.7

MinkUNet [37]

Baseline 48.7 55.0
DAT [13] 54.6 58.2

RAC-Net [23] 58.6 59.9
UCL [26] 59.8 62.7

EviUD(Ours) 61.3 64.2

5.6. Model Efficiency

The per-epoch training time, peak GPU memory, network parameters, inference
speed, and floating-point operations (FLOPs) of the models are summarized in Table 7.
Since EviUD adopts a mean-teacher framework during training, it requires maintaining
both the teacher and student models and involves additional uncertainty modeling
and training-stage computations. As a result, compared with the Baseline, the number
of network parameters is doubled, and the per-epoch training time increases by 46 s,
and the GPU memory rises from 2.79 GB to 5.83 GB. Compared with UCL, EviUD
achieves lower training time, GPU memory usage, and FLOPs, indicating that its training
overhead is relatively lighter. Meanwhile, during inference, only the student model is
retained for prediction, without involving the teacher branch or extra training-stage
computations, so the inference speed remains comparable to that of the Baseline. Overall,
although EviUD introduces additional training overhead compared with the Baseline,
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its inference speed remains essentially unchanged while the segmentation performance
improves by 6.7 percentage points; compared with UCL, it incurs a relatively lower
training cost, demonstrating a favorable balance between performance improvement
and practical efficiency.

Table 7. Comparison of model complexity and efficiency.

Methods
Training
Time 1

(s)

GPU
Memory 2

(GB)

Network
Parameters

(M)

Inference
Speed
(ms)

FLOPs 3

(G)

Baseline 107 2.79 G 2.7 104 8.63
UCL [26] 153 7.42 G 5.4 104 25.89

EviUD(Ours) 138 5.83 G 5.4 104 17.26
1 The reported training time corresponds to the time consumed in one training epoch. 2 The reported GPU
memory corresponds to the peak memory allocated during one training epoch. 3 The reported FLOPs correspond
to the computational cost of the complete training framework.

6. Conclusions
In this work, we propose EviUD for weakly supervised point cloud segmentation. We

develop an evidential uncertainty modeling scheme to assess the reliability of point predic-
tions. By decomposing uncertainty into epistemic and aleatoric components, the framework
can separate errors caused by insufficient evidence from those caused by boundary am-
biguity. With this decomposition, reliable points are exploited by weighted pseudo-label
learning and prototype guidance, while boundary-ambiguous points are optimized by
a boundary-aware soft constraint to stabilize boundary prediction. In addition, we in-
troduce an uncertainty calibration loss on sparse labeled points to improve uncertainty
reliability. Experiments on popular benchmarks validate the effectiveness of our framework
and demonstrate superior performance over existing weakly supervised methods in both
indoor and outdoor scenes.
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