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Abstract

3D full-scene segmentation technology has demonstrated
great potential driven by large models, but it often faces chal-
lenges of incomplete scenes and identification of invisible
classes in practical applications. To address this, we propose
the LR-AdaInSeg method, which significantly enhances the
model’s generalization ability in incomplete scenes through
two key innovations: First, we design a Bayesian Low-Rank
Module, which effectively solves the problem of feature
space redundancy through dynamic optimization of the net-
work structure, improving adaptability to incomplete scenes.
Second, we combine graph contrastive clustering with the
Low-Rank module, leveraging its robust feature representa-
tion capability to achieve accurate differentiation of invisible
classes. In terms of implementation, we build a multi-scale
feature extraction framework based on the 3D U-Net and uti-
lize the 3D prompt points and their 2D masks as supervisory
signals to achieve effective fusion of geometric and seman-
tic information. Experiments show that our method achieves
advanced performance on multiple benchmarks such as Scan-
Net, particularly excelling in handling incomplete scenes and
invisible class objects.

1. Introduction
3D full-scene point cloud segmentation plays a pivotal role
in autonomous driving, machine vision, and related fields.
Notably, breakthroughs like the Segment Anything Model
(SAM)(Kirillov et al. 2023) have demonstrated remark-
able zero-shot segmentation capabilities in 2D image pro-
cessing. Building upon this success, recent advances—such
as SAM3D (Yang et al. 2023), SAMPro3D (Xu et al.
2023b), and SAM2Object (Zhao et al. 2025)—have ex-
tended this zero-shot segmentation paradigm to 3D point
clouds. Specifically, these methods achieve this by back-
projecting 2D segmentation results into 3D space, thereby
bridging the gap between 2D and 3D vision tasks. How-
ever, such methods are highly dependent on the complete-
ness of the camera viewpoints. For instance, if furniture in
a corner of a room remains uncaptured from any angle due
to occlusions or perspective limitations (i.e., it is in a par-
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Figure 1: Illustration of an incomplete scene with some ob-
jects not captured that leads to poor segmentation quality.

tially observed state), as illustrated in Fig. 1, the correspond-
ing 2D image information will be absent. This absence cre-
ates inherent gaps in the 3D segmentation masks generated
via back-projection, rendering it impossible to effectively
identify and segment these unobserved objects or their con-
stituent parts. Therefore, a critical challenge remains: how
to achieve accurate and robust zero-shot segmentation of in-
complete 3D scenes, particularly those characterized by se-
vere occlusions, limited perspectives, and the potential pres-
ence of unknown object categories.

To address the aforementioned challenges, this paper
proposes LR-AdaInSeg, an adaptive instance segmentation
framework for challenging zero-shot and incomplete 3D
scenes. Our framework employs 2D segmentation mask pro-
jection to achieve zero-shot segmentation and further in-
troduces the Contrastive Graph Class Similarity (CGCS)
module, specifically designed to tackle the segmentation of
unknown categories (i.e., categories not seen during train-
ing) in incomplete scenes. CGCS leverages semantic sim-
ilarity among 3D point features to construct graph struc-
tures and drive contrastive clustering learning, thereby ef-
fectively mining and aggregating potential unknown cate-
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gory features. To extract more discriminative geometric fea-
tures, we design a backbone network based on a 3D U-Net
architecture. Furthermore, to address the common issue of
redundancy in high-dimensional feature spaces, we propose
a Bayesian Low-Rank Module. This module enhances the
compactness of similar feature representations by impos-
ing structured Low-Rank constraints on the feature matrix
and incorporating an uncertainty-aware dynamic weight ad-
justment mechanism. As a result, it improves the model’s
robustness and generalization ability in extracting features
of unknown categories. Extensive experiments demonstrate
that our method achieves robust generalization in 3D in-
stance segmentation tasks involving unseen categories and
partially observed scenes, and it has achieved superior per-
formance on datasets such as ScanNet.

Our contributions are summarized as follows:
• We propose a Bayesian Low-Rank Module that automat-

ically identifies important features in the feature space,
reduces it to a Low-Rank representation, and extracts
salient features even for unseen classes, thereby enhanc-
ing the robustness and generalization of the model.

• We integrate supervised and unsupervised learning to
optimize a novel Contrastive Graph Class Similarity
(CGCS) loss, which jointly accounts for the segmenta-
tion loss of both visible and invisible classes.

• Extensive experiments demonstrate that our method
achieves improved segmentation performance under both
complete and incomplete scene views.

2. Related Work
Open-set 3D scene segmentation: Most research on 3D
scene understanding traditionally relies on fully supervised
and semi-supervised methods (Graham, Engelcke, and Van
Der Maaten 2018; Hackel et al. 2017; Çiçek et al. 2016;
Song and Xiao 2016; Wang et al. 2019). Fully super-
vised methods require large-scale manual annotations, while
(Chen, Nießner, and Dai 2022; Chibane et al. 2022; Xu et al.
2023a; Xie et al. 2020; Chen et al. 2020; Huang et al. 2023;
Kohli, Sitzmann, and Wetzstein 2020) semi-supervised ones
depend on limited labels to guide unlabeled segmentation.
Both approaches fundamentally rely on labeled data.

Recently, zero-shot 3D scene understanding methods still
rely on supervised pretraining with predefined datasets. In
contrast, 2D visual foundation models have demonstrated
strong zero-shot recognition, inspiring their extension to 3D.
Yet these approaches still require model adaptation (Rozen-
berszki, Litany, and Dai 2024), 3D-2D distillation (Chen
et al. 2023; Ding et al. 2023, 2024; Liu et al. 2023; Peng
et al. 2023), or pre-trained region proposal networks (Huang
et al. 2024; Lu et al. 2023; Nguyen et al. 2024; Schult et al.
2023). Our method instead leverages SAM’s inherent zero-
shot ability, eliminating the need for labeled data or retrain-
ing, and directly performing open-world 3D scene segmen-
tation.
Incomplete scene segmentation: Despite the continuous
progress in deep learning-based 3D scene understanding, ex-
isting methods still encounter significant challenges in sce-
narios with missing or incomplete input. (Garbade et al.

2019) approaches that integrate RGB semantic flow and
deep geometric flow offer improved occlusion handling, yet
their heavy dependence on 2D segmentation introduces in-
herent limitations: semantic labels from the RGB stream are
entirely lost in occluded regions (e.g., objects behind cab-
inet doors), and the early-stage feature concatenation strat-
egy struggles to adaptively fuse multimodal information, re-
sulting in semantic blind spots within the 3D space. Re-
cent advancements further reveal that although (Fan et al.
2021), a distance image-based method, alleviates missing
data via KNN interpolation, it faces two core limitations:
(1) its closed-set semantic design restricts generalization to
novel object categories; and (2) local interpolation in the
projection space fails to reconstruct large-scale occluded
structures. Simultaneously, (Chen, Gong, and Röning 2024)
enhances feature association through instance-level knowl-
edge aggregation, but still suffers from topological distor-
tions (e.g., fragmentation of thin-walled objects) caused by
point cloud noise in severely occluded scenes, and lacks ex-
plicit modeling of component-level geometric relationships.

However, there is no good method for 3D segmentation
of incomplete scenes. To solve this problem, we propose
an adaptive network LR-AdaInSeg based on 3D U-Net and
identify invisible classes for segmentation by comparing im-
age class similarities. When the input scene is sparse, our
method LR-AdaInSeg can still effectively segment the 3D
scene, with good adaptability and robustness.

3. Method
To address the challenge of segmentation in incomplete
scenes in 3D point clouds, we propose a method com-
posed of four modules: 3D Prompt Proposal, 3D U-Net Net-
work, Bayesian Low-Rank Module, and Detection of Invis-
ible Classes. Due to the difficulty of accurate 3D segmen-
tation, the 3D Prompt Proposal module projects the point
cloud onto 2D images, applies SAM for segmentation, and
maps the masks back to 3D, providing strong supervision
for visible classes. Since invisible classes lack correspond-
ing 2D masks, the 3D U-Net Network is introduced to ex-
tract 3D features under the guidance of visible class su-
pervision. Subsequently, the Detection of Invisible Classes
module performs contrastive clustering to group features
in a self-supervised manner, enabling invisible classes to
emerge naturally in the feature space. Finally, to enhance
the separability of invisible classes, the Bayesian Low-Rank
Module mitigates feature redundancy through adaptive Low-
Rank constraints. An overview of our framework is shown
in Fig. 2.

3.1. 3D Prompt Proposal
3D-to-2D projection: To reduce the density of the point
cloud while preserving as much spatial information as possi-
ble, this study employs the Farthest Point Sampling (FPS) al-
gorithm to sparsify the original 3D point cloud. The method
constructs a representative subset of points with maximal
spatial coverage by iteratively selecting new samples that are
farthest in spatial distance from the already selected set. This
sampling strategy, based on geometric measures, effectively
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Figure 2: Method overview. We utilize prompt points and the corresponding SAM segmentation masks obtained from the 3D
Prompt Proposal module to provide supervisory signals for our network. To address the segmentation of unknown classes in
incomplete scenes, our method proceeds as follows: First, geometric features are extracted using a 3D U-Net backbone. Second,
the CGCS module constructs a graph-structured contrastive clustering process to mine features of unknown classes. Finally, the
Bayesian Low-Rank Module assigns a learnable parameter to each feature dimension, enabling dynamic control over Feature
Importance. By discarding irrelevant or uninformative features, it effectively reduces feature redundancy within the network,
thereby significantly enhancing the model’s robustness and generalization ability in extracting features of unseen categories.

reduces the data size while maintaining the macro-geometric
features and semantic information of the scene.

Following (Peng et al. 2023), the corresponding pixel pro-
jection x of a prompt point p is computed by the following
equation: we consider pinhole camera configurations.

x̃ = K · [R | t] · p̃, (1)

where p̃,x̃ represent the homogeneous coordinates of the
pixel projection and the prompt point p, firstly, the external
parameter matrix [R | t] is used to turn p̃ in the world coor-
dinate system into the coordinates of the camera coordinate
system, and then projected to the normalization plane, and
then the internal parameter matrix K is mapped to the pixel
coordinate system to obtain the homogeneous coordinate x̃
of the final pixel projection.
2D Image Segmentation with SAM: In our framework,
we input all the pixel coordinates calculated previously to
prompt SAM, thereby obtaining all corresponding 2D seg-
mentation masks. Since the same prompt point projects to
the same coordinates on different frames, it ensures inter-
frame consistency. Subsequently, we use the View-Guided
Prompt Selection and Surface-Based Prompt Consolidation
modules (Xu et al. 2023b)to eliminate redundant 3D prompt
points, ultimately obtaining the most concise 3D prompt
points. Finally, we use the previous 3D-2D correspondence
relationship to map high-confidence segmentation labels
back to 3D point clouds for subsequent network training.

3.2. 3D U-Net Network
Our framework is built upon a 3D U-Net network, which
is well-suited for 3D feature modeling and multi-scale in-

formation fusion in volumetric segmentation tasks. The
use of 3 × 3 × 3 convolutional kernels allows for ef-
fective extraction of local spatial features from voxelized
point clouds, capturing geometric correlations between
neighboring voxels—such as surface curvature and edge
structures—and thus supports fine-grained segmentation.
The encoder-decoder architecture enables the extraction of
global semantic context through progressive downsampling,
followed by gradual resolution recovery via deconvolution.
This hierarchical design facilitates coarse-to-fine feature fu-
sion and exhibits robustness in extracting representative fea-
tures even in the presence of previously unseen objects, con-
tributing to improved segmentation performance and preser-
vation of structural details.

We train the 3D U-Net network using the previously ob-
tained 3D prompt points along with their corresponding seg-
mentation labels, and optimize the network parameters with
a cross-entropy loss function.

LCE = − 1

N

∑N

i=1
(yi log (ŷi) + (1− yi) log (1− ŷi)) ,

(2)
where N denotes the total number of training points, yi is
the ground truth label, and ŷi is the predicted probability for
each training point after network inference.

3.3. Bayesian Low-Rank Module
In high-dimensional feature spaces, redundant informa-
tion and noise can weaken the model’s generalization
ability—particularly when processing unseen objects or
regions with incomplete details. To mitigate this issue, we
introduce a Bayesian Low-Rank Module into the feature
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representation layer of the network. This module aims
to suppress noise and redundancy while maximizing the
model’s ability to discriminate different feature classes.
Assuming the total number of classes is a, we posit that,
after removing redundant information, the rank of features
belonging to the same class should be 1. Therefore, the
overall rank of all features is a. Our optimization objective
is as follows:

Rank(X) = a, (3)

where X represents the features of the hidden layer obtained
from the neural network.

Based on this, the Low-Rank regularization objective can
be formulated as:

minRank(X ′) + λ∥X ′ −X∥22, (4)

where X
′

is the expected Low-Rank approximation for X
and λ is a scaling factor.

This problem can be formulated as a rank minimization
task, where the goal is to find a Low-Rank approximation
of the matrix X ′ with rank at most k. Since rank minimiza-
tion is NP-hard, it is typically addressed via nuclear norm
regularization and solved using Singular Value Decompo-
sition (SVD), which decomposes X ′ into components or-
dered by significance. However, in practical scenarios, two
critical challenges arise: (1) for large-scale data, the number
of semantic categories k within each mini-batch is unknown
and dynamically varies; and (2) SVD is inherently nondiffer-
entiable, which complicates its integration into end-to-end
trainable systems. To address the aforementioned two issues,
we introduce the Bayesian Low-Rank Module. To transform
the non-differentiable SVD method into a differentiable ap-
proach, we introduce auxiliary functions that yield the same
solutions as SVD but are themselves differentiable. Here we
primarily employ:

min
X

trace(X⊤WX) s.t. X⊤X = I, (5)

This further introduce the output of a single-layer network
with orthogonal layer used in (Shaham et al. 2018) as:

X
′
= XW, (6)

where X ∈ Rn×d and W ∈ Rd×m. In order to automatically
select the important feature dimensions, we first introduce
independent hyperparameters αi for each input feature di-
mension (i.e., each column of W), so that the weight matrix
satisfies the prior distribution:

p(W |α) =
∏d

i=1
N (Wi:|0, α−1

i Im), (7)

where the initial αi is equal, indicating that each dimension
of the initial feature is equally important. After subsequent
training and optimization, the smaller αi means the more
important the dimension of its constraint, and the larger αi

means the less important the dimension of its constraint.
According to Bayes’ theorem, we need to maximize the

edge likelihood, so we add an Automatic Relevance De-
termination(ARD)(Mackay 1992) regularization term to the

loss function:

L(W,α) =
1

2σ2
∥X

′
−XW∥2F +

1

2

∑d

i=1
αi∥Wi:∥22 + c,

(8)
where the first term is the standard mean-square error loss
function, σ2 represents the noise variance, the second term
is the ARD regularization term, and the third term is a con-
stant term.

During training, we adopt an alternating optimization
strategy to update W and α. Specifically, W is updated using
the Adam optimizer, while α is updated based on the current
value of W according to the following update rule:

αi =
m

∥Wi:∥22 + ϵ
, (9)

Where ϵ is a small constant added for numerical stability,
and m is the output dimension. After training, we obtain
W and the corresponding importance of each αi, and then
we use the pruning threshold τ to set the less important
dimensions to zero (i.e., the corresponding columns in X
and rows in W ) and remove them, ultimately obtaining two
Low-Rank matrices Xred and Wred.

Therefore, we use the Low-Rank approximation X
′
:

X
′
≈ XredWred, (10)

By gradually compressing the weights of redundant features
during training, we finally obtained a Low-Rank approxi-
mation matrix. However, the reduction of redundant infor-
mation in a single feature representation layer is not obvi-
ous, so we use Low-Rank approximation modules in each
network depth, so that the feature representation layers can
remain consistent.

3.4. Detection of Invisible Classes
Existing 3D segmentation methods typically rely on full-
scene capture. However, not all objects can be captured in
real-world scenarios, and existing methods often fail when
some objects are missing. Thus, the current challenge lies
in segmenting invisible classes in incomplete scenes. Pre-
viously, we employed the ARD method to reduce the rank
of the feature matrix and capture the most informative fea-
tures, which laid the foundation for the subsequent divi-
sion of invisible classes. To discover new categories while
maintaining the classification of known categories, we com-
bine supervised classification methods with clustering meth-
ods. Here, the classification of known categories is achieved
through supervised learning, while the discovery of new cat-
egories is accomplished using clustering techniques.

Challenges in joint supervised and unsupervised opti-
mization: Supervised learning constructs a quantifiable loss
function based on a clear input-output mapping, such as
cross-entropy loss or mean squared error, which accurately
reflects the deviation between model predictions and ground
truth labels, and cooperates with gradient descent to form a
closed-loop optimization process. In contrast, unsupervised
learning lacks such direct feedback signals, and its objective
functions are often designed around the intrinsic data struc-
ture, such as the reconstruction loss of an autoencoder or the
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compactness measure of clustering algorithms. These ob-
jectives are typically multimodal, non-convex, and difficult
to interpret and optimize. When attempting to integrate the
two, the scale differences between heterogeneous loss func-
tions can cause conflicts in gradient directions, and compe-
tition among different tasks can destabilize parameter up-
dates. Therefore, the main challenge lies in simultaneously
optimizing the network with both supervised and unsuper-
vised penalty terms in high-dimensional space, where the
unsupervised penalty must be compatible with the overall
learning objective and enable the network to infer the distri-
bution of unseen classes.
Contrastive Graph Class Similarity Loss: We solve this
problem by implementing contrastive constraints between
samples in the learned feature space. Specifically, we con-
struct the class affinity matrix G, where if samples xn and
xi belong to the same class, then G = 0, and if they belong
to different classes, then G = η(η > 0). Our loss function is
defined as:

Φ = min{sn}
∑N

n=1
∥ ∥yn − yi∥22 −Gn,i∥22, (11)

where yn and yi represent class designators (or embeddings)
for xn and xi, respectively. If G = 0, then yn = yi; If G = η
, then yn ̸= yi.
Lemma 1. Given the affinity matrix G, if the set of demon-
strators yn satisfies the equation (11), then for any pair
(n, i): Gn,i = 0 =⇒ yn = yi, Gn,i = η =⇒
yn ̸= yi.

Proof: Assume G = 0 (indicating identity), but we have
yn = yi. Then the term(

∥yn − yi∥22 −Gn,i

)2

=
(
∥gn − gi∥22 − 0

)2

,

would be strictly positive, contradictory assumptions that
equation (11)has been minimally reached. If G = η but
yn = yi, then a similar argument applies. Therefore, in order
to achieve the minimum possible sum, it must be satisfied
Gn,i = 0 =⇒ yn = yi, Gn,i = η =⇒ yn ̸= yi.

In practice, the corresponding G is agnostic to the invis-
ible class, so we use the KNN method to approximate the
unknown class. At the same time, we introduce a regularized
penalty term on the network output fθ(xn) to promote near-
discrete embedding. Therefore, the improved CGCS loss is
given by:

LCGCS = min
θ

( N∑
n=1

N∑
i=1

∥∥∥∥∥∥fθ(xn)− fθ(xi)
∥∥∥2
2
−Gn,i

∥∥∥2
2

+ φ
N∑

n=1

∥fθ(xn)∥1

)
, (12)

where θ represents the model parameters,and φ balances the
sparsity term.
Model Mixed Loss: After introducing the unsupervised
CGCS loss function, we combine it with the supervised
cross-entropy loss of Eq.(2) to obtain the final loss function
of the model:

L = δLCE + µLCGCS, (13)

where δ and µ are the corresponding weights of cross-
entropy and CGCS terms. This hybrid loss function allows
the model to maintain high segmentation accuracy on visi-
ble classes as well as effectiveness on invisible classes. As a
result, our framework can achieve a comprehensive segmen-
tation of the entire scene, even in the absence of scenes.

4. Experiments
4.1. Experimental Setting
Datasets: To verify the superiority of the proposed method,
we have adopted three progressive datasets built based on
the ScanNet framework to meet the needs of scene un-
derstanding at different levels: ScanNetv2 is the base ver-
sion of this series, containing RGB-D sequences of 1,513
real indoor scenes, totaling approximately 2.5 million image
frames. ScanNet200 expands the semantic category system
on the basis of ScanNetv2, increasing the labeled objects
from the base 21 categories to 200 categories, with a focus
on enhancing coverage of long-tail distributions and fine-
grained objects (such as chairs of different shapes, contain-
ers, etc.). ScanNet++ focuses on high-fidelity 3D reconstruc-
tion and refined annotation, constructing more challenging
scenes like shelves and dense desks through high-precision
mesh structures, optimized texture mapping, and dense in-
stance annotation for small-scale objects and complex struc-
tures.
Evaluation indicators: AP (Average Precision) is a com-
monly used evaluation indicator in tasks such as instance
detection and object detection. It is used to measure the over-
all performance of the model on all prediction results. It is
obtained by calculating the area under the precision-recall
curve, which reflects the balance between the prediction ac-
curacy and completeness of the model under different con-
fidence thresholds. Specifically, AP divides the recall rate
from 0 to 1 into multiple intervals, calculates the maximum
precision value in each interval, and then averages these pre-
cision values. The higher the AP value, the higher the model
has while maintaining a high recall rate.

4.2. Complete Scene Experimental Comparison
Our method LR-AdaInSeg aims to solve the semantic seg-
mentation problem in incomplete scenes. Nevertheless, we
still conducted comparative experiments in complete scenes
to verify the effectiveness and generalization ability of our
method. The experiments were conducted on three datasets:
ScanNetv2, ScanNet200 and ScanNet++. We compared with
other methods, including: UnScene3D, Open3DIS, SAM-
graph, SAM3D, SAI3D, Segment3D, SAM2Object, SAM-
Pro3D. The experimental results are shown in Table 2.

Experimental results show that our proposed Bayesian
Low-Rank mechanism provides a new idea for semantic de-
coupling of complex three-dimensional scenes by optimiz-
ing the distribution of structured features.

4.3. Incomplete Scene Experimental Comparison
In order to verify the segmentation performance of the
model in the case of incomplete scenes, we conduct compar-
ative experiments with other methods in incomplete scenar-
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Method Conference ScanNetv2 ScanNet200 ScanNet++

AP AP50 AP25 AP AP50 AP25 AP AP50 AP25

UnScene3D CVPR 2024 12.1 25.0 50.9 - - - - - -
Open3DIS CVPR 2024 - - - 15.2 25.8 29.9 - - -
SAM-graph ECCV 2024 10.5 29.6 53.3 19.8 36.4 60.2 8.9 22.0 40.2
SAM3D ISBI 2024 13.9 28.3 49.7 7.2 13.3 18.7 6.5 11.6 27.7
SAI3D CVPR 2024 20.3 43.8 66.7 10.7 15.1 20.4 13.0 25.7 46.6
Segment3D ECCV 2024 - - - 24.3 33.7 - 9.8 18.4 35.5
SAM2Object CVPR 2025 25.1 47.2 67.7 10.1 12.8 20.2 16.5 30.7 42.8
SAMPro3D 3DV 2025 19.2 40.9 64.3 20.5 43.8 63.7 17.4 32.2 48.9

LR-AdaInSeg Ours 23.7 47.5 68.4 22.6 45.8 66.5 18.0 33.5 50.0

Table 1: This table presents the comparative experimental results on the ScanNetv2, ScanNet200, and ScanNet++ datasets under
incomplete scenes (λ=0.7). The best results are highlighted in bold.

Method Conference ScanNetv2 ScanNet200 ScanNet++

AP AP50 AP25 AP AP50 AP25 AP AP50 AP25

UnScene3D CVPR 2024 15.9 32.2 58.5 - - - - - -
Open3DIS CVPR 2024 - - - 23.7 29.4 32.8 - - -
SAM-graph ECCV 2024 15.1 33.3 59.1 22.1 41.7 62.8 12.9 25.3 43.6
SAM3D ISBI 2024 20.2 34.0 53.3 9.8 15.2 20.7 7.2 14.2 29.4
SAI3D CVPR 2024 30.8 50.5 70.6 12.7 18.8 24.1 17.1 31.1 49.5
Segment3D ECCV 2024 - - - 27.7 39.8 - 12.0 22.7 37.8
SAM2Object CVPR 2025 34.0 52.7 70.3 13.3 19.0 23.8 20.2 34.1 48.7
SAMPro3D 3DV 2025 24.3 45.7 67.7 26.3 47.2 68.6 20.3 35.6 53.2

LR-AdaInSeg Ours 28.7 50.3 70.9 24.7 48.6 68.9 19.6 35.7 53.6

Table 2: This table presents the comparative experimental results on the ScanNetv2, ScanNet200, and ScanNet++ datasets under
complete scenes. The best results are highlighted in bold.

BLRM CGCS ScanNetv2 ScanNet200 ScanNet++

AP(λ = 1) AP50(λ = 0.8) AP(λ = 1) AP50(λ = 0.8) AP(λ = 1) AP50(λ = 0.8)

× ✓ 45.4 43.2 42.8 40.9 31.6 27.4
✓ × 49.1 45.7 46.5 44.3 34.0 31.5
✓ ✓ 50.3 48.6 48.6 47.5 35.7 34.1

Table 3: This table verifies the effect of Bayesian Low-Rank Module(BLRM) and CGCS module on the performance improve-
ment of 3D instance segmentation. Ablation experiments were performed in complete and incomplete scenes respectively.

ios (λ=0.7). The quantitative comparison results are shown
in Table 1. As shown in the results, our proposed LR-
AdaInSeg achieves higher accuracy in most scenarios. No-
tably, it outperforms SAM2Object and SAMPro3D by mar-
gins of up to 2.8 and 1.3, respectively, on ScanNet++—a
more demanding benchmark under incomplete-view condi-
tions. This improvement highlights the effectiveness of LR-
AdaInSeg in uncovering semantic similarities among un-
known category features and aggregating fragmented fea-
tures. This is also confirmed in the results in Fig.3, which
visually shows that the model effectively solves the prob-
lem of unknown category segmentation in incomplete scenes
through the collaboration of CGCS feature aggregation, 3D
U-Net geometry extraction, and Bayesian Low-Rank redun-

dancy processing. Even if some scenes are incomplete, it
still maintains good accuracy and robustness.

4.4. Ablation Studies and Analysis
We conducted ablation experiments on the ScanNetv2,
ScanNet200, and ScanNet++ datasets under both complete
and incomplete scenarios to evaluate the effectiveness of the
module designs in LR-AdaInSeg, including the 3D U-Net,
Bayesian Low-Rank Module, and CGCS. Among these, the
3D U-Net module is indispensable, as it is necessary for
learning features of invisible classes.
Efficacy of Bayesian Low-Rank Module: We study the
contribution of the Bayesian Low-Rank Module by remov-
ing it from the entire framework (first row vs third row).
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Figure 3: Comparison of 3D instance segmentation performance with scene completeness threshold λ=0.7 on ScanNetv2,
ScanNet200, and ScanNet++ datasets. The figure shows the segmentation results of different methods in representative scenes.
The bottom row shows the method proposed in this paper. As the main comparison baseline, the results of the SAMPro3D and
SAM2Object method are also included in the figure.

As shown in Table 3, the absence of this module leads to
a general drop in performance on all datasets and evalua-
tion metrics. For example, on ScanNetv2, the performance
of AP50@λ=0.8 drops from 48.6 to 43.2. This significant
performance drop highlights the key role of the Bayesian
Low-Rank Module in enhancing the model to handle Low-
Rank approximations and improving the overall segmenta-
tion performance, especially for unseen categories.
Efficacy of CGCS module: We further evaluate the CGCS
module by removing it from the full model (second row
vs. third row). As shown in Table 3, removing the CGCS
module has a negative impact on the performance of all
datasets. For example, on ScanNetv2, the performance of
AP50(λ=0.8) drops from 48.6 to 45.7. This shows that the
CGCS module plays a vital role in effectively capturing
global context information, which is essential for achieving
robust segmentation performance in both complete and in-
complete scenes. Ablation studies confirm that each module
in LR-AdaInSeg makes a unique contribution to the effec-
tiveness of the model, and their combination is the key to
addressing the challenge of unseen category segmentation
in sparse point cloud data.

4.5. Hyperparameter Analysis
λ and ϕ (threshold for intersection and parallel ra-
tio)(Section 3.4): As shown in Fig.4, we explore the impact
of scene completeness on segmentation performance (AP)
metrics under different IoU. The results show that with the
increase of scene integrity, the corresponding AP value also
increases, but it can be seen that the model performs well un-
der low scene integrity, especially benefiting from the effec-
tive mining of unknown class features by the CGCS module

0.6 0.7 0.8 0.9 1
� =0.25 64.9 66.3 68.1 69.3 70.2
� =0.5 46.7 47.5 48.6 49.1 50.3
� =[0.5:0.95] 18.2 20.7 23.2 25.5 28.7

Figure 4: AP under IoU thresholds 0.25, 0.5, and [0.5:0.95]
across scene completeness λ ∈ [0.6, 1.0]. Each plot shows
AP (y-axis) versus λ (x-axis).

and the powerful geometric feature extraction ability of the
3D U-Net backbone network.

5. Conclusion
This paper introduces LR-AdaInSeg, a novel 3D instance
segmentation framework designed to detect invisible classes
in incomplete views without compromising segmentation
accuracy. Our approach includes a Contrastive Graph Class
Similarity (CGCS) module, which leverages semantic sim-
ilarity among 3D point features to build graph structures
and perform contrastive clustering, effectively revealing and
aggregating potential unknown category features. Addition-
ally, we propose a Bayesian Low-Rank module to efficiently
reduce feature redundancy in high-dimensional space within
the original 3D U-Net architecture. Extensive experiments
demonstrate the effectiveness of LR-AdaInSeg.
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