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Abstract 3D instance segmentation is a pivotal
yet demanding problem in scene understanding and
perception. Existing approaches still fall short of
fully exploiting geometric and semantic cues, and
the weak coupling between these modalities often
leads to over- and under-segmentation artifacts. In
this paper, we present a novel framework that
couples structural perception with semantic learning
to exploit their complementary strengths for 3D
instance segmentation. Our framework centers on
instance mask prediction and augments it with
semantic classification and bounding-box regression
as auxiliary objectives. First, a knowledge embedding
module initializes instance queries alongside point-level
structural features, stabilizing training and accelerating
convergence. Second, a two-stage refinement module
iteratively updates the instance queries and their
associated point features, strengthening the network’s
ability to align each instance with its constituent
points. Finally, a joint mask module fuses geometric
and semantic cues, capitalizing on their synergy to
improve instance mask accuracy. Extensive evaluation
on ScanNetV2, ScanNet200, and S3DIS benchmarks
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demonstrate that our method achieves state-of-
the-art performance for 3D instance segmentation.
Furthermore, our underlying architecture generalizes
naturally to 3D object detection, where it achieves
competitive performance. Source code is available at
https://github.com/tianhuixiao12138/BGS.
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mentation; transformers; point clouds

1 Introduction

With rapid advances in scanning hardware and data
acquisition, 3D scene understanding has become a
core challenge in computer graphics and 3D vision [1–
3]. Point clouds, as an inherent and easily accessible
data format, provide a foundation for building and
recreating the real world in virtual environments [4,
5]. Following recent advances in 3D perception
tasks [6], including 3D object detection and semantic
segmentation [7–12], instance segmentation [13] has
emerged as a finer-grained scene understanding
problem; it requires not only assigning semantic
labels to points, but also delineating individual
object instances. Fueled by the rapid progress in
deep learning [14–16] and recent self-supervised
methods [7], learning-based instance segmentation
has attracted increasing attention and has been
widely adopted in various applications, including
digital twins [17–19], autonomous driving [20],
robotics [21], and virtual reality [22, 23].

Existing 3D instance segmentation methods
broadly fall into grouping-based and transformer-
based paradigms. Grouping-based approaches [24–
26] segment instances by analyzing gaps between
clustered points. However, their performance is
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highly sensitive to hyper-parameters such as the
clustering radius, undermining robustness, and
accuracy. Transformer-based approaches [27–33]
instead represent objects with instance queries and
assign points by matching query and point features.
While less dependent on hyper-parameter tuning,
many of these approaches refresh instance queries
using semantic cues alone. As a result, semantically
heterogeneous regions of a single object may be split
into multiple instances, while semantically similar
but distinct objects may be erroneously merged. Such
over- and under-segmentation arise from ignoring
the critical role of instance geometric information
in boundary differentiation and overall structure
perception.

Recent work has attempted to incorporate
geometric features into query formulation to address
the above challenge. For example, MAFT [34] replaces
traditional masked attention with a center regression
objective to accelerate convergence. However, the
geometric cue it introduces is too coarse to capture
object structure, limiting the model’s ability to
perceive instances accurately. MSTA3D [35] mitigates
over-segmentation by use of dual-attention and
bounding-box queries, yet the boxes remain auxiliary
and interact weakly with semantic features, leaving
the model susceptible to under-segmentation when
box estimates drift.

To address these challenges, we propose a
collaborative framework that jointly models
structural perception and semantic learning. Rather
than relegating geometry to an auxiliary role, we
treat structural perception and semantic learning
as coupled yet distinct tasks, which provides more
robust instance boundary localization through an
interactive compensation mechanism. To do so, we
first use a knowledge embedding module that filters
non-instance points via semantic logits and uses
learnable offsets to generate pointwise bounding
boxes, yielding instance-focused queries that capture
instance-specific structures. Next, a two-stage
refinement module progressively optimizes the
instance queries and their associated point features,
narrowing the representational gap between them.
Finally, we mitigate over- and under-segmentation
by coupling geometric and semantic cues within
a geometric–semantic mask module, allowing
mutual constraints and compensation to improve
segmentation performance.

Our main contributions are in summary:
• a collaborative 3D instance segmentation

framework that exploits the complementary
strengths of structural perception and semantic
learning to suppress over- and under-segmentation
artifacts,

• a dual-branch knowledge embedding module
in which one branch produces high-quality
initial queries and the other estimates instance-
level structural features, accelerating convergence
during training,

• a two-stage refinement module that iteratively
updates instance queries and point features,
allowing the network to align instances with their
constituent points via mutual optimization, and

• a joint mask prediction module that leverages
similarities in both semantic and geometric
features to produce more accurate instance masks.

2 Related work

Current techniques for 3D instance segmentation can
be roughly classified into four categories: proposal-
based, grouping-based, dynamic convolution-based,
and transformer-based methods.

Proposal-based methods typically follow a top-
down paradigm. 3D-SIS [36] first localizes instances
by regressing bounding boxes and then refines the
points enclosed by each box to produce instance
masks. 3D-BoNet [37] detects instances by aligning
predicted boxes with ground truth via Hungarian
matching, and then segments the foreground points
inside each box to recover the instance masks.
The effectiveness of proposal-based approaches is
significantly influenced by the accuracy of the
predicted bounding boxes. However, the inherent
complexity and non-uniform distribution of raw point
clouds make it challenging to predict stable bounding
boxes for instances.

In contrast, grouping-based approaches follow
a bottom–up paradigm, where scene points are
first aggregated into clusters that are subsequently
refined to produce instance masks. PointGroup
[24] predicts per-point offsets from corresponding
instance centers, facilitating clustering and improving
mask accuracy. HAIS [25] introduces a hierarchical
clustering mechanism that progressively merges
smaller clusters belonging to the same instance, while
a dedicated mask loss further refines the predicted
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masks. SoftGroup [26] adopts a soft classification
strategy that allows each point to be associated
with multiple semantic categories during clustering,
effectively reducing the adverse impact of semantic
misclassifications on instance segmentation. Although
grouping-based methods have shown strong ability
to generate instance masks, their robustness is
often limited by the high computational overhead
of clustering and sensitivity to hyperparameters such
as the clustering radius.

Dynamic convolution-based methods adopt a
distinct strategy by generating instance-specific
convolutional kernels and computing similarity
maps between these kernels and point features
to produce instance masks. DyCo3D [38] employs
the clustering mechanism from PointGroup [24] to
generate discriminative kernels, but its performance
is limited by the inherent drawbacks of clustering-
based instance grouping. ISBNet [39] replaces the
clustering step with a foreground point sampling
strategy, effectively improving kernel generation and
segmentation accuracy. DKNet [40] further enhances
instance representation via a mining algorithm that
selects and progressively aggregates candidate points,
embedding instance information into dynamic kernels.
Despite their effectiveness, dynamic convolution-
based methods typically rely on locally generated
kernels, restricting their ability to capture long-
range dependencies and accurately delineate large
or spatially extended instances.

Recently, transformer-based methods have made
remarkable progress in 3D instance segmentation.
Mask3D [31] uses multiscale features and cross-
attention to iteratively refine instance queries
and generate masks through similarity maps

between queries and point features. SPFormer [32]
introduced structured superpoint features to reduce
computational costs while maintaining segmentation
accuracy. MAFT adds an auxiliary center regression
task to address convergence challenges caused by
low-quality initial instance queries. OneFormer3D
[33] adopts disentangled bipartite matching to
align predicted masks with ground truth, reducing
instability associated with Hungarian matching.
MSTA3D incorporates box queries as structural
guidance alongside semantic queries to enhance query
representations.

Despite their state-of-the-art performance, these
transformer-based approaches often overlook the
intrinsic complementarity between semantic cues and
geometric structures, which may lead to over- or
under-segmentation artifacts.

3 Method

This section begins with an overview of the proposed
network architecture. Next, the core modules of the
network are described in detail, followed by the
formulation of the multitask loss function.
3.1 Architecture

Figure 1 illustrates the overall architecture, which
comprises a feature backbone ( ), a knowledge
embedding module ( ), and a query decoder ( )
consisting of a feature and query refinement module
( ) and a geometric-semantic mask module ( ).
Given an input point cloud P ∈ RN×6 containing
coordinates and color values, where N is the number
of points, a sparse U-Net first computes point
features F0 ∈ RN×d, where d denotes the feature
dimensionality and is set to 256. The F0 are

Fig. 1 Our 3D instance segmentation framework. Starting from a scene point cloud P, the network predicts instance masks M, semantic labels
C, and bounding boxes B. A sparse U-Net first extracts point features F0. Together with the coordinates of P, these features are processed by
the knowledge embedding (KE) module, which consists of two branches, to produce initial semantic queries Q0

s and pointwise box predictions
Pbox. Subsequently, the decoder performs L iterative refinements, each using two components. The feature–query refinement (FQR) module
updates the point features Fl+1 and the semantic and geometric queries Ql+1

s and Ql+1
g . The geometric–semantic mask (GSM) module then

exploits the complementary nature of geometric and semantic cues to produce the corresponding outputs.
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then fed, along with coordinates of P, into the
knowledge embedding module to generate initial
semantic queries Q0

s ∈ RK×d and pointwise bounding
boxes Pbox ∈ RN×9, where K denotes the number
of instances. With these features in hand, the
query decoding process can be performed. First, the
semantic queries Q0

s , geometric queries Q0
g ∈ RK×9

and point features F0 are iteratively refined within
the feature and query refinement module. Here, Q0

g
is randomly initialized through learnable parameters.
Then, the refined features, queries, along with Pbox,
are fed into the geometric-semantic mask module to
generate the instance masks M ∈ RK×N . This query
decoding process is executed for L iterations to obtain
more accurate results.

3.2 Knowledge embedding module

3.2.1 Overview
Our knowledge embedding (KE) module uses scene-
specific priors to stabilize training and accelerate
convergence. As Fig. 2 shows, the KE module
comprises two branches—semantic filtering and
structural perception—that operate on the point
features F0 and coordinates P = {pi}N

i=1 ∈ RN×3.
These branches yield high-quality initial semantic
queries Q0

s and per-point bounding boxes Pbox,
computed as

{Q0
s ,Pbox} ← KE

(
F0,P

)
(1)

3.2.2 Branch I: Semantic filtering
The point features F0 are fed into a semantic
head to predict semantic logits S ∈ RN×C , where
C represents the number of semantic categories.

Fig. 2 The knowledge embedding (KE) framework consists of two
branches: one for semantic filtering and one for structural perception.
The initial point features F0 are fed into the semantic head to filter
out non-instance points, followed by farthest point sampling (FPS) to
generate initial semantic queries Q0

s . Simultaneously, the F0 are fed
into the offset head to predict offsets, which are used to shift original
coordinates P to produce pointwise bounding boxes Pbox.

Farthest point sampling (FPS) then selects K

representative points from the filtered set and their
features serve as the initial semantic queries Q0

s ,
as shown in Fig. 2(above). The semantic branch is
trained with a cross-entropy loss,

Lsem = CE(S, Ŝ) (2)
where Ŝ are the ground-truth pointwise labels. As
a result, semantic queries Q0

s , obtained through
semantic filtering, focus more on instances rather
than non-instance points.
3.2.3 Branch II: Structure perception
In this branch, we predict the offsets O =
{oi ∈ R1×9}N

i=1 ∈ RN×9 for each point with respect to
the center, top-left corner, and bottom-right corner of
its instance bounding box, as shown in Fig. 2(below).
Adding these offsets to the original coordinates P
yields the pointwise boxes Pbox as Eq. (3):

Pbox = Concat(Pcenter,Pcorner1 ,Pcorner2) (3)
where Pcenter = P + O[:, 0 : 3], Pcorner1 = P + O[:, 3 :
6], Pcorner2 = P + O[:, 6 : 9], and Concat(·) denotes
the concatenation operation. Then, offset prediction
is supervised with an `1 loss

Loffset =
N∑

i=1
{pi}‖oi − ôi‖1/

N∑
i=1

{pi} (4)

where Ô = {ôi}N
i=1 are the ground-truth offsets to

the corresponding instance centers and corners, and
{pi} is an indicator function that specifies whether

point pi belongs to an instance.
Note that the pointwise boxes Pbox encode each

point’s offsets to the center and corners of its
corresponding instance box, thereby capturing its
relative position within the instance. Analogous to
how pointwise semantic features aggregate local
semantic cues, these offsets provide each point with
structural context. As a result, points belonging to the
same instance share consistent geometric properties,
which in turn promotes robust instance segmentation.

3.3 Feature and query refinement module

3.3.1 Overview
Our refinement module iteratively updates instance
queries and point features to strengthen their
mutual dependency. In addition, geometric queries
are introduced to encode localization cues for
each instance, enriching the geometric context and
enabling queries to more accurately attend to points
belonging to the same object. As Fig. 3 shows,
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Fig. 3 Feature and query refinement (FQR). Semantic and geometric
queries Ql

s, Ql
g, point features Fl, and bounding boxes Pbox are

alternately utilized as sources for Q, K, and V to refine the input
features through our synergic attention (below). In stage I, Ql+1

s and
Ql+1

g are obtained using Fl and Pbox; in stage II, Fl+1 are updated
using refined queries Ql+1

s , Ql+1
g , and Pbox.

our refinement module operates in two stages: first,
queries Ql

s and Ql
g are updated; later, point features

Fl are refined. Throughout this process, the pointwise
bounding boxes Pbox serve as auxiliary geometric
features. The process is in outline:
{Fl+1,Ql+1

s ,Ql+1
g ,Pbox} ← FQR

(
Fl,Ql

s,Ql
g,Pbox

)
(5)

3.3.2 Stage I: Query refinement
To establish mappings between instance queries
and point features, we use a synergic attention
mechanism. This mechanism adaptively computes
similarity scores between instance queries and point
features, allowing the network to emphasize features
relevant to each query while suppressing unrelated
ones. The definitions of Q, K, and V are as Eq. (6):

{Qs,Ks,V} =
{
ψ(Ql

s), ψ(Fl), ψ(Fl)
}

{Qg,Kg,V} =
{
ψ(Ql

g), ψ(Pbox), ψ(Fl)
} (6)

where Ql
g ∈ RK×9 are initialized randomly as

learnable queries, and represent the queries for
instance bounding boxes. The second dimension
corresponds to the centers of the instances and the
two corner points, and ψ(·) denotes a linear mapping.

To facilitate the interaction of semantic queries
between different instances, we employ self-attention,
denoted SA(·), and introduce positional embedding
Eg ∈ RK×d to encode instance location information
as Eq. (7):

Q′s = SA(Qs + Eg) (7)

where Eg is generated from Qg by Fourier transform
and linear mapping.

Subsequently, we use Q and K in Eqs. (6) and (7)
to compute the semantic and geometric attention
scores, Ss and Sg, respectively. These scores are
then aggregated using a weighted sum to derive the
attention score Satt, as Eqs. (8)–(10):

Ss = Softmax(Q′sKT
s /
√
d) (8)

Sg = Softmax(QgKT
g /
√
d) (9)

Satt = wsSs + wgSg (10)
where ws and wg represent learnable weights.

Next, we use Satt, derived from the interaction
between point features and instance queries, and V
to update the queries, as Eqs. (11) and (12):

Ql+1
s = FFN((Satt)V) (11)

Ql+1
g = MLP(Ql+1

s ) (12)
where Ql+1

s and Ql+1
g represent the refined queries,

FFN denotes a feed-forward network, and MLP refers
to a multilayer perceptron.
3.3.3 Stage II: Feature refinement
To ensure that the point features adapt to the changes
introduced by the updated instance queries Ql+1

s and
Ql+1

g , we propose a feature refinement stage to further
enhance the point features based on the updated
queries. The process of this stage closely resembles
that of query refinement (Stage I), with the primary
distinction lying in the sources of Q, K, and V, as
Eqs. (13) and (14):
{Qs,Ks,V} =

{
ψ(Fl), ψ(Ql+1

s ), ψ(Ql+1
s )

}
(13)

{Qg,Kg,V} =
{
ψ(Pbox), ψ(Ql+1

g ), ψ(Ql+1
s )

}
(14)

Similarly to Eq. (11), the updated point features Fl+1

are computed as
Fl+1 = FFN((wsSs + wgSg)V) (15)

3.4 Geometric-semantic mask module

3.4.1 Overview
As Fig. 4 shows, given updated point features Fl+1

and refined instance queries Ql+1
s and Ql+1

g , we
introduce two auxiliary tasks to support the mask
prediction task: one for predicting instance semantics
C ∈ RK×N and another for inferring bounding boxes
B ∈ RK×9. This process is formulated as
{M,C,B} ← GSM

(
Fl+1,Ql+1

s ,Ql+1
g ,Pbox

)
(16)

To begin, we compute the geometric similarity
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Fig. 4 Geometric-semantic mask (GSM) module. Refined queries Ql+1
s , Ql+1

g are used to generate semantic and geometric similarity scores
S̄l+1

s , S̄l+1
g , respectively. These scores are then fused to produce the final mask scores Sl+1

mask for instance mask prediction. Simultaneously, the
semantic label and bounding box for each instance are inferred.

scores between geometric queries and individual
bounding boxes as

S̄l+1
g = DA(Ql+1

g ,Pbox) (17)
where DA(·) denotes the structural similarity
function, which is described later. Next, the semantic
similarity scores between the semantic instances and
point features are obtained using the dot product:

S̄l+1
s = Ql+1

s · Fl+1 (18)
With the geometric and semantic scores obtained

from Eqs. (17) and (18), we can calculate the instance
mask score leveraging the mutual compensation
between the geometry and semantics as Eq. (19):

Sl+1
mask = W̄l+1

s � S̄l+1
g + W̄l+1

g � S̄l+1
s (19)

where W̄l+1
g ∈ RK×N and W̄l+1

s ∈ RK×N are
learnable weights, and � is the Hadamard product.
After that, the final masks are obtained as Eq. (20):

M = [σ(Sl+1
mask)k,i > 0.5] ∈ {0, 1}K×N (20)

where σ(·) denotes the sigmoid function.
3.4.2 DA function
We propose a structural similarity metric, denoted
DA, to ensure that points belonging to the same
instance exhibit consistent structural characteristics.
For any given point within an instance, the centers
of its pointwise bounding box and the corresponding
instance query are spatially close. Moreover, a point
located near the instance center tends to form larger
angles with the two corner points of the bounding
box, whereas points outside the instance yield smaller
angles. Based on these observations, we define the
distance factor D = {dk,i} ∈ RK×N and angle factor
A = {ak,i} ∈ RK×N as Eq. (21):

dk,i = ‖q̃k − p̃i‖ , ak,i = v1
ki · v2

ki

‖v1
ki‖2 ‖v

2
ki‖2

(21)

Here, p̃i is the center of the pointwise bounding box in
Eq. (3), and q̃k is the center of the instance bounding
box, as shown in Fig. 5. v1

ki and v2
ki denote the vectors

from p̃i to the upper left and bottom right corners of
the instance bounding box. To adaptively balance the
contributions of D and A, the DA metric is formulated as

DA(Ql+1
g ,Pbox) = w̄DD + w̄AA (22)

where w̄D and w̄A are learnable weights that adjust
the scaling between the two factors.

The DA function measures the distance between
each point and its corresponding instance query
center through a distance factor, which captures
the relative geometric position of the point within
the instance. Unlike the Euclidean distance, which
measures only straight-line proximity, this metric
merely indicates how close two points are in

Fig. 5 DA metric is based on a distance factor (left) and an angle
factor (right).
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space and cannot distinguish whether a point lies
inside, on the boundary, or outside an instance.
Moreover, it fails to capture directional relationships
or structural characteristics, making it ineffective for
accurately identifying boundary points. To address
these limitations, we introduce an angular factor
that determines point membership by analyzing
the geometric angles formed between each point
and the vertices of the corresponding instance
bounding box. This combined metric is inherently
insensitive to variations in instance size and shape,
while effectively distinguishing boundary points. In
summary, by jointly modeling relative position and
geometric angle, the proposed similarity metric
provides a comprehensive representation of the spatial
relationship between points and instances, offering
robust geometric support for accurate instance
segmentation.
3.4.3 Bipartite matching
Since there is no inherent order between the ground-
truth instances and the predicted instances, we follow
prior work [31, 32, 39] and employ bipartite matching
to establish correspondences between the two sets. To
achieve this, we construct a cost matrix C ∈ RK×K̂ ,
where K̂ is the number of ground-truth instances.
The matching cost in C for a predicted instance with
index k and a ground-truth instance with index k̂ is
calculated as Eq. (23):
C(k, k̂) =λclsCcls(k, k̂) + λdiceCdice(k, k̂)

+ λbceCbce(k, k̂) + λcenterCcenter(k, k̂)
(23)

With the constructed matching cost matrix, we apply
the Hungarian algorithm [41] to efficiently determine
the optimal correspondences between predicted
results and ground truth. Once the correspondences
are established, the multiple tasks can be optimized
as Eqs. (24)–(26):
Lcls = λclsCE(C, Ĉ) (24)
Lmask = λdiceLdice(M, M̂) + λbceLbce(M, M̂) (25)
Lbox = λcenterL1(Bcenter, B̂center) + λIoULIoU(B, B̂)

(26)
where Lbce, L1, Ldice, and LIoU denote the binary
cross-entropy loss, L1 norm loss, Dice loss [42], and
gIoU loss [43], respectively. Bcenter denotes the centers
of the predicted bounding boxes B. Ĉ, B̂center, B̂,
and M̂ represent the corresponding ground truth,
respectively. The matching cost and loss weights

are denoted by λcls, λdice, λbce, λcenter, and λIoU,
respectively.
3.5 Multi-task learning

The entire network is trained with a multi-task loss:

L =
L∑

l=1

(
Ll

cls + Ll
box + Ll

mask

)
+ Lsem + Loffset

(27)
where L denotes the number of decoder layers.

4 Experiments

In this section, we describe comprehensive
experiments to evaluate our method using diverse
benchmarks. Section 4.1 details the experimental
setup; Sections 4.2 and 4.3 present quantitative and
qualitative comparisons; Section 4.4 reports ablation
studies; and Section 4.5 discusses generalization
performance.
4.1 Experimental setting

4.1.1 Datasets
We evaluated our approach using the standard data
splits of several challenging benchmarks, including
ScanNetV2 [44], ScanNet200 [45], and S3DIS [46].
ScanNetV2 contains 1613 annotated indoor scans
covering hundreds of reconstructed scenes, with
both semantic and instance-level annotations in 20
semantic and 18 instance categories. The dataset is
split into 1201 scans for training, 312 for validation,
and 100 for testing. ScanNet200 extends ScanNetV2
with finer-grained annotations, introducing 200
semantic categories and 198 instance classes to
enable more detailed segmentation of complex indoor
environments. S3DIS consists of 271 indoor scenes
in six areas, annotated with 13 semantic classes,
including furniture and structural elements. Area
5 is used for testing, while the remaining areas serve
as the training set.
4.1.2 Evaluation metrics
We adopt average precision (AP) as the primary
metric to evaluate segmentation accuracy. For
instance segmentation, we employ mean average
precision (mAP) along with AP50 and AP25 as
evaluation criteria. mAP represents the average
precision score calculated with a step size of 5%
for intersection over union (IoU) thresholds ranging
from 50% to 95%. AP50 and AP25 correspond to
precision scores at fixed IoU thresholds of 50% and
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25%, respectively. For object detection, we use box AP
as the metric, which measures the average precision
of 3D axis-aligned bounding box predictions.
4.1.3 Implementation details
We conduct training on ScanNetV2 and ScanNet200
using an RTX 4090 GPU, and on S3DIS using an A100
GPU. During training, data augmentation is applied
by randomly cropping each scene, with the maximum
point count capped at 250,000. To enforce this limit,
scenes are iteratively cropped using cubic windows.
For optimization, we adopt the AdamW optimizer
with a learning rate of 0.0001 and a weight decay of
0.05. The batch size is set to 4 in all datasets. Training
on the ScanNet datasets requires approximately 38 h
on an RTX 4090 GPU, while training on S3DIS
takes about 54 h on an NVIDIA A100 GPU for
one complete training cycle. The model backbone is
similar to SPFormer and generates per-point features
with a dimension of 32. The matching cost and loss
weights (λcls, λdice, λbce, λcenter, λIoU) are configured
as (0.5, 1.0, 1.0, 0.5, 0.5) for ScanNet and ScanNet200,
respectively; and for S3DIS, the matching cost and
loss weights are configured as (2.0, 5.0, 1.0, 0.5, 0.5).
The voxel size is set at 0.02 m for ScanNet and
ScanNet200, and at 0.05 m for S3DIS.

4.2 Quantitative results

We have performed numerical comparisons on the
benchmark datasets to verify the superiority of our
method over state-of-the-art approaches.
4.2.1 ScanNetV2
We record results of the quantitative comparison on
the ScanNetV2 validation set in Table 1. As we can
see, our method achieves the highest performance in

Table 1 Quantitative comparison on ScanNetV2 with mAP, AP50,
and AP25 metrics

Method mAP AP50 AP25

MTML [47] 20.3 40.2 55.4
3D-MPA [48] 35.5 59.1 72.4
PointGroup [24] 34.8 56.7 71.3
OccuSeg [49] 44.2 60.7 71.9
DyCo3D [38] 35.4 57.6 72.9
HAIS [25] 43.5 64.1 75.6
SSTNet [50] 49.4 64.3 74.0
SoftGroup [26] 46.0 67.6 78.9
DKNet [40] 50.8 66.7 76.9
ISBNet [39] 54.5 73.1 83.5
Mask3D [31] 55.2 73.7 83.5
ISES [51] 56.1 75.0 83.7
SPFormer [32] 56.3 73.9 82.9
QueryFormer [52] 56.5 74.2 83.3
MAFT [34] 58.4 75.9 –
MSTA3D [35] 58.4 77.0 85.4
OneFormer3D[33] 59.3 78.1 –
Sonata [7] 42.4 63.9 79.2
Ours 59.7 78.1 86.5

terms of mAP, AP50, and AP25, demonstrating its
proficiency in capturing fine details and structures,
as well as producing more precise instance masks.
Specifically, our results improve the scores by +1.3
mAP and +2.2 AP50 compared to MAFT, and by
+1.3 mAP, +1.1 AP50, and +1.1 AP25 over MSTA3D.
In addition, as shown in Table 2, our approach
outperforms the competing methods in 12 out of the
18 categories, further validating its superior capability
in fine-grained category segmentation.
4.2.2 ScanNet200
We compare results of our method to those of
competing approaches, on the ScanNet200 validation

Table 2 Results on ScanNetV2 with AP50 metric. Per-category and average scores are reported. The best and second-best performances are
highlighted in bold and underlined, respectively
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MTML [47] 70.8 54.0 21.9 14.5 79.2 0.8 39.9 14.2 32.4 10.9 42.1 64.3 36.4 48.8 42.7 96.5 32.7 21.5 40.2
PointGroup [24] 80.5 69.6 54.9 48.1 87.7 22.4 44.9 41.6 42.0 37.7 37.2 64.4 61.1 71.5 62.9 98.3 46.2 53.0 56.9
DyCo3D [38] 77.4 70.4 48.4 52.3 90.2 34.9 47.5 52.3 40.5 44.7 51.5 70.3 54.3 69.6 94.8 47.2 46.2 56.4 61.0
HAIS [25] 87.1 70.2 49.4 55.4 82.5 47.8 55.7 58.5 48.1 48.7 53.0 76.1 69.2 67.7 75.3 100.0 51.5 56.3 64.0
SoftGroup [26] 86.7 71.8 64.3 61.7 85.6 38.6 55.6 57.5 53.1 53.9 76.7 75.6 70.9 67.5 77.6 98.3 56.3 60.3 67.6
Mask3D [31] 87.0 79.1 66.7 65.5 94.4 63.1 73.6 63.5 74.4 65.8 77.1 71.4 77.5 78.0 82.8 100.0 65.1 73.2 73.7
ISES [51] 90.1 76.7 54.5 67.6 95.0 63.7 71.0 66.3 73.5 65.8 77.1 71.4 77.5 78.0 82.8 100.0 65.1 73.9 75.0
MAFT [34] 90.1 80.1 65.6 65.6 94.7 66.2 73.3 68.7 74.4 73.8 72.6 76.2 78.5 67.2 83.5 96.6 63.8 73.8 75.9

Ours 92.4 83.9 75.3 68.0 95.3 66.7 71.1 68.7 78.6 75.7 75.4 78.8 79.6 77.4 83.7 96.6 63.3 75.0 78.1
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set, in Table 3. Compared to MAFT, our method
achieves performance improvements of +0.5 mAP,
+0.6 AP50, and +0.8 AP25. Against MSTA3D, our
method shows a higher margin of +3.5 on mAP,
+3.6 on AP50, and +4.0 on AP25. These results
shows that our method handles more categories
yet has competitive performance, demonstrating its
robustness and effectiveness.
4.2.3 S3DIS
We compare our method to other competing
approaches on S3DIS (Area 5) in Table 4. It can
be observed that our method achieves the highest
scores on both AP50 and AP25. Compared to
MAFT, our method improves AP50 by +1.5 and
AP25 by +0.9, respectively. Furthermore, it also
outperforms MSTA3D by +2.4 on AP50. These
results demonstrate that our method still has superior
performance even for indoor scenes with complex
layouts, highlighting the generalizability of our
network.
4.2.4 Runtime analysis
Table 5 reports the average inference time per scan
for different methods, on the ScanNetV2 dataset.
For fair comparison, all methods were evaluated on
the same RTX 4090 GPU. Our method achieves

Table 3 Quantitative comparison on ScanNet200 with mAP, AP50,
and AP25 metrics

Method mAP AP50 AP25

SPFormer [32] 23.3 38.5 48.6
Mask3D [31] 27.4 37.0 42.3
MAFT [34] 29.2 38.2 43.3
MSTA3D [35] 26.2 35.2 40.1
Sonata [7] 25.4 35.6 42.1

Ours 29.7 38.8 44.1

Table 4 Quantitative comparison on S3DIS with AP50 and AP25
metrics

Method AP50 AP25

PointGroup [24] 57.8 —
SSTNet [50] 59.3 —
SoftGroup [26] 66.1 —
ISBNet [39] 67.5 —
SPFormer [32] 66.8 —
MAFT [34] 69.1 75.7
Mask3D [31] 71.9 77.2
MSTA3D [35] 70.0 —
Sonata [7] 57.4 63.8

Ours 72.4 77.9

Table 5 Inference time per scan on the ScanNetv2 dataset. S.p.
means superpoint

Method Component time (ms) Total (ms)

PointGroup [24]
Backbone (GPU): 26
Grouping (GPU+CPU): 165
ScoreNet (GPU): 54

245

SSTNet [50]

S.p. extraction (CPU): 132
Backbone (GPU): 31
Tree network (GPU+CPU): 114
ScoreNet (GPU): 43

320

SoftGroup [26]
Pointwise prediction (GPU): 77
Soft grouping (GPU+CPU): 108
Top-down refinement (GPU): 54

239

SPFormer [32]

S.p. extraction (CPU): 132
Backbone (GPU): 18
S.p. pooling (GPU): 10
Query decoder (GPU): 14

174

MAFT [34]

S.p. extraction (CPU): 132
Backbone (GPU): 18
S.p. pooling (GPU): 10
Query decoder (GPU): 23

183

OneFormer3D [33]

S.p. extraction (CPU): 132
Backbone (GPU): 18
S.p. pooling (GPU): 10
Query decoder (GPU): 21

181

Ours

S.p. extraction (CPU): 132
Backbone (GPU): 18
KE (GPU): 25
Query decoder (GPU): 34

209

an average inference speed of 198 ms/scan, a
mere 35 ms slower than the fastest model, while
outperforming it by +3.4 mAP, +4.2 AP50, and +3.6
AP25. Component analysis shows that our backbone,
knowledge embedding module, and query decoder
take 18 ms, 25 ms, and 34 ms, respectively. We note
that superpoint extraction can be precomputed offline
during the training phase, thus significantly reducing
the computational load during training. In summary,
our method is highly accurate yet efficient. It provides
efficient, fine-grained 3D instance segmentation for
complex scenes.

4.3 Qualitative results

Figure 6 provides a visual comparison of results
of MAFT, OneFormer3D, and our method on
ScanNetV2. The dashed elliptical regions in Fig. 6,
show how both MAFT and OneFormer3D can
produce noticeable segmentation artifacts, including
over-segmentation, where a single object instance
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Fig. 6 Qualitative comparison of instance segmentation results on ScanNetV2. Left to right: input point clouds, results produced by MAFT,
OneFormer3D, our method, and ground truth. Dashed ellipses highlight how our method can produce more accurate instance masks, effectively
mitigating over- and under-segmentation artifacts.

is incorrectly split into multiple instances, and
under-segmentation, where multiple distinct instances
are erroneously merged as a single instance. In
contrast, our method avoids these over- and under-
segmentation artifacts. This improvement stems from
the introduction of a collaborative mask generation
approach, which enables our method to exploit
complementary information from different feature
spaces.

To further assess the robustness and generalization
ability of our approach, we evaluated it on the
Matterport3D dataset [53], which includes noisy real-
world RGB-D scans. Some qualitative results are
shown in Fig. 7: our method consistently avoids both
over- and under-segmentation errors compared to the
baseline and yields substantially finer delineation of

object instances. For example, in the dashed ellipse in
Fig. 7(above), our approach more accurately isolates
the pillow from the sofa, demonstrating its ability
to handle fine-grained structures. These observations
suggest that our method is robust and produces more
precise instance masks for such challenging data.

4.4 Architectural study

We conducted a series of experiments using the
ScanNetV2 validation set to evaluate the core
components and configurations of our method. Using
MAFT as the baseline, we focused on three issues:
analysis of query initialization strategies, evaluation
of individual modules to assess their contributions,
and exploration of decoder layer depths and numbers
of queries.

Fig. 7 Comparison of sample instance segmentation results on Matterport3D. Left to right: input point clouds, segmentation results from
MAFT, OneFormer3D, our method, and ground truth. Dashed ellipses highlight how our method is robust, and generates more precise instance
masks for these challenging examples.
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4.4.1 Initialization of queries
We evaluated the performance of our framework
with different query initialization strategies, with
results summarized in Table 6. Existing methods
commonly use either the learned query generation
technique or farthest point sampling (FPS). In
contrast, our proposed semFPS strategy first filters
out non-instance points using semantic predictions,
then applies FPS to the remaining instance points
to generate queries. The results demonstrate that
semFPS produces superior initial semantic queries.
Additionally, the learnable technique outperforms
FPS for initializing geometric queries, as it better
captures structural information and adapts to
complex scenes.
4.4.2 Effects of core modules
We validated the contribution of our individual
modules by assessing the following three variants
on the ScanNetV2 validation set.
• V1: baseline + KE.
• V2: baseline + KE + FQR.
• V3: baseline + KE + GSM.

The quantitative comparison of these variants shown
in Table 7 highlights the contribution of each module
and their synergistic effects. As we can see, our
full model outperforms all variants, highlighting the
strong synergy and cooperation between the modules.
In addition, integrating any single module improves
the segmentation accuracy compared to the baseline,

Table 6 Impact of initialization strategies on semantic and geometric
query generation

Qs Qg mAP AP50 AP25

Learnable FPS 58.3 75.5 84.6
Learnable Learnable 59.5 77.4 85.9
SemFPS FPS 58.6 76.0 85.2
SemFPS Learnable 59.7 78.1 86.5

demonstrating the effectiveness of each module. In
particular, removing GSM from the full model results
in a significant accuracy drop, as observed in the
third and fifth rows of Table 7. This decline arises
from a failure to leverage the complementary nature
of semantic and geometric features, underscoring
the importance of integrating both for instance
segmentation.

The visual comparison provided in Fig. 8 intuitively
demonstrates the impact of each module. From
left to right, V1 reduces mis-segmentation artifacts
compared to the baseline, as evident in the zoomed-
in view where the number of errors decreases. This
highlights the effectiveness of KE in leveraging
geometric structure and filtering out non-instance
points. V2, with the addition of FQR that allows
mutual optimization between queries and features,
further enhances the segmentation accuracy com-
pared to V1. V3, integrating geometric–semantic
mutual guidance, shows significant improvements
over V1. As we can see, both the left and right
bookshelves are almost correctly segmented, with
only minor under-segmentation remaining in the
right bookshelf. Finally, our full model achieves near-
perfect segmentation of all instances, demonstrating
its superior ability to address over- and under-
segmentation challenges.
4.4.3 Numbers of decoder layers and queries
We analyzed the impact on model performance of

Table 7 Impact of individual modules on our method

Variant KE FQR GSM mAP AP50 AP25

Baseline 58.4 75.9 84.6
V1 X 58.7 76.4 85.4
V2 X X 58.8 76.7 84.9
V3 X X 59.4 77.5 86.0

Ours X X X 59.7 78.1 86.5

Fig. 8 Qualitative results from the study considering the impact of individual modules. Left to right: baseline, variants V1 (KE), V2 (KE +
FQR), V3 (KE + GSM), and our full model. The close-up views highlight the effectiveness of each module and the full model in addressing
over- and under-segmentation issues commonly encountered in 3D instance segmentation.
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varying the number of layers and queries, with results
shown in Table 8. Optimal performance is achieved
with a network depth of six layers. Fewer layers
fail to capture sufficient semantic and geometric
information, whereas deeper networks introduce
unnecessary computational load and produce negative
results. Too few queries hinders the learning of
sufficient instance features, while too many can cause
instance loss during the matching process, reducing
performance.
4.4.4 Dimensionality of point feature F0

We evaluated the impact of different dimensionalities
for the point feature F0, with results reported in
Table 9: a feature dimensionality of 256 yields
the best instance segmentation performance. Lower
dimensionality limits the capacity to encode semantic
and geometric information, while overly large
dimensionality introduces redundancy and increases
the risk of overfitting, degrading performance.
Although a 512-dimensional setting also achieves
competitive results, we adopted d = 256 to match
mainstream methods (e.g., Mask3D and MAFT) and
to ensure a fair comparison.
4.4.5 Hyperparameter settings
Most parameters in our framework are learnable and
are adaptively optimized during training, including
those in Eqs. (10) and (19). To assess the influence of
manually specified hyperparameters, we conducted a
sensitivity study on the weighting factors λcenter and
λIoU, which govern the balance between different loss
terms.

Table 8 Performance comparison for different decoder layer depths
and numbers of queries

Layers Queries mAP AP50 AP25

1 400 53.3 69.2 78.9
3 400 56.9 74.9 84.7
6 400 59.7 78.1 86.5
12 400 59.4 77.4 85.9
6 100 56.8 74.3 82.6
6 200 57.6 75.6 84.6
6 600 59.2 77.1 86.1

Table 9 Comparison of instance segmentation performance for
different dimensionalities of point feature F0

d mAP AP50 AP25

128 58.5 76.2 84.2
256 59.7 78.1 86.5
512 59.6 78.4 86.0

For the loss weights related to mask generation and
category prediction (λcls, λdice, λbce), we adopted the
standard settings used in prior work (e.g., MAFT
and Mask3D) to ensure fair comparison. As Table 10
shows, adjusting these factors results in minor
performance variations, confirming that the proposed
framework is robust to reasonable hyperparameter
changes and is not unduly sensitive to these settings.

4.5 Generalization to object detection

To further assess the scalability and generalization
ability of the proposed method, we evaluated its
3D object detection performance on the ScanNetV2
and S3DIS benchmarks. For each instance, an axis-
aligned bounding box was obtained by computing
the minimum and maximum coordinates of its
corresponding mask. Following standard practice
in 3D object detection, we report performance in
terms of box AP50 and AP25: see Table 11. On

Table 10 Comparison of instance segmentation performance using
different weights λcenter and λIoU

λcenter λIoU mAP AP50 AP25

2 2 56.9 75.7 85.1
1 1 59.3 77.1 85.8
1 0.5 58.7 77.0 85.8

0.5 1 59.1 77.6 86.1
0.5 0.5 59.7 78.1 86.5
0.25 0.25 58.5 76.6 85.6

Table 11 Numerical evaluation of object detection results on
ScanNetV2 with box AP50 and box AP25 metrics

Method Box AP50 Box AP25

VoteNet [54] 33.5 58.6
3D-MPA [48] 49.2 64.2
GSDN [55] 34.8 62.5
H3DNet [56] 48.1 67.2
3DETR [57] 47.0 65.0
Group-free [58] 52.8 70.1
RBGNet [59] 55.2 69.9
HyperDet3D [56] 57.2 70.9
FCAF3D [60] 57.3 71.5
CAGroup3D [61] 61.3 75.1
Mask3D [31] 56.2 70.2
MAFT [34] 63.9 73.5
MSTA3D[35] 64.3 78.6
V-DETR [62] 65.0 77.4
OneFormer3D [33] 65.3 76.4
Swin3D [9] 63.2 76.4
UniDet3 [8] 66.1 77.5

Ours 65.5 77.0
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ScanNetV2 our method surpasses most existing
object detection approaches in terms of AP50,
trailing only slightly behind UniDet3D, and achieves
competitive performance on AP25. Results on S3DIS
are summarized in Table 12. Consistent with the
observations on ScanNetV2, our method attains
performance comparable to UniDet3D on AP50, while
establishing a new state of the art on AP25. The
qualitative results demonstrate that our method can
produce more accurate and tightly fitting bounding
boxes than those produced by the baseline, as also
shown in Fig. 9.

4.6 Limitations in object detection

The proposed framework achieves state-of-the-art
performance on instance segmentation benchmarks.
However, its performance on 3D object detection is
slightly inferior to methods specifically optimized
for detection, such as UniDet3D. In addition, the
framework exhibits limitations when detecting and
segmenting fine-grained objects. These behaviors
primarily arise from the following factors.

First, the core objective of this work was to generate
high-quality instance masks rather than to perform

Table 12 Numerical evaluation of object detection results on S3DIS
with box AP50 and box AP25 metrics

Method Box AP50 Box AP25

SPGroup3D [63] 47.2 69.2
FCAF3D [60] 45.9 66.7
Swin3D [9] 58.6 75.4
UniDet3D [8] 60.8 75.2

Ours 58.8 75.6

precise regression of 3D object detection bounding
boxes. Consequently, detection-oriented metrics (e.g.,
box AP) are not explicitly optimized during training.

Second, the proposed geometry–semantics co-
modeling strategy alleviates over- and under-
segmentation, but its tightly coupled design may
propagate noise or classification biases from the
semantic branch to the geometric branch. This
interaction can lead to bounding box inflation,
localization offsets, or shape distortions. Such effects
are particularly pronounced for small, elongated,
or non-rigid objects (e.g., cushions, curtains, and
pillows), where minor inaccuracies or discontinuities
in mask boundaries are amplified during bounding
box derivation.

Importantly, these limitations reflect intentional,
task-oriented design trade-offs. By prioritizing
instance mask accuracy as the primary optimization
target and treating detection bounding boxes as a
secondary output, the geometric modeling module is
deliberately embedded within a semantic–geometric
collaborative framework rather than implemented
as an independent, detection-focused regression
head. While this design substantially enhances
segmentation performance, it inevitably results in
compromising detection accuracy somewhat.

5 Conclusions

We have proposed a unified 3D instance framework
that jointly predicts instance masks, semantic
labels, and bounding boxes in an end-to-end

Fig. 9 Qualitative comparison of object detection results on ScanNetV2. Left to right: input point clouds, results produced by MAFT,
OneFormer3D, our method, and the ground truth. Our method predicts more accurate and tightly fitting bounding boxes for object instances.
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manner. Our key insight is that geometric and
semantic information provide complementary and
mutually reinforcing cues. By optimizing them
jointly, our framework learns more discriminative
and representative features, thereby enhancing
the precision and robustness of instance mask
prediction. Our method achieves state-of-the-art
performance on multiple benchmarks, delivering
significant improvements in both quantitative metrics
and visual quality. Furthermore, although not explicitly
designed for object detection, it surpasses most existing
approaches in detection accuracy as well.
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