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Abstract

3D instance segmentation has recently garnered in-
creased attention. Typical deep learning methods adopt
point grouping schemes followed by hand-designed geo-
metric clustering. Inspired by the success of transform-
ers for various 3D tasks, newer hybrid approaches have
utilized transformer decoders coupled with convolutional
backbones that operate on voxelized scenes. However, due
to the nature of sparse feature backbones, the extracted fea-
tures provided to the transformer decoder are lacking in
spatial understanding. Thus, such approaches often pre-
dict spatially separate objects as single instances. To this
end, we introduce a novel approach for 3D point clouds in-
stance segmentation that addresses the challenge of gener-
ating distinct instance masks for objects that share similar
appearances but are spatially separated. Our method lever-
ages spatial and semantic supervision with query refine-
ment to improve the performance of hybrid 3D instance seg-
mentation models. Specifically, we provide the transformer
block with spatial features to facilitate differentiation be-
tween similar object queries and incorporate semantic su-
pervision to enhance prediction accuracy based on object
class. Our proposed approach outperforms existing meth-
ods on the validation sets of ScanNet V2 and ScanNet200
datasets, establishing a new state-of-the-art for this task.

1. Introduction

In recent years, remarkable advances have been made in
3D scene understanding, owing to the rapid development
of 3D sensors (Kinect, RealSense, Velodyne laser scanner,
among others) and the increase in the number of large-scale
datasets. Data-driven deep learning models with a focus on
either point or sparse voxel approaches have been widely
explored. 3D instance segmentation on point clouds is the
task of simultaneously localizing and recognizing 3D ob-
jects from a set of 3D points. The desired output is a set
of binary masks representing the objects with their corre-
sponding semantic categories. This perception task serves

Semantic instance ground truth  Prediction w/ Mask3D
Figure 1. Samples predictions of our approach on scenes from the
ScanNet200 [35] dataset. Our proposed approach utilizes both se-
mantic and spatial supervision to generate distinct instance labels
for objects in a given scene, by processing a 3D point cloud as in-
put. This enables the model to generate instance masks for objects
that are similar in appearance but located in different positions,
resulting in highly accurate and comprehensive labeling.

as the basis for a wide variety of applications, including au-
tonomous driving, mixed and virtual reality, and robot nav-
igation.

2D instance segmentation is a critical computer vision
task that involves identifying and distinguishing individual
objects or instances within an image and assigning semantic
classes to them. Unlike semantic segmentation, which as-
signs a label to each pixel in an image, instance segmenta-
tion aims to accurately identify each object in an image and
provide a unique mask or bounding box for each one. Thus,
instance segmentation lies at the intersection of object de-
tection and semantic segmentation. Numerous studies have
been conducted in this area, with many works focusing on
top-down approaches [4, 9, 6, 15], in which instance-level
proposals are generated initially to predict instance masks
that are later classified into one of the recognized classes.
One popular example of these approaches is BMask R-CNN
[9], which is an extension of Mask R-CNN. It was devel-
oped to address the challenges associated with segmenting
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objects with complex shapes and fine details. BMask R-
CNN introduces a boundary-sensitive branch to the Mask
R-CNN architecture, which predicts object boundaries in
addition to object masks.

In contrast to 2D instance segmentation, bottom-up
pipelines dominate 3D instance segmentation, where, gen-
erally speaking, point-level semantic labels are learned and
then spatially close points of the same classes are grouped
together into instances. Thus, there has been extensive
work on developing grouping strategies for this purpose
[21, 7, 24, 43]. The remarkable results of transformers
have motivated numerous researchers to explore their us-
age in the instance segmentation task. To overcome the
challenge of CNNs’ insufficient long-range dependencies,
hybrid-based techniques used attention mechanisms along
with CNN-based backbones for feature extraction. One
such method is presented in [38] for 3D instance segmenta-
tion. It relies on the successive and iterative refinement of
queries to learn masks and semantic labels by attending to
multi-scale features obtained from a CNN backbone. This
approach has been proven to achieve state-of-the-art results,
owing to CNNs’ proficiency in producing features for ob-
jects of varying scales and the attention mechanism’s capac-
ity to capture contextual information. Nevertheless, these
approaches do not allow enough information exchange be-
tween the encoder and the decoder because of the structural
differences between the transformer blocks and the sparse
convolutional backbone.

In this paper, we propose to improve the learned features
for the modules of a hybrid-based instance segmentation
technique that combines a sparse convolutional backbone
with a transformer decoder for query refinement. Enhanced
supervision that targets the encoder specifically is proposed
to achieve this aim. Given the 3D geometry of a scene, the
model labels all the geometry that belongs to a single ob-
ject with a unique label and assigns a class to this object.
In particular, we propose a learning technique to regress
per-voxel coordinates and learn per-voxel semantic labels
in the encoder. Despite the benefits of using 3D point cloud
voxelization to enable regular 2D convolution on 3D point
clouds, the location and geometry information of 3D objects
may be lost. This arises from the fact that the decoder ex-
clusively relies on the encoder features, derived solely from
the RGB color of the voxel. Moreover, the process of vox-
elization can compound this issue by grouping small objects
into a limited number of voxels. Consequently, these aggre-
gated voxels fail to completely capture the geometry of the
original objects. However, the utilization of the coordinates
in voxel space after the sparse quantization step, which con-
sists of the X, Y, and Z values, can aid in recovering the
lost information.

To this end, our contributions are as follows:

* We explore various ways of improving information ex-

change between the convolutional encoder and trans-
former decoder of a hybrid 3D instance segmenta-
tion technique (7) spatial and semantic supervision in
the 3D encoder, (z¢) appending raw coordinates to 3D
backbone features before feeding them to the decoder.

e We enrich the highest-resolution features used for
mask prediction with existing voxel positions to assist
in the prediction of higher quality and more precise
masks.

e We achieve state-of-the-art performance on ScanNet
V2 [12] (+1.3 mAPsg) and ScanNet200 [35] (+2.7
mAP50).

2. Related Work

In this section, we present some of the works related
to 3D point clouds, 3D instance segmentation, as well as
recent paper which use transformers as building blocks in
their architecture for the 3D point clouds instance segmen-
tation task.

2.1. Deep Learning for 3D Point Clouds

Prior to the deep learning era, early methods [1, 2, 3, 37,
36] extracted hand-crafted features from point clouds based
on statistical analysis. On the other hand, recent methods
resort to learning feature extraction from the point cloud.

Early deep learning-based methods, e.g. PointNet [33,
34], processed point clouds directly through Multi-Layer
Perceptrons (MLPs) and max pooling operations to cap-
ture both local and global 3D geometries. Other approaches
[31, 30] opted to voxelized point clouds to go from an un-
ordered point set to regular 3D-ordered vectors compatible
with 3D convolutions. Some other approaches [41, 27, 10],
on the other hand, aimed to exploit the sparsity of voxelized
3D point clouds to reduce the computation complexity of
the regular 3D convolution operation using sparse convo-
lution, which was first introduced in 2D [25]. In order to
make the latter operation user-friendly, a universal sparse
convolution and auto-differentiation framework was intro-
duced with MinkowskiEngine in [10]. even though voxel-
based methods are highly efficient, they suffer from severe
information loss since the voxelization process performs ag-
gressive downsampling on the points [11, 16].

2.2. 3D Instance Segmentation

The problem of instance segmentation for 3D scenes
has been explored and addressed in numerous works; some
methods adopted the top-down approach, where propos-
als are generated from a stream, then combined with the
local features generated from a parallel stream to predict
the final masks for each instance. In this direction, 3D-
BoNet [45] predicts the final masks using regressed bound-
ing boxes and point-wise semantic labels generated from
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Figure 2. This figure illustrates the architecture of our proposed instance segmentation technique which is composed of (1) a 3D convolu-
tional backbone, (2) a farthest point sampling module, (3) a query refinement strategy, and (4) a prediction head made up of a segmentation
branch and a classification branch. Here, V,. represents the voxel-level coordinates.

parallel pipelines. 3D-SIS [19] follows the same reasoning
as [45], but uses RGB-D scans for training, while NeuralBF
[40] uses learnable bilateral filtering and shows that this can
further improve the instance proposal generation. An al-
ternative strategy is a bottom-up method, whereby instance
prediction is accomplished through semantic segmentation,
followed by instances prediction in the same stream. Nu-
merous methods were proposed [21, 22, 19, 26], [22] em-
ployed Multi-Task Metric Learning and clustering to gen-
erate the instance proposals, while [7] suggested a differ-
ent framework through hierarchical aggregation. In order to
benefit from the two approaches, SoftGroup [44] proposes
a two-stage architecture, the first is bottom-up-based, for
semantic information extraction, while the second stage is
to generate instance proposals through refinement in a top-
down manner.

2.3. Transformers

Transformers were first introduced in [42] and have since
gained significant popularity in the field of natural language
processing due to their ability to capture similarities be-
tween embeddings of various categories. The computer vi-
sion community later adopted this mechanism, and its po-
tential was first demonstrated in [14]. The global contextual
learning capability of transformers has motivated computer
vision researchers to utilize them in 3D object detection
[28, 32, 39, 3], 3D semantic segmentation [23], and, more
recently, in 3D instance segmentation [38]. In contrast to

the conventional top-down approaches, Mask3D [38] and
Group-Free [28] have used a transformer for query refine-
ment in the instance proposal generation stage while using
a multi-scale sparse convolutional backbone for feature ex-
traction. Mask3D addresses some major problems in previ-
ous 3D instance segmentation approaches. State-of-the-art
methods heavily rely on hand-crafted voting mechanisms
that require the points to each vote for manually-tuned geo-
metric properties of the instance such as centers, bounding
boxes, or occupancy. Furthermore, these models are trained
with proxy losses based on the point votes, so the learn-
ing objective is not to explicitly predict the instance masks.
Even though Mask3D proved to be significantly more pow-
erful compared to the other state-of-the-art methods, it still
has some shortcomings. A systematic mistake often ob-
served in the qualitative results is that objects of the same
class having similar geometry but existing far apart in the
scene are combined into a single instance. The authors at-
tribute this to the attention mechanism that simultaneously
attends to the entire point cloud.

3. Methodology

Fig. 2 illustrates our proposed instance segmentation ar-
chitecture composed of a 3D Convolutional backbone that
extracts features from the voxel space, a furthest point sam-
pling method to generate K object queries, stacked atten-
tion modules to refine those queries based on sampled point
features, and a mask prediction module that predicts in-

543



stance heatmaps and class probabilities given full-resolution
feature maps extracted by the backbone and the correspond-
ing raw coordinates for each voxel. Furthermore, interme-
diary supervision is imposed on the encoder from existing
labelled information.

3.1. Problem Formulation

3D point cloud processing. Given an input point cloud
P € RV6 where N is the number of points of which each
holds RGB colors and 3D full-resolution coordinates, the
goal is to predict K binary masks, each classified into one
of C classes. P is first voxelized into V, € RM*3 yoxels,
each holding average RGB color information of the points
it includes. Given a sparse 3D convolutional backbone with
a symmetric encoder and decoder, R feature maps are ex-
tracted from V. at different resolutions. These feature maps
form a hierarchy of multiple scales.

Query top-down refinement. Since it is impractical to
follow a top-down strategy in choosing initial object queries
in 3D due to the fact that the search space is too huge, we
follow the recent practice of sampling object queries from
the point cloud in a bottom-up approach via farthest point
sampling (FPS) [34]. This method has been used to down-
sample a point cloud or to choose initial object candidates
from a point cloud. This simple method relies on randomly
choosing a point and then iteratively sampling the farthest
point from the already chosen points until the number of
desired points is chosen.

The goal is to refine the K " initial instance queries for L
stages to end up at K spatially accurate and scene-relevant
queries. After sampling initial object queries with FPS,
a transformer decoder is used to iteratively refine these
queries by allowing them to (1) cross-attend to masked
scene features and (2) self-attend among each other. Thus,
the transformer is composed of stacked multi-head masked
cross-attention and multi-head self-attention. The masked
variant of cross attention is used, as in [8], to force the trans-
former to ignore out-of-context features by design. Self-
attention among queries is necessary to establish inter-query
communication and avoid duplicate or overlapping instance
masks.

Classification branch. The classification branch takes
as input instance queries X and applies a softmax function
on them after projecting them to C' + 1 dimensions with
a linear layer. This facilitates the prediction of a semantic
class for each of the K’ queries. It is worth noting that
the instances are classified into one of the C classes or an
ignored class which helps filter out the queries from K’ to
K.

Segmentation branch. To predict the binary foreground
masks, F.—og € RMo*P the highest-resolution feature map
with dimension D, is used alongside K " instance queries,
where K > K. The binary masks B € {0,1}*% are

calculated as follows:

B = {bi,j = [U(FOfmask(X)T)iJ > T]} (1)

where finqsk(.) is a linear layer that maps the queries X to
D dimensions, o is a sigmoid function, and 7 is a thresh-
olding scalar € [0, 1]. 7 is set to 0.5.

Learning objectives. The whole network can be trained
in an end-to-end manner with a weighted dual-task loss as
follows:

L
‘Cdecoder = Z A’rnask‘cgyll)ask + /\class‘cillzlss (2)

l
where L, is composed of a binary cross-entropy loss
over both the foreground and background of the mask and
Dice loss [13], Li4ss is @ multi-class cross-entropy loss on
the instance level, and L is the number of query refinement

steps.

3.2. Enhanced Supervision

We argue that a shortcoming in existing solutions is that
limiting the supervision at the decoder level of the archi-
tecture hinders the ability of the network, specifically the
convolutional encoder, to learn semantically and spatially
rich features. This limitation arises primarily from the weak
spatial and geometric information encoded in the 3D back-
bone, due to sparse convolution and voxelization. To miti-
gate this, we utilize readily available information including
per-voxel semantic labels and per-voxel raw coordinates to
introduce intermediary supervision that targets the convolu-
tional backbone of the network. The goal is to encode both
spatial and semantic understanding into the features that are
ultimately used in the query refinement process and in the
prediction of the final set of class-labeled masks.

Spatial Supervision. Hybrid models, which take as in-
put a set of voxels with features that encode the RGB color
do not include features to represent the points’ locations.
As a result, the transformer block ends up taking as input
the features from the highest level of the backbone, which
does not necessarily encode the voxels’ positions, given the
sparse nature of point clouds. In order to fill this gap, spatial
supervision takes into account the output voxels’ locations
when predicting the mask used for refining the instance
queries, a vital property in the context of 3D localization
tasks. The first learning target imposed on the convolutional
encoder is the prediction of the per-voxel raw coordinates
V,. € RM>3 from the highest-resolution features Fy,. A pro-
jection head fopqtiai(.) composed of a single linear layer is
used to map Fy from M x D to M x 3, to finally use it for
the heatmap prediction step.

Semantic Supervision. The second learning objective
aims to enhance the semantic understanding of the net-
work by guiding the network to learn per-voxel class la-
bels instead of limiting its semantic context to the instance
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Figure 3. Architecture of the transformer module inspired by [5]. The multi-head cross attention is masked with the predicted heatmaps.
These heatmaps are obtained from the interaction between (1) the instance queries and (2) point features to which V;., the voxel-level raw

coordinates, were appended. Refer to Eq. 5.

level. The goal of this supervision is to bridge the seman-
tic gap between point and instance identity, and have the
voxel-level label assist in better instance-level label pre-
diction. To achieve this, Fj is projected to M x (C' + 1)
using fsemantic(.), a single-layer MLP, after which a soft-
max function is applied. The ground truth labels utilized
for computing the loss in this case are the same labels used
to supervise the instance class prediction task, where vox-
els not belonging to any instance are labeled with an ignore
class. Thus, no additional supervision signal is required.

The loss objective for the sparse convolutional encoder
is:

Lencoder = )\semanticﬁsemantic + )\spatialﬁspatial (3)

where Lgemantic 1S a cross-entropy loss and Lgpaiiqr 1S a
mean squared error loss. Thus, the overall objective func-
tion of the network is:

L= Ldecoder + Lencoder (4)

This objective function can be used to train the network in
an end-to-end fashion.

3.3. Enhancing Spatial Localization

Further, we argue that the features produced by the
sparse convolutional backbone are lacking in terms of spa-
tial information necessary for the accurate prediction and
localization of the masks in 3D space. To this end, we
aim to enrich the information used to predict the binary
masks. Eq. 1 is altered as follows. V. is used alongside
F,_oy € RMoxD and the K instance queries to predict the

binary masks as shown in Fig. 3. More specifically, B is
computed using the following:

B = {bi,j = [U((FO 3] V;")fmask(X)T),LJ > T]} (5)

where f,,qs, maps the queries X to D + 3 dimensions.

This primarily influences the MLP in each of the L seg-
mentation branches that projects the queries X to a common
dimensionality with the point features Fj.

4. Experiments

In the following section, we first present the used
datasets and the evaluation protocol (Sec. 4.1). After this,
we provide details on the implementation of the method
(Sec. 4.2). Quantitative results (Sec. 4.3) and qualitative
results (Sec. 4.4) follow. Finally, ablation studies are pre-
sented in Sec. 4.5.

4.1. Datasets and Evaluation Protocol

We evaluate our approach on ScanNet V2 [12] and Scan-
Net200 [35], widely-used indoor 3D instance segmenta-
tion datasets. We adopt the standard data splits for these
datasets.

ScanNet V2 [12] is a dataset composed of 1513 richly
annotated 3D reconstructed indoor scenes. It includes hun-
dreds of reconstructed rooms such as hotels, libraries, and
offices. Provided labels include per-point instances, seman-
tic labels, and 3D bounding boxes for 18 classes. The metric
used for evaluation of this dataset is mean average precision
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Figure 4. Performance comparison with Mask3D [38], the currently b

results for 100 classes of ScanNet200 are presented.

(mAP) over various Intersection over Union (IoU) thresh-
olds: mAP at IoU of 25%, 50%, and [50%, 95%)] (averaged
at 5% steps).

ScanNet200 [35] is a more recent extension of ScanNet
V2 that includes 200 class labels for the same scenes. Scan-
Net200 facilitates the evaluation of an algorithm’s perfor-
mance on naturally occurring imbalanced data since it fol-
lows a long-tail distribution with 66 head classes, 68 com-
mon classes, and 66 tail classes. We use the same evalua-
tion protocol followed for ScanNet V2 to evaluate on this
dataset.

4.2. Implementation Details

We conduct all of our experiments on a single NVIDIA
Tesla A100 GPU device. Data augmentations on the scenes
include horizontal flipping, random rotations along the z-
axis, elastic distortion, random scaling, color jitter, and
brightness/contrast alterations. The convolutional encoder
is a Minkowski Res16UNet34C [11] used in Mask3D [38].
We train for 600 epochs with AdamW [29] optimizer and
a learning rate of le — 4. the scheduler used is the one-
cycle learning rate scheduler. We set Apcg to 5, Agice tO
5, AcE 10 5, Agemantic t0 2, and finally Agpqriqr to 2. The
voxelization is done at 2cm voxel size.

4.3. Quantitative Results

Table 2 shows the results of our approach and the most
prominent methods on validation set of ScanNet V2 [12]
in terms of mAP, mAPsq, and mAPy5. The proposed
method achieves the highest score, with a 1.3% margin on
mAPsy. Table 1 further shows per-class APsq for the 18
classes in the dataset. Our approach achieves the best per-
formance in 14 out of the 18 categories.

Similarly, we report metrics on the validation set of

[ Ours: mAP@50 39.6%
[ Mask3D: mAP@50 37.0%

| . H §
est performing 3D instance segmentation approach. Per-class A Psg

ScanNet200 [35]. Table 3 shows that the proposed method
surpasses the state-of-the-art by a significant margin of
2.7% on mAPsq. Since this dataset exhibits a long-tailed
distribution, we also report on m A Psq per data split of head,
common, and tail in Table 4. Our approach significantly im-
proves the performance of tail classes specifically, with an
improvement of 5.9%. Additionally, Fig. 4 presents per-
class AP5p on 100 classes out of the 198 in the dataset as
compared to Mask3D [38].

4.4. Qualitative Results

In Fig. 5, we present qualitative 3D instance segmenta-
tion results on ScanNet V2 [12] as compared to the ground
truth masks and those of Mask3D. The showcased scenes
are from the validation splits of this dataset, and they are
diverse in terms of the type of challenges they exhibit,
e.g. background clutter, similar objects, and scanning ar-
tifacts. It can be observed that, with the proposed method,
more precise instance segmentation masks are obtained as
compared to the current state-of-the-art. The highlighted
sections clearly outline examples where Mask3D predicts
merged instances that are far apart while our method, which
explicitly encodes the spatial locations of features, is able
to distinguish between those instances.

4.5. Ablation Studies

We ablate the effects of the key designs on ScanNet200
as shown in Table 5. We observe a boost in performance as
each component is added, and the best results are attained
with the three components combined which gave a 2.7%
increase in mAPsg and 2.0% increase in m AP on the val-
idation set. It can be observed that carrying out the mask
prediction with appending of V. to the point features gives
the biggest individual boost in performance, which shows
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MTML [22] 70.8 540 219 145 792 08 399 142 324 109 421 643 364 488 427 965 327 215 40.2
PointGroup [21] | 80.5 69.6 549 48.1 87.7 224 449 416 420 377 372 644 61.1 715 629 983 462 53.0 56.9
DyCo3D [18] 774 704 484 523 902 349 475 523 405 447 515 703 743 69.6 948 472 462 564 61.0
Mask3D [38] 87.0 79.1 66.7 655 944 63.1 73.6 635 744 658 771 714 775 78.0 828 1000 651 732 73.7
(Ours) 90.1 767 545 67.6 950 637 710 663 735 658 771 714 775 780 828 100.0 651 739 75.0

Table 1. 3D instance segmentation results in terms of A Psq scores on ScanNet V2 [12]. The table shows the A Pso score of all semantic
categories as well as the average score, which is sorted in ascending order of mAPso. The proposed method outperforms the current

state-of-the-art on the average A Ps.

Val
Method mAP mAP5() mAP25
3D-SIS [19] - 18.7 35.7
GSPN [46] 19.3 37.8 53.4
MTML [22] 20.3 40.2 554
3D-MPA 35.5 59.1 72.4
DyCo3D 354 57.6 72.9
PointGroup [21] 34.8 56.7 71.3
MaskGroup [47] 274 42.0 63.3
OccuSeg [17] 442 60.7 71.9
SSTNet [24] 494 64.3 74.0
HAIS [7] 43.5 64.1 75.6
SoftGroup [43] 46.0 67.6 78.9
Mask3D [38] 55.2 73.7 83.5
(Ours) 56.1 75.0 83.7

Table 2. State-of-the-art comparison on the ScanNet V2 [12] 3D
instance segmentation dataset. This table shows m AP with vari-
ous IoU thresholds of our method as well as all recent methods.

Val
Method mAP mAP50 mAng,
CSC [20] - 25.24 -
LGround [35] - 26.09 -
Mask3D [38] 27.4 37.0 42.3
(Ours) 29.4 39.7 44.9

Table 3. m AP for 3D instance segmentation on validation split of
ScanNet 200 [35] with various IoU thresholds of our method as
well as other recent methods.

Method ValmAPsy
head common tail

Mask3D [38] 54.9 30.6 23.2

(Ours) 55.5 32.8 29.1

Table 4. mAPs, for 3D Instance Segmentation on head, com-
mon, and tail class splits of ScanNet 200 [35] of our method and
Mask3D [38].

Spatial Semantic ~ Mask prediction
Supervision  Supervision w/ V. mAP - mAPs
v X X 279 37.1
X X v 28.9 39.2
v X v 29.0 39.6
X v v 29.0 38.4
v v v 294 39.7

Table 5. Ablation study on the impact of each component on the
performance of our proposed method on the ScanNet 200 [35] 3D
instance segmentation dataset, specifically the validation set.

the importance of explicitly encoding per-voxel spatial in-
formation into the mask prediction module.

In our final design, we use RGB information in the vox-
elized point cloud for subsequent feature extraction. Next,
we ablate the choice of input in Table 6. We experiment
with (1) feeding the full-resolution coordinates as input, (2)
the coordinates in conjunction with the RGB colors, and (3)
the RGB colors with spatial supervision. Empirically, spa-
tial supervision gave a better performance as can be shown
in Table 6.

Experiment mAP50
Raw coordinates as input 36.2
Raw coordinates and color as input 36.6
Spatial supervision with color as input 38.0

Table 6. Results for various spatial supervision approaches on
ScanNet200 [35] validation set.

5. Conclusion

In this paper, we present a simple yet effective way to
learn semantically and spatially rich features for better lo-
calization of instance masks in 3D space using a hybrid in-
stance segmentation architecture. The method re-purposes
existing supervision signals related to the perceptual task at
hand to assist in the semantic and location information flow
between the sparse convolutional backbone and the trans-
former decoder. In addition, readily-available voxel posi-
tions are fed to the mask prediction branch to maximize its
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Scene Ours Mask3D Ground Truth

Figure 5. Qualitative instance segmentation results on ScanNet V2 scenes from the validation split. This figure shows the original input
scene as a textured mesh, the scene with its ground truth masks, predictions of Mask3D [38], and predictions with our method.
Key regions are highlighted in black circles.

performance, specifically in accurately localizing the masks the backbone. The proposed method achieves state-of-the-
in 3D space, this approach proved to be more effective art performance on ScanNet V2 and ScanNet200 validation
than using RGB and raw coordinates as input features for splits.
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