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Figure 1: We introduce PARTSTAD, a novel few-shot 3D point cloud part segmenta-
tion method that leverages 2D-to-3D task adaptation. By obtaining 2D segmentation
masks in multi-view images from GLIP and SAM and optimizing the mask
weights for 3D segmentation as a learning objective, it can successfully predict fine-
grained parts with accurate boundaries, as shown in the figure above.

Abstract. We introduce PARTSTAD, a method designed for the task
adaptation of 2D-to-3D segmentation lifting. Recent studies have high-
lighted the advantages of utilizing 2D segmentation models to achieve
high-quality 3D segmentation through few-shot adaptation. However,
previous approaches have focused on adapting 2D segmentation mod-
els for domain shift to rendered images and synthetic text descriptions,
rather than optimizing the model specifically for 3D segmentation. Our
proposed task adaptation method finetunes a 2D bounding box predic-
tion model with an objective function for 3D segmentation. We intro-
duce weights for 2D bounding boxes for adaptive merging and learn the
weights using a small additional neural network. Additionally, we incor-
porate SAM, a foreground segmentation model on a bounding box, to
improve the boundaries of 2D segments and consequently those of 3D
segmentation. Our experiments on the PartNet-Mobility dataset show
significant improvements with our task adaptation approach, achieving a
7.0%p increase in mloU and a 5.2%p improvement in mAP5q for seman-
tic and instance segmentation compared to the SotA few-shot 3D seg-
mentation model. The code is available at https://github.com/KAIST-
Visual-AI-Group/PartSTAD.

Keywords: part segmentation - few-shot learning - 3D deep learning

' This work was conducted when the author was at KAIST.


https://orcid.org/0009-0003-0922-6401
https://orcid.org/0000-0001-7428-9570
https://github.com/KAIST-Visual-AI-Group/PartSTAD
https://github.com/KAIST-Visual-AI-Group/PartSTAD

2 H. Kim and M. Sung

1 Introduction

3D segmentation has been a subject of extensive research in computer vision due
to its central role in various downstream applications involving the understand-
ing of shape structure, functionality, mobility, and semantics. However, the lim-
ited availability of annotated 3D shapes has remained a bottleneck in achieving
generalizability in learned segmentation models for diverse 3D data. Annotating
3D segmentation is particularly labor-intensive, time-consuming, and requires
expertise in handling 3D models. For this reason, the scale of 3D part-level an-
notations remains in the tens of thousands [37], while the scale of 2D annotation
datasets in the image domain, for example, exceeds a million [20}30].

Recent research [232] has illuminated the potential of visual-language models
bridging textual descriptions with images in accomplishing zero-shot or few-shot
3D segmentation results. The basic idea is to render a 3D model from various
viewpoints, conduct 2D detection or segmentation on the rendered images, and
then aggregate the 2D segmentation results into a 3D representation using either
a voting mechanism [32] or a label propagation scheme |2]. This approach is not
only effective in enabling zero-shot and few-shot 3D segmentation but also offers
an advantage in that the set of part names does not need to be predefined in
training but can be determined at test time.

PartSLIP |32] is a notable example that achieves 3D part segmentation results
comparable to fully supervised methods while adapting a pretrained 2D detection
model with few-shot training for 3D segmentation. It leverages the pretrained
GLIP |25] model for 2D detection, associating the output 2D bounding boxes
with one of the tokens (part names) provided in the input prompt. Its key
component is the GLIP finetuning process, which introduces a small number
of learnable parameters to the frozen GLIP model and trains them using few-
shot synthetic images and texts employed in the 3D segmentation pipeline. As
GLIP was initially trained with real photos and natural language descriptions of
objects by humans, this adaptation to rendered images and the unconventional
description (a sequence of part names) results in a substantial improvement in
the 3D segmentation task.

Despite promising initiatives, it is important to note that the previous ap-
proach was limited to achieving domain adaptation. In contrast, we emphasize
that in the 2D-to-3D segmentation lifting task, not only does the data domain
change, but the task itself also shifts from 2D segmentation to 3D segmentation.
Thus, the process of applying the pretrained model to the new task requires task
adaptation, involving modifying the model with an objective function associated
with the new task. Particularly for 3D segmentation, it is necessary to integrate
2D segmentation results from multiple viewpoints into a coherent 3D representa-
tion. Therefore, it is crucial to control the noise of 2D bounding box predictions
in the context of its impact on the final 3D segmentation after integration.

Specifically, our Part Segmentation Task ADaptation method, PARTSTAD,
adapts the pretrained GLIP model with a relaxed 3D mloU loss while incorpo-
rating bounding boxes across all different views. Instead of typical finetuning,
we draw inspiration from recent work [16}/32] that introduces small learnable
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parameters to the existing model while keeping existing parameters frozen. As a
result, we train a small MLP using 2D bounding box features extracted from the
pretrained GLIP model. Since the relaxed mloU loss is non-differentiable with
respect to the bounding box positions, we suggest predicting a weight for each
bounding box instead of adjusting its position. This results in minimal modifi-
cation in the 2D-to-3D voting scheme while achieving a significant improvement
in 3D segmentation, even with few-shot training, e.g., with eight objects per cat-
egory, as done in PartSLIP. To further enhance 3D segmentation performance,
we leverage SAM [20], a 2D instance segmentation model, to segment the fore-
ground region within each bounding box, obtaining an accurate boundary for
each 2D segment.

In our experiments on the PartNet-Mobility [56] dataset, we showcase the
superior performance of our method in comparison to recent zero-shot /few-shot
3D semantic and instance segmentation methods that leverage 2D segmenta-
tion models. In contrast to the SotA few-shot method, our approach achieves a
7.0%p improvement in semantic segmentation mIoU and a 5.2%p improvement
in instance segmentation mAP5y. These improvements are consistent across all
object classes.

2 Related Work

2.1 Supervised 3D Segmentation

Given the availability of open segment-annotated 3D datasets |3}5,/7,/81/12,(141/37,
56|, 3D segmentation has been extensively researched in the last several years,
focusing on the development of novel network architectures for supervised learn-
ing. Regarding the architecture of semantic segmentation, diverse models have
been explored, including PointNet [42] and its variants [36,43}|44/57]/71], those
using CNN [27,34,|49,[59], GCN [17,/28,/53|, and Transformers [55,/60,67,(73].
For instance segmentation, various approaches based on proposing 3D bound-
ing boxes [15,/61,/66], clustering learned features [11,19,[31L38},/50,/51169L(74], and
combining both semantic and instance segmentations [29,/40}46,(52] have been
introduced. Despite these great advances, the performance of supervised meth-
ods has been limited by the scale of 3D datasets; the largest part-annotated 3D
dataset, PartNet |37], includes fewer than 30k models.

There have been some attempts to overcome the limitation by leveraging ad-
ditional weak supervisions, such as text descriptions of objects [21], 3D bounding
box annotations [10], sparse labels [26}35], and geometric priors [23]24]. How-
ever, the scale of this additional data has also been limited to tens of thousands,
while datasets in the image domain are on the scale of millions.

2.2 3D Segmentation Using Vision-Language Models

Recent work introduced ideas about exploiting vision-language models (VLM)
for 3D segmentation. The advantage of utilizing the learned visual-language
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grounding in 3D segmentation lies in the strong generalizability to arbitrary 3D
models with zero-shot or few-shot training, and also in the open vocabulary
understanding that enables labeling points without specifying the set of part
or object names during training. For a VLM, CLIP [45] has been adapted in
multiple previous works to lift the 2D grounding to the 3D, detecting parts in
an object [13] and objects in a scene [9}/39,/47,/70], while the results are limited
to highlighting some regions without providing clear segment boundaries.

To obtain precise segments in 3D, other 2D object detection and segmenta-
tion models, such as SAM [20], GLIP |25], and GroundingDINO |33], are also
leveraged. SAM3D [63] was an example of directly lifting the 2D masks from
SAM to 3D with a bottom-up merging approach, although it was limited to
segmenting the parts, not labeling them. SA3D |[6] utilized NeRF representa-
tion and allowed user interaction for 3D segmentation, but it can be inefficient
when the 3D objects are given as a mesh, point cloud, or other common 3D
representations. OpenMask3D [47] and OpenIns3D [18] are concurrent works,
both of which combine multiple foundation models, SAM [20] and CLIP [45] for
OpenMask3D, and GroundingDINO [33] and LISA |22] for OpenIns3D. These
works focus on segmenting objects in 3D scenes, while we aim to do finer-grained
segmentation, finding parts in 3D objects.

PartSLIP [32] and SATR |2| are notable examples that achieve part segmen-
tation of 3D objects based on a 2D object detection model, GLIP [25]. They
obtain 2D bounding boxes on the rendered images from multiple views and inte-
grate them over the 3D object with different merging schemes. The finetuning of
GLIP introduced by PartSLIP particularly leads to a performance improvement,
but it is limited to domain adaptation, not task adaptation. Building on this, we
introduce a novel task adaptation technique as well as integration with SAM [20]
to achieve a further significant improvement in 3D segmentation accuracy.

2.3 Task Adaptation

Taskonomy [68] is a seminal work that introduced the concept of task trans-
fer learning for the first time, enabling the transformation of an image dense
prediction model trained for a base task to perform other tasks through fine-
tuning. Pruksachatkun et al. [41] also introduced a similar idea for language-
domain tasks. Later, task adaptation has been extensively studied to leverage
features learned from generative models, such as GAN |72| and diffusion mod-
els [41/48/58,/62], adapting them with a small network for various tasks, includ-
ing image segmentation |4}[58}/72], depth prediction [48|, and keypoint detec-
tion [62]. For 3D tasks, Abdelreheem et al. |1| are notable examples of using
vision language-grounding models for 3D correspondence but are limited to di-
rectly applying 2D priors without finetuning. We introduce a novel task adapta-
tion technique that lifts 2D segments to 3D by adapting the 2D features during
the training of a small network with a task-specific objective function.
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3 Background and Preliminaries

Recent research [2}/13)32] has demonstrated how vision-language models designed
for image object detection and segmentation can be applied to segment parts
in 3D objects. The main idea involves rendering a 3D model from various view-
points, performing 2D detection or segmentation for the rendered image at each
view, and then combining the 2D segmentation results over the 3D model.

Specifically, SATR [2] utilizes GLIP [25] as the 2D detection model. To obtain
2D bounding boxes for each of the specified part names, it feeds a concatenated
list of these part names (separated by commas) as the input prompt to the pre-
trained GLIP model, along with a rendered image. The 2D bounding boxes are
then mapped to a single face of the input 3D mesh, located at the center of
the respective 2D bounding box, and the part names are propagated through-
out the entire mesh based on geodesic distances. Similarly, PartSLIP [32] also
leverages GLIP [25] for 2D detection but employs a different voting scheme for
the 2D bounding box integration over the 3D object, which utilizes the over-
segmentation of the input point cloud. One key distinction between PartSLIP
and SATR is that PartSLIP proposes to modify the GLIP model for domain
adaptation to the rendered images and text prompts used in 3D segmentation.
Specifically, the text prompt is given as a concatenation of part names in the
PartSLIP pipeline, which is not a typical and natural description of the object.
Therefore, it learns a category-specific constant offset vector for the language
embedding feature in the given pairs of prompts and rendered images, while
keeping the GLIP parameters frozen.

Our work builds upon the PartSLIP pipeline. In the following subsections,
we describe the details of its major components: the voting scheme, and the
finetuning process.

3.1 PartSLIP |32]

The main technical components of PartSLIP are the 1) voting scheme based on
super points and 2) adaptation to text promptsﬂ We describe the details of each
component below.

Voting for Super Points. PartSLIP first over-segments the input 3D object
represented as a point cloud P into a set of super points P; C P, which provide
geometric priors for the boundaries of the parts. The 3D object is rendered into
K viewpoints, and the 2D bounding boxes for each image are predicted using
GLIP [25]. Let B denote the entire set of 2D bounding boxes from all views,
and Bj; C B indicates a subset that includes the bounding boxes classified as
the j-th part label from the k-th view. Vi : P — {0, 1} is a function indicating
whether the input point is visible from the k-th viewpoint. Also, for each 2D

1 Although multi-view feature aggregation is also introduced, the improvement by
this component is marginal, and the author of PartSLIP also did not include this
component in their official code. Therefore, we will omit this part in our review.
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bounding box b € B, I, : P — {0,1} is a function indicating whether the input
point is included in the bounding box b. Given these, the voting aggregating the
semantic labels of the 2D bounding boxes to the 3D point cloud is performed by
calculating the following score s;; for each pair of the i-th super point and the
j-th label:

o — 2ok Z;DEPi Vi(p) (maXbG(Bij{b@}) Ib(p))
Y >k 2pepr; Vi(p) ’

where by is a null bounding box, and we assume that I, for the null bounding
box returns zero for any input point (simplifying notations for the case when
Bjr = 0). Note that this s;; € [0,1] denotes the ratio of visible points from
each view included in any of the 2D bounding boxes labeled with the j-th label.
Finally, for each ¢-th super point, the label with the highest score s;; across all
the labels is assigned to the super point. Exceptionally, if the highest score is
less than a null label threshold sy, which is set to 0.5 in our experiments, the
null label is assigned to the super point.

(1)

GLIP Finetuning. While GLIP demonstrates impressive generalizability for
unseen images and prompts, it still has limitations when it comes to handling
synthetic images and text prompts, such as the rendered images and sequences
of part names used in the PartSLIP pipeline. To address this, the authors of
PartSLIP propose adding small, learnable parameters to the GLIP model while
keeping all the pretrained GLIP parameters frozen. These new parameters are
learned with very few-shot examples: 8 annotated 3D objects per category. They
represent offset feature vectors for each part name and remain constant as global
variables for each category, rather than changing for each input. This adaptation
of GLIP significantly improves the accuracy of 3D part segmentation.

Instance Segmentation. The voting scheme described above is designed for
semantic segmentation, but PartSLIP also introduces a straightforward merging-
based method to achieve instance segmentation based on semantic segmentation.
To obtain instance segments, it merges adjacent super points under two condi-
tions: 1) they share the same semantic label, and 2) they are either both included
or both excluded for all bounding boxes.

4 PARTSTAD: Task Adaptation for 2D-to-3D

PartSLIP has demonstrated that adapting a 2D detection model for 3D seg-
mentation with a small set of trainable parameters can significantly enhance 3D
segmentation performance. However, we observe that PartSLIP’s adaptation is
limited to domain adaptation, where it learns new parameters using synthetic
images and data used in the PartSLIP framework without altering the objective
function during training.

When applying the 2D segmentation model to 3D segmentation, it is im-
portant to note that not only does the data domain change, but the task itself
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Figure 2: Overall pipeline of PARTSTAD. Our approach begins by rendering
the provided 3D point cloud from multiple viewpoints. Subsequently, we extract 2D
bounding boxes for its parts using GLIP |25] (Bounding Box Prediction); note that we
utilize the finetuned GLIP model from PartSLIP [32]. Following this, we convert the
bounding boxes into segmentation masks using SAM [20], extracting the foreground
region for each bounding box (SAM Mask Integration). Next, we predict weights for
all the masks and adaptively combine them into a 3D representation (2D-to-3D task
adaptation). The final step involves obtaining the segmentation label for the input point
cloud. The GLIP and SAM models are frozen, while only our novel weight prediction
network is trained per category in a few-shot setting (8 objects).

changes. Therefore, through the process of incorporating 2D bounding boxes
into the 3D object, the 2D bounding box prediction model must align with our
ultimate goal: 3D part segmentation.

To address this, we introduce Part Segmentation Task ADaptation method, PART-
STAD, a task adaptation approach designed to finetune the 2D segmentation
model for 3D part segmentation. In Sec. we introduce our objective func-
tion to finetune the GLIP for the 3D segmentation task. In Sec. we describe
how we adapt the pretrained GLIP model with the new objective function by
introducing additional learnable parameters and modifying the voting scheme
(Eq. . PartSLIP also faces a performance limitation due to the GLIP that
provides 2D bounding boxes, not 2D segments. In Sec. we also propose to
combine the SAM [20] foreground mask for each bounding box to obtain more
precise 2D segments and, consequently, further improve the 3D segmentation.

4.1 3D mRIoU Loss

We begin by describing the loss function that we use for adapting the GLIP to
the 3D segmentation task. Let 1; and ij e {0, 1}'7)‘ be binary vectors indicating
whether each point p in P has the j-th label in the ground truth and label pre-
diction, respectively. The mean Intersection over Union (mlIoU) for the predicted
3D segmentation, the standard evaluation metric for 3D segmentation, is defined
as follows:

171

il + Il =17

wloU (1), () = 37 - , @)
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where M is the number of labels.

Our goal is to use the 3D mloU as the objective function directly when
adapting the GLIP model. However, the mIoU is non-differentiable. Thus, we
employ a relaxed version known as mean Relaxed IoU (mRIoU) 24165, which
simply allows the predicted indicator vectors ij to be non-binary: ij € [0, 1]|P|.
The loss Lriou is specifically defined as follows:

Lumriou = 1 —mloU({L;}, {1;}). (3)

In the supplementary material, we demonstrate that the choice of the loss
function, as compared to other alternatives such as the cross-entropy loss, is
crucial to achieving a substantial improvement in our task adaptation.

Note that in the PartSLIP framework, where super points are utilized in 3D
segmentation, and s;; € [0, 1] indicates the likelihood of the i-th super point
belonging to the j-label, the mRIoU can be calculated by defining ij based on
S; = [Slj, 8§25, ]T as follows:

I = Ms;, (4)

where M € {0, 1}/PI*I{F:} is a binary matrix that describes the memberships
from each point to the super points.

4.2 Bounding Box Weight Prediction

A typical approach for adapting a pretrained model to a new task would be fine-
tuning the model using an objective function tailored to that new task. However,
the finetuning method generally fails to yield meaningful improvements, espe-
cially when the goal is to achieve few-shot adaptation (e.g., with only 8 annotated
3D objects per class, as done in our case), while the pretrained model has been
trained on an extensive dataset. To address this challenge, recent works like
LoRA [16] and PartSLIP [32] have introduced the concept of adding small learn-
able parameters while keeping the existing pretrained model parameters frozen.
This approach not only makes training very efficient but also enables the model
to generalize effectively to unseen data.

While we also follow this approach, our specific challenge arises from the
fact that when we use the 3D mRIoU (Eq. [3) as the objective function for 3D
segmentation, it becomes non-differentiable with respect to the 2D bounding box
location, which is the output of GLIP. This non-differentiability arises from the
computation of the score s;; (Eq.[1]) for each pair of super point and label.

To address this, we propose training a small network that does not refine
the location but instead predicts a weight for each 2D bounding box, taking the
learned features of the boxes as input. If we denote the output weight of the
network for bounding box b as W(b) € R, the score s;; for a pair of super point
and label is modified to §;; as follows:

o 2k 2pep, Vi(p) (maxse(s, o) B(IWE)
Y 2k ZpEPL- Vi(p) .

()
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Note that the change is simply to multiply the weight W(b) by I(p), while only
I(p), indicating whether the point p is included in bounding box b, has been
used in Eq. 1} This modified score no longer falls within the range of [0, 1]. The
final score 5;; is thus defined by normalizing 5;; using the softmax function over
the set of labels:

B exp(8;;)
Sii — — - - (6)

T exp(8ig)
We additionally propose to make the unnormalized score for the null label 5y
learnable in our case, initialized with 10. We thus compute the softmax above
while including Sy. The label of each super point is still chosen as the label giving

the highest score 5;;, becoming null if the normalized null label score 53 becomes
the highest.

Network Architecture. We design the weight predictor network to take the
bounding box feature vectors fj, from the pretrained GLIP model as input. The
feature vectors of all bounding boxes across all views are fed to the network
at once and processed with a small shared two-layer MLP. Context normal-
ization [64] is added in the middle of the two layers to incorporate contextual
information from the global set of boxes for each box. The output of the MLP
for each bounding box is further processed with the following modified ReLU
function ¢(-):

¢(x) = max (7 + x,0), (7)

where 7 is a user-defined constant offset (10 in our experiments).

4.3 SAM |20] Mask Integration

Another limitation of PartSLIP is its reliance on GLIP |25] for 2D segmentation.
Since GLIP is, in turn, a 2D object detection model, it produces bounding boxes
instead of 2D segments, which cannot provide accurate boundaries of segments.
We propose to address this issue by incorporating another pretrained 2D seg-
mentation model, SAM [20]. SAM has the functionality of taking a bounding
box as input and producing the foreground mask. Using this, we replace the set
of 2D bounding boxes B with a set of 2D masks, while preserving the remaining
steps in the framework. Note that the point-to-bounding-box membership I, is
changed to point-to-mask membership, and we still use the same bounding box
features extracted from GLIP corresponding to each mask to train the weight
prediction network. We demonstrate the effectiveness of applying the SAM mask
in our experiments in Sec. [

5 Experiment Results

In the experiments, we compare our method with the SotA 2D-prior-based zero-
shot/few-shot 3D segmentation models using the PartNet-Mobility [56] dataset
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Figure 3: Qualitative comparison of semantic segmentation results. Our PARTSTAD
segments 3D parts more precisely with clearer boundaries, even for small (Camera,
Chair) and thin (Clock) parts.

Table 1: Quantitative comparison of the semantic segmentation results (mIoU(%)) on
the PartNet-Mobility dataset. Ours achieves a 7.0%p improvement in average mloU
compared to PartSLIP , the SotA few-shot 3D segmentation method, while consis-
tently increasing mIoU across all categories. Please refer to the supplementary material
for the complete table with results for all 45 categories.

Method ‘ mloU Fi?:;:iie Table Chair Switch Toilet Laptop USB Remote Scissors
SATR 29.3 20.6 23.3 33.1 21.4 17.6 11.2 30.2 17.2 36.8
SATR [2|+SP 34.8 28.9 28.0 37.7 37.0 221 12.4 334 280 43.0

58.0 52.3 44.6 828 52.1 504 31.2 521 36.6 614
Ablation Study

w/o Weight Pred“ 61.9 ‘ 56.6 45.0 850 51.9 56.6 31.5 571 36.6 60.8

PartSLIP

w/o SAM Integ. 62.1 54.0 45.7 831 53.0 494 33.6 53.6 46.8 67.5
PARTSTAD (Ours)‘ 65.0‘ 59.5 47.8 85.3 57.9 57.5 34.6 59.9 53.4 68.5

and OmniObject3D dataset. In the supplementary material, we present
additional results on the ablation study, outcomes with scanned data, and com-
prehensive results covering all PartNet-Mobility categories.

5.1 Experiment Setup

Dataset. We use the PartNet-Mobility dataset, which is also used in the
experiments of PartSLIP . The PartNet-Mobility dataset includes 45
object categories. For each category, the training split includes 8 shapes, while
the test split has a range of the number of objects from 6 to 338, totaling 1,906
objects across all 45 categories. Following PartSLIP, 8 shapes from the test set
of each category are designated as the validation set. To obtain the 2D bounding
boxes for each object, we use 10 images from fixed viewpoints across all our ex-
periments. Note that the PartNet-Mobility dataset is identical to the subset
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of PartNet-Ensembled dataset used to train and evaluate PartSLIP [32]|. (The
remaining part of PartNet-Ensembled was only used to train other supervised
baseline models, not PartSLIP [32].)

Evaluation Metrics. As evaluation metrics, we employ the mean Intersec-
tion over Union (mIoU) metric for semantic segmentation and mean Average
Precision (mAP) for instance segmentation.

For semantic segmentation, the average mIoU over the entire dataset is com-
puted by first calculating it per semantic part, averaging them across the parts
in the same category, resulting in category-level mIoU, and then averaging the
category-level mIoUs again across all the categories.

For instance segmentation, we compute two types of mAP: part-aware mAP
and part-agnostic mAP. For part-aware mAP, similar to mloU in semantic seg-
mentation, we first calculate the mAP for each semantic part with instances
having the part label. We then average them for each category, and then across
categories. For part-agnostic mAP, we do not consider the semantic labels and
directly compute the category-level mAP with part instances in the same object
category, and then average them. All mAP values correspond to mAP5y with an
IoU threshold of 50%.

Baselines. We compare our method with three baselines: PartSLIP [32], SATR 2],
and SAM3D [63].

— PartSLIP [32] is the method that we adopt as our base. Note that PartSLIP
uses a finetuned GLIP model, and we also employ the same model in our
framework to extract bounding box features for our task adaptation.

— SATR [2] is similar to PartSLIP, conducting 3D segmentation using 2D
bounding boxes from GLIP [25]. However, SATR differs from PartSLIP in
four key aspects: 1) it does not involve finetuning the GLIP model, 2) it does
not utilize super points, 3) it is designed for mesh segmentation, not point
cloud segmentation, and 4) it employs a distinct approach for integrating
2D bounding boxes into 3D (label propagation). To ensure a fair compar-
ison between our method and SATR, we implement the following changes
to SATR. First, since we employ the GLIP model finetuned by PartSLIP in
our framework, we use the same finetuned model within the SATR frame-
work. Second, we convert the point cloud input to a mesh, performing mesh
segmentation with SATR, and apply the results to the input point cloud
by finding the closest vertex for each point. Lastly, we introduce a version
of SATR using super points, resulting in a comparison between our method
and two versions of SATR: one without super points (denoted as SATR) and
one with super points (denoted as SATR+SP). Since SATR does not per-
form instance segmentation, our comparison with it is focused on semantic
segmentation.

— SAMS3D |63] is another zero-shot 3D segmentation method using a 2D
segmentation model, not GLIP [25], but SAM [20]. Since it only performs
instance segmentation but does not label each segment, we compare our
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method with it only for instance segmentation, using the part-agnostic mAP
metric.

Ablation Study. We also conduct an ablation study, comparing our method
with two major components being ablated: the weight prediction (Sec. and
the SAM mask integration (Sec. . In the supplementary material, we
also compare our method with cases using cross-entropy loss instead of mRIoU
loss (Sec. and using GLIP bounding box confidence score instead of our
learned weights in the weighted voting (Sec. . Note that if both weight pre-
diction and SAM mask integration are excluded, our PARTSTAD is identical to
PartSLIP [32].

5.2 Semantic Segmentation Results

Tab. [I] and Fig. [3] present the quantitative and qualitative comparisons of part
semantic segmentation results, respectively. Please refer to the supplementary
material for the complete table encompassing all 45 categories. In comparison to
PartSLIP [32], a SotA few-shot 3D segmentation method, we achieve a significant
7.0%p mlIoU improvement over the entire set of 45 categories. Furthermore, for
each specific category, we consistently demonstrate improvement, surpassing by
more than 15%p in some categories (e.g., Remote). Qualitatively, the results also
highlight the effectiveness of our task adaptation and the SAM mask integration
in segmenting parts more precisely, even for small (e.g., Camera, Chair) and thin
(e.g., Clock) parts of objects.

SATR exhibits inferior performance, even when leveraging the finetuned
GLIP model and super points (see SATR+SP results) due to the label-propagation-
based 2D bounding box integration, which often fails to provide clear boundaries
in 3D segmentation, as illustrated in Fig.

The ablation study results demonstrate the influence of each major com-
ponent in our framework. The quantitative findings indicate that the weight
prediction network plays a crucial role in substantial improvement, leading to a
3.1%p decrease in average mloU when it is ablated. The SAM mask integration
also contributes significantly, resulting in a 2.9%p average mIoU decrease when
ablated.

5.3 Instance Segmentation Results

Following the instance segmentation idea of PartSLIP, we also perform instance
segmentation using our method and compare the quantitative results with those
of other methods in Tab. [2| and Tab. [3] reporting part-aware mAPs and part-
agnostic mAPs, respectively. Fig. [ also displays qualitative comparisons across
different methods. Please refer to the supplementary material for the complete
table of all 45 categories. Similar to semantic segmentation, ours achieves 4.0%p
and 5.2%p improvements for both average part-aware mAPs and part-agnostic
mAPs, respectively. Both the weight prediction network and SAM mask integra-
tion also exhibit meaningful improvements in performance, as their influence is
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Figure 4: Qualitative comparison of instance segmentation results shows that our
PARTSTAD successfully segments tiny 3D parts, such as the keys of keyboards and
buttons of remote controls, with clear segment boundaries.

Table 2: Part-aware mAPs(%) of the instance segmentation results on the PartNet-
Mobility dataset. Ours achieves 4.0%p improvement in mean part-aware mAPs com-
pared to PartSLIP , with consistent enhancements across all categories. Please refer
to the supplementary material for the complete table with results for all 45 categories.

St
Method ‘ mAP ‘Fur‘ifi:ije Table Chair Switch Toilet Laptop USB Remote Scissors

PartSLIP [32] | 41.6 | 29.1 326 822 212 362 17.8 209 19.9 23.6
Ablation Study

w/o Weight Pred. 44.7 33.8 30.8 82.5 22.2 40.8 244 174 20.3 25.5
w/o SAM Integ. 44.2 29.4 32.3 82.2 19.7 36.0 23.6 24.8 29.6 23.1

PARTSTAD(OurS)‘ 45.6‘ 35.5 33.2 82.5 22.1 40.6 28.9 26.5 33.7 26.5

Table 3: Part-agnostic mAPs(%) of the instance segmentation results on the PartNet-
Mobility dataset. Ours demonstrates 5.2%p improvement in mean part-agnostic mAPs
compared to PartSLIP , surpassing SAM3D with a mean mAP that is more than
three times larger. Please refer to the supplementary material for the complete table
with results for all 45 categories. (*SAM3D is a zero-shot method.)

Method ‘ mAP ‘ Fitr‘::ﬁje Table Chair Switch Toilet Laptop USB Remote Scissors
SAM3D* 12.1 1.2 10.6 5.5 5.4 3.7 1.5 22.6 1.0 7.2
PartSLIP 132 38.9 29.7 28.7 80.7 21.2 35.4 19.5 20.5 19.9 27.0

Ablation Study

w/o Weight Pred. 42.6 35.9 29.2 81.1 22.2 40.0 26.5 15.2 20.3 29.4
w/o SAM Integ. 42.6 34.8 27.6  81.2 19.7 36.6 274 27.3 29.6 24.9

PARTSTAD (Ours)‘ 44.1 ‘ 41.7 28.2 83.3 224 41.0 34.1 235 33.7 26.2

depicted in the ablation study results. Compared to SAM3D , whose part-
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Figure 5: Qualitative comparison of semantic segmentation results on Om-
niObect3D dataset, a high quality real scanned 3D objects dataset. Our PART-
STAD predicts precise boundaries, even in the case that the object has an appearance
significantly different from training data such as box category.

agnostic mAPs are shown in Tab. [3] our method achieves much better perfor-
mance with more than three times greater mAP. Qualitative results also illus-
trate the outstanding performance of our method, accurately identifying all the
tiny instances of parts, such as keys on keyboards, buttons on remotes, and clear
boundaries of these instances.

5.4 Part Segmentation with Real Scanned Dataset

Fig. |5| displays additional results on the OmniObject3D dataset, a high-
quality dataset featuring real-scanned 3D objects. We present qualitative results
only, as ground truth segmentation for OmniObject3D is unavailable. Note
that our PARTSTAD accurately identifies parts in real scans, demonstrating its
effectiveness beyond synthetic data. Particularly impressive is its performance
in the box category depicted in Fig. || where despite significant discrepancies
in appearance compared to the training data, PARTSTAD achieves remarkably
accurate predictions.

6 Conclusion and Future Work

We presented PARTSTAD, a task adaptation method for lifting 2D segmentation
to 3D. Instead of directly finetuning a 2D segmentation network, our method
learns a small neural network predicting weights for each 2D bounding box with
an objective function for 3D segmentation, and then performs 3D segmentation
via weighted merging of the boxes in 3D. We further improve the performance of
3D segmentation by integrating SAM foreground masks for each bounding box.
We achieve the SotA results in few-shot 3D part segmentation, demonstrating
significant improvements in both semantic and instance segmentations.

As PARTSTAD still depends on 2D representations for 3D predictions, its
understanding of 3D geometry is relatively limited, and thus it cannot account
for occluded or interior points, which poses a limitation. In future work, we plan
to further investigate combining our approach with the direct utilization of 3D
representations, such as leveraging 3D features, for more accurate predictions.
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