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Abstract

Recent works leverage pre-trained Vision-Language
Models (VLMs) for the 3D part segmentation task to al-
leviate the need for human-annotated labels, but suffer
from the multi-view inconsistency of VLM predictions.
To address this issue, we propose a bi-level optimiza-
tion algorithm to distill the generalizable 3D part seg-
mentation priors from pre-trained VLM, which resolve
the inconsistency among different views by integrating
the vision priors into a unified 3D part segmentation
model. Different from the common practice that distills
the task-relevant priors as a whole, we carefully design
the bi-level optimization algorithm and the 3D part seg-
mentation model to disentangle the distilled priors into
a category-agnostic feature extractor and a category-
specific part segmentation head, where the latter can be
quickly adapted to the unseen object category during in-
ference via only a few iterations on a retrieved support
set. We also propose a novel support set selection strat-
egy, which retrieves relevant and beneficial shapes for
the target object to enhance the fast adaptation perfor-
mance. The experimental results demonstrate that our
approach outperforms the existing methods on the 3D
part segmentation task and achieves robust generaliza-
tion performance on unseen object categories.

Keywords: 3D Part Segmentation, Shape Analysis,
Vision-Language Model, Deep Learning

1. Introduction

3D part semantic segmentation [ 14, 45] refers to the de-
composition of an object into multiple semantically and
functionally independent components. It involves the joint
geometric and semantic analysis of diverse shapes to predict
dense part labels. Most existing methods adopt a variety of
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annotated part segmentation datasets [2, 31, 68, 69] and de-
sign network architectures [16, 23, 27, 39, 55, 60, 74] to
extract geometric and semantic features. However, due to
the significant variations in part semantics, shapes, sizes,
and functions across different object categories, current ap-
proaches still suffer from poor generalization capabilities.

Recent research has leveraged large pre-trained Vision-
Language Models (VLMs) [19, 22, 34, 42] to address the
generalization issue. The common practice [25, 72, 75, 76]
is to render 3D objects as multi-view images, perform part
localization or segmentation on the 2D images, and aggre-
gate them to form 3D part segmentation results. These
approaches enable open-vocabulary 3D part segmentation
without requiring any 3D semantic annotations. However,
the inconsistent semantic labels of multi-view images often
lead to missing small parts and inaccurate segmentation re-
sults. On the other hand, some works [3, 28, 56] distill 3D
priors by using VLM-generated 2D annotations as supervi-
sion signals, thus eliminating multi-view inconsistency dur-
ing the segmentation inference. They also avoid the need
for human-annotated part labels, but rely on a large number
of 3D shapes to conduct cross-modal knowledge distilla-
tion, such as the per-category distillation in PartDistill [56]
or the large-scale multi-category distillation in Find3D [28].
The high cost of cross-modal distillation hinders the seg-
mentation model from quickly adapting to unseen object
categories or segmentation at varying granularities.

In this paper, we propose a novel cross-modal distillation
approach for generalizable 3D part segmentation. The key
challenge is how to distill a generalizable part segmentation
prior from the pre-trained VLM to accommodate the un-
seen object categories. To address this challenge, we care-
fully design the bi-level optimization algorithm and the 3D
part segmentation model to disentangle the distilled priors
into a category-agnostic feature extractor and a category-
specific part segmentation head, where the latter can be
quickly adapted to the unseen object category during infer-



ence via only a few iterations on a retrieved support set.
The bi-level optimization conducts the cross-modal distilla-
tion with an outer loop and an inner loop, where the outer
loop iterates over all training samples and optimizes the pa-
rameters of the class-agnostic module, and the inner loop
leverages the retrieved support set for each target object to
adapt the category-specific segmentation head to the target
category. We also propose a support set selection strategy
to retrieve relevant shapes based on a novel criterion, which
effectively augments visual reference information for fast
adaptation during inference and enhances the part segmen-
tation accuracy for the target object.

Our method can effectively leverage the capabilities of
pre-trained Vision-Language Models (VLMs) for general-
izable 3D part segmentation. First, by distilling the visual
priors of object parts into the 3D segmentation model, our
method avoids inconsistencies caused by multi-view im-
age understanding and obtains more accurate 3D segmenta-
tion results. Second, we disentangle the class-agnostic and
class-specific part priors during cross-modal distillation, en-
abling our method to quickly adapt to unseen object cate-
gories with only a few iterations of the class-specific seg-
mentation head during inference. Furthermore, we design
a retrieval-augmented strategy to select a small support set
for co-segmentation iterations of the category-specific seg-
mentation head. This strategy effectively augments visual
reference information for fast adaptation and enhances part
segmentation accuracy for the target object. And it is flexi-
bly suitable for different scenarios: it can effectively lever-
age few-shot examples to form the support set, or construct
it with 3D generative models to fit the zero-shot setting.

Our contributions are summarized as follows:

* We propose a bi-level optimization approach to distill
generalizable 3D part segmentation priors from pre-
trained 2D VLM, which eliminates the need for large-
scale human annotations while enabling a fast adapta-
tion to unseen object categories.

* We propose a novel criterion for the support set se-
lection during the optimization, which provides aug-
mented references to further enhance the part segmen-
tation accuracy during the fast adaptation.

» Extensive experiments demonstrate that our approach
outperforms the existing methods on the 3D part seg-
mentation task and achieves robust generalization per-
formance on unseen object categories.

2. Related Works
2.1. Deep-learning-based 3D Part Segmentation

Deep-learning-based 3D part segmentation approaches
represents 3D objects as voxels [27, 62], point clouds [23,

, 61, 63], meshes [11, 16], etc., and design network ar-
chitectures to extract dense features and predict part seg-
mentation labels. Regarding the popular point cloud repre-
sentation with inherent irregularity and unordered property,
early approaches such as PointNet [39] and PointNet++ [40]
process point clouds using multilayer perceptrons (MLPs)
to encode individual points and max-pooling operations to
ensure permutation invariance. PointCNN [23] and Spi-
derCNN [65] extend the conventional convolution operator
to irregular point clouds. Further, PointConv [63] imple-
ments the continuous convolution via Monte Carlo approxi-
mation with density-aware weighting, while KPConv [55]
employs deformable kernel points to dynamically fit lo-
cal surfaces. On the other hand, some works construct
varying neighborhoods from point clouds. For example,
DGCNN [60], GAC [58], and PU-GCN [41] leverage dy-
namic graph neural networks to capture local geometric
structures. Recently, Point Transformer [74], PCT [10] and
Stratified Transformer [2 1] extract global and local geomet-
ric features via hierarchical self-attention mechanisms to
enable adaptive feature aggregation. However, the afore-
mentioned approaches heavily rely on the large-scale an-
notated datasets [31], causing poor generalization perfor-
mance to unseen object categories that exhibit significant
variation in part composition.

Due to the lack of large-scale part annotations, some
works investigate weakly supervised or self-supervised
learning to mitigate 3D data scarcity. For example, [4, 5, 33]
leverages network bias of autoencoders designed for im-
plicit field representation of 3D objects to achieve joint
shape segmentation and reconstruction without any part an-
notations. But it is difficult to guarantee that the segmented
parts are semantically meaningful. On the other hand, [48]
leverages part annotations from a small dataset and adopts
a co-segmentation paradigm to learn part segmentation pri-
ors. [59] constructs a small set of well-annotated part seg-
mentations as templates and deforms the target shape to
fit the templates to transfer part labels. Overall, the care-
fully annotated representative shape templates are still es-
sential for weakly supervised methods, preventing them
from quickly adapting to unseen categories.

2.2. VLM-based 3D Part Segmentation

With the emerging pre-trained Vision-Language Mod-
els (VLMs), recent studies have sought to leverage their
open-vocabulary 2D understanding capability to facilitate
3D part segmentation and thereby overcome the lack of
large-scale 3D part annotations. The common practice in-
volves projecting 3D objects onto 2D images and then back-
projecting the part grounding or segmentation results from
these 2D projections to 3D objects. For example, Part-
SLIP [25] adopts GLIP [22] to detect part-specific bound-
ing boxes from multi-view images and aggregates them



into 3D part segmentation results through superpoint group-
ing. Further, PartSLIP++ [75] integrates SAM [19] to gen-
erate precise pixel-wise 2D segmentation masks and pro-
poses an Expectation-Maximization algorithm to convert
multi-view 2D masks to 3D part segmentations through it-
erative refinement. Similarly, SATR [1] exploits the topo-
logical properties of meshes to produce fine-grained seg-
mentation from multi-view images. And some other stud-
ies [9, 18,28, 37,52, 54, 67] attempt to use more diverse 2D
priors [19, 34, 43] to infer 3D part segmentations. However,
the content occlusion and inconsistent detections between
multi-view images often cause incomplete and inaccurate
part segmentation results.

On the other hand, some works use cross-modal knowl-
edge distillation [26, 29, 44, 66, 73] to leverage pre-trained
VLMs for 3D semantic segmentation tasks. The goal is
to take advantage of the modality with rich-labeled data
(i.e. images) to alleviate data shortage in the target modal-
ity (i.e. 3D point clouds). For example, OpenScene [36]
directly aligns 3D point clouds and 2D images to the
multimodal feature space of CLIP [42]. CLIP2Scene [3]
transfers CLIP’s pre-trained knowledge of 2D image-text
alignment to a 3D point cloud network and enforces se-
mantic and spatial-temporal consistency regularization. In
terms of 3D part segmentation, PartDistill [56] proposes a
bidirectional distillation framework that transfers category-
specific knowledge from GLIP [22] to a 3D part segmen-
tation model. Find3D [28] employs a data engine to con-
struct large-scale synthetic part annotations with pre-trained
VLMs and trains a 3D model using contrastive loss. Since
all cross-modal distillation approaches require large-scale
unannotated shape datasets for training, the core challenge
remains how to quickly adapt to unseen object categories.

2.3. Fast Adaptation

Fast Adaptation [20, 24] aims to quickly adapt a pre-
trained model to a new task or an unseen data domain.
In the era of large models, parameter-efficient fine-tuning
(PEFT) [13, 15] updates only a subset of a large model’s
parameters for fast adaptation, while maintaining the rest
unchanged to retain the pre-acquired knowledge. In 3D
understanding tasks, recent approaches often employ large
models pre-trained on 3D data for feature encoding and ap-
pend a small adapter for downstream tasks, such as Open-
Scene [36] and PartDistill [56]. However, they require a
moderate-sized dataset to train the adapter from scratch,
which is unavailable for unseen object categories in the
open-vocabulary 3D part segmentation task.

On the other hand, the goal of Fast Adaptation aligns
closely with the “learning to learn” paradigm of meta-
learning [17], which learns prior knowledge to guide the
model in learning new tasks efficiently. Among the related
works [7, 8, 30, 32, 47, 50, 57], a widely adopted algorithm

is Model-Agnostic Meta-Learning (MAML) algorithm [7],
which learns a universal parameter initialization through the
bi-level optimization. This learned initialization serves as
a strong prior, allowing the model to rapidly converge on
unseen tasks with only a few iterations. Therefore, this al-
gorithm has been applied to shape reconstruction [46, 51]
and segmentation [12] to quickly adapt to unseen object
instances. However, the cross-category generalization re-
mains challenging due to large variation among part com-
positions of different categories.

By contrast, our approach takes the merits of both direc-
tions for fast adaptation. Our model starts with a frozen pre-
trained model for point cloud feature encoding, which effec-
tively narrows down the cross-modal domain gap between
3D objects and their rendered images. We then adapt the bi-
level optimization of MAML to disentangle class-agnostic
priors and class-specific initialization priors into different
modules so that it can quickly adapt to unseen object cate-
gories with only a few iterations at inference time.

3. Method
3.1. Overview

Our approach aims to distill generalizable 3D part seg-
mentation priors from pre-trained 2D VLM for point clouds.
This goal necessitates the distillation approach to hold two
key characteristics. First, it should learn the general 3D seg-
mentation priors that are irrelevant to specific object cate-
gories to facilitate generalization. Second, it should be ca-
pable of rapidly adapting to the semantic segmentation of
unseen object categories with low time and data costs.

In this work, we propose the bi-level optimization algo-
rithm and 3D part segmentation model to disentangle the
category-agnostic and category-specific priors during cross-
modal distillation. The 3D part segmentation model is com-
posed of three modules to learn the priors with different lev-
els of generalization and is trained with the VLM-generated
predictions, as described in Section 3.2. During the cross-
domain distillation, the bi-level optimization conducts the
outer loop to iterate over all training samples and optimize
the network parameters of the 3D part segmentation model.
Within the outer loop, the inner loop initializes the segmen-
tation head module with current parameters and performs a
few iterations to quickly adapt to the semantic category of
each target shape. The training and inference processes of
the cross-modal distillation are introduced in Section 3.3.
To further enhance the part segmentation accuracy on un-
seen categories, we retrieve a support set for each target
shape to assist the iterations of the inner loop for the fast
adaptation during inference. A novel criterion for the sup-
port set selection is proposed to ensure relevant and diverse
visual reference information, as described in Section 3.4.
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Figure 1: The bi-level optimization pipeline of our approach. The outer loop iterates over each training sample and optimizes
the parameters of the class-agnostic feature extraction module. Within each iteration of the outer loop, we select the support

set for the target shape and optimize the category-specific

segmentation head module with a few iterations to adapt to the

category of the target shape. This bi-level optimization enables us to disentangle the category-agnostic and category-specific
priors during cross-modal distillation, thus generalizable to unseen categories during inference.

3.2. 3D Part Segmentation Model

Given the point cloud of the target object and the asso-
ciated part labels, the 3D part segmentation model aims to
predict the part probability for each point. Our model con-
sists of three modules. The first is a point cloud encoder,
which is pre-trained on a large-scale dataset and frozen
throughout our framework. Its role is to extract per-point lo-
cal features for the input point cloud. The local features are
then concatenated with the original point cloud and fed into
the second module, i.e. category-agnostic feature extrac-
tor. This extractor is implemented as two consecutive Point
Transformer blocks [74], which employ the self-attention
mechanism over 16-nearest neighbors for each point with
trainable relative position encoding, along with the resid-
ual connections and pointwise MLPs to refine the features.
Finally, the third module, i.e. the segmentation head, is im-
plemented as a two-layer MLP which takes the extracted
features as input and predicts the pointwise part probabili-
ties as the final output. In summary, the network processing
can be formulated as

Y:f(57ﬂ-70790)1 (1)

where S is the input point cloud. 7, 6, and ¢ denote the
network parameters of the encoder, feature extractor, and
the segmentation head modules. Y represents the predicted
pointwise part probabilities.

Our 3D part segmentation model is supervised by
the VLM-annotated dataset, eliminating the need for the
human-annotated part labels. We adopt the distillation loss
proposed in [56]. Specifically, for each point cloud in the

training set, we render it into multi-view images, then use
the pre-trained GLIP [22] to detect the part bounding boxes
in each image. For example, assuming the point cloud S €
RN 3 of an object with R semantic parts and D bounding
boxes detected from V' rendered images, we can apply the
2D-to-3D back-projection to construct the pseudo ground-
truth labeling C = {(M?,Y4)}D_ . Here M? € {0,1}V
is the mask indicating whether a point is associated with the
dth detected bounding box, and Y¢ € RV *% denotes the
pseudo ground-truth probability of each point belonging to
each of the R semantic parts. Note that the validity of Y'? is
indicated by M?: points masked out by M have the prob-
ability of being zero for all part labels and the rest points
share the part probability of this bounding box. Hence, the
distillation loss can be formulated as

log (Ym) ,

N R
D> M
n=1r=1 (2)

where Y is the predicted part probabilities of the input point
cloud. H{ = max, (Y,!,) indicates the highest ground-
truth part probability of the dth bounding box, and fo’r in-
dicates whether the rth part is the most probable part of
the dth bounding box. In this way, although the VLM-
processed pseudo labels are noisy and inconsistent, this dis-
tillation loss aligns the model with high-confidence labels
to learn the 3D part segmentation prior from the large-scale
3D shape dataset.
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3.3. Bi-Level Optimization Training Strategy



Algorithm 1 The training process of the proposed method

Input: p(7): data distribution of training set;
«: inner-loop learning rate;
B: outer-loop learning rate;
K inner-loop iteration number;
m: network parameter of point cloud encoder;
M: support set size.
Output: 0: network parameter of feature extractor;
©: network parameter of segmentation head.
1: Randomly initialize 6 and ;
2: while not done do
3: /I T; denotes the 3D shape and C; is the VLM-based
pseudo ground-truth
4. Sample batch of training data (7;, C;) ~ p(T);
5: Louter — O;
6:  // The start of outer loop
7. for all (7;,C;) do
8 Retrieve the support set (S; j, C; ;) jj\il;
9

: Yo < ¥
10: /I The start of inner loop
11: fork=1,2,--- ,Kdo
12: /I The loss for all the shapes in the support set
13: Linner < ZJIVL1 L (f(Si,ja T 07 @k—l); Oi,j);
14: Update ¢ < ¢r—1 — oV, | Linner;
15: end for

16: Louter — Louter +L(f(7;77r79590K)aCi);
17:  end for

18:  Update 0 <— 0 — BV Loyter;

19:  Update ¢ < ¢ — 8V, Loyter;

20: end while

21: return 6, p;

The training stage utilizes all the shapes across diverse
categories in the training set. Due to variations in part
composition among different object categories, existing 3D
part segmentation networks often predict probability vec-
tors with a dimension equal to the total number of parts in
the dataset. This hinders the generalization to unseen ob-
ject categories: the network cannot dynamically extend the
pre-defined part label collection during inference.

To tackle this issue, we set the segmentation head to
predict the probability vectors with a dimension equal to
the maximum number of parts across all categories in the
dataset. The network parameters of the segmentation head
can dynamically adapt to the semantic labels of the object
category corresponding to each shape. This leads to our bi-
level optimization algorithm during training.

3.3.1 Training Algorithm

Algorithm 1 illustrates the bi-level optimization algorithm
for the training, given the training set composed of the

3D shapes and their corresponding VLM-generated pseudo
ground-truth labeling. The point encoder is initialized with
a pre-trained model for point clouds and frozen during train-
ing. In our implementation, we use the multi-scale masked
autoencoders Point-M2AE [71]. The feature extractor and
segmentation head are randomly initialized. Then we sam-
ple the data batches from the training set and conduct the
bi-level optimization for each batch. During the optimiza-
tion, the outer loop enumerates all the data in this batch and
update the network parameters based on their losses, while
the inner loop adapts the segmentation head to the object
category of each training data via a few iterations.

Outer Loop. In each iteration of the outer loop, we eval-
uate the segmentation results with the current network and
update the network parameters based on the loss function.
Specifically, for each training data in the batch, the outer
loop retrieves relevant shapes from the training set to form
its support set, which is described in Section 3.4. Note that
the support set includes the training data itself. Then we
conduct an inner loop, which takes the current segmenta-
tion head as initialization ¢ and iteratively updates it K
times based on the support set to obtain @ . After the inner
loop, we use the current network with the updated segmen-
tation head ¢ to compute the predicted segmentation and
the corresponding loss, denoted as Lyyter, to train the 3D
part segmentation model.

Inner Loop. For each training data, the inner loop
quickly adapts the segmentation head based on its support
set via a few iterations. Specifically, in the kth iteration of
the inner loop, it enumerates all the shapes in the support
set and computes the predicted segmentation with the cur-
rent network parameter. The distillation loss regarding the
predicted segmentations is computed and used to update the
segmentation head only, with the rest of the network param-
eters unchanged throughout the inner loop. In summary,
each iteration in the inner loop can be formulated as

Li’ﬂne’f = Z L (f(Sl,ya , 37 L,Ok,]_), Ci7j) ) (3)
=1

]:
Pk — Prk—1 — avapk_lLinnera

where S; ; and C; denote the jth example in the support
set of the ith training data and its associated pseudo labels.

After the bi-level optimization, we obtain the trained net-
work parameters of the 3D part segmentation model. The
feature extractor learns the category-agnostic segmentation
prior since it is trained with the 3D shapes from diverse
object categories. The trained segmentation head acts as
a good initialization for the fast adaptation to unseen cat-
egories, since we conduct a separate inner loop for each
training data during training.
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Figure 2: The selected support sets (right) with different strategies for the target shape (left). The color indicates ground-truth

segmentation for a better visualization purpose.

3.3.2 Inference Algorithm

Given a 3D shape from the test set, we can retrieve the sup-
port set from the training set, similar to the training pro-
cess. Since the pseudo ground-truth data is generated by
the pre-trained VLM without human annotation, we pro-
duce the pseudo ground-truth for the test shape as well and
include it in the support set. Then we take the 3D part seg-
mentation model with the trained network parameters, and
perform an inner loop optimization based on the support set
to update the segmentation head. After the inner loop, we
use the optimized segmentation head to predict the segmen-
tation labels of the test shape as the final output.

3.4. Support Set Selection

During both the training and testing, for each target
shape to be segmented, we retrieve relevant shapes to form
the support set that serves in the inner loop for the fast adap-
tation of the segmentation head. The support set consists of
the retrieved 3D shapes and their VLM-generated pseudo
ground-truth labelings, whose selection influences the part
segmentation result.

A straightforward strategy is random selection, where we
randomly select M 3D shapes from the training set as the
support set for each target shape. Another alternative strat-
egy is the similarity-based selection. That is, we compute
the BPS feature [38] of the target shape and the shapes in
the training set. Then we select M training shapes based on
the cosine similarity of these BPS features.

We additionally propose a more powerful strategy named
part-perfect selection. Since the shape instances in one cate-
gory may exhibit different part composition, e.g. some chair
contain armrest while some not, and the role of the support
set is to enhance the category-specific prior of the segmen-

tation head, the shapes in the support set should provide the
information of diverse parts as much as possible. There-
fore, we collect all “part-perfect” shapes, i.e. the shapes
with maximum part instances across this category, and se-
lect shapes from this collection.

Specifically, the criterion for the “part-perfect” shapes is
defined as follows:

R

N
ratio = {Z Wn,r . |:Wn,7‘ = m’?X Wnk:| } (4)
n=1

r=1

where W, , = 25:1 Y,fl,r estimates the probability of the
nth point corresponding to part r, [-] is the Iverson bracket
(1 if the condition holds, 0 otherwise). This ratio represents
the point probabilities of each part, i.e. a rough estimation
of the point number for each point. Then we normalize
the ratio and filtering out the parts with probabilities be-
low 0.01. The left shapes are collected as the “part-perfect”
shapes. For each target shape, we compute the BPS fea-
ture similarity and select the most similar shapes from the
“part-perfect” collection as the support set. Moreover, if
the number of “part-perfect” shapes is smaller than the pre-
defined support set size, the remaining slots of the support
set are filled via similarity-based selection from the “non-
part-perfect” shapes. Figure 2 shows the selected support
sets with these strategies.

4. Experiments
4.1. Experiment Settings

Datasets. We run experiments on ShapeNetPart [68]
and PartNetE [25]. ShapeNetPart contains 16619 shapes
from 16 categories, split into 11955/1844/2820 samples



Table 1: Quantitative evaluation on the ShapeNetPart dataset, reported in mIoU(%). PartDistill-J and Ours-J denote the joint
training on all categories, while PartDistill-G and Ours-G are the generalization setting trained only on the seen categories.

Method ‘Airpl Car Chair Lamp Table Bag Cap Earph Guitar Knife Laptop Motor Mug Pistol Rocket Skate ‘ Overall
Find3D 15.42 15.64 31.68 25.42 51.56 10.50 14.00 57.41 30.71 27.67 27.74 12.12 19.72 22.83 22.85 58.00 33.40
PointCLIPv2 [33.45 27.21 51.55 44.68 61.14 60.36 52.90 56.52 71.45 76.72 61.53 31.48 48.00 46.07 49.58 43.90 51.79
PartSLIP 52.99 14.82 70.41 43.02 58.63 47.04 0.00 12.29 53.33 46.66 30.97 19.68 18.81 3.64 7.18 20.81 52.28
PartSLIP++ |30.60 7.18 54.63 24.34 40.86 3320 0.00 0.00 29.49 4821 1549 10.16 9.66 231 5.68 247 35.86
PartDistill-] |40.53 8.48 56.33 43.32 38.23 4525 20.02 11.89 51.89 64.09 57.34 23.71 53.22 8.68 27.19 16.08 42.99
Ours-J 66.18 28.90 82.56 45.66 54.93 66.64 20.85 30.37 86.99 84.40 92.36 31.57 42.73 29.08 45.25 12.61 62.90
Seen Categories Avg Unseen Categories Avg
PartDistill-G |47.04 10.87 58.52 43.39 34.78 43.17|15.51 27.31 12.10 15.66 11.38 24.95 8.30 31.96 12.75 21.16 6.46 16.31| 3842
Ours-G 67.72 29.98 84.37 46.24 52.56 62.12|78.01 23.28 19.16 73.47 79.84 89.16 20.08 52.24 22.58 44.53 10.81 60.47| 61.83

for train/val/test. PartNetE includes 2266 shapes cover-
ing 45 categories, which are collected from PartNet [31]
and PartNet-Mobility [64] datasets. We split the Part-
NetE dataset with a 7:3 ratio, with 1562/704 samples for
train/test. Additionally, we construct a validation set of 338
shapes by selecting 8 samples per category from the training
set or all samples if fewer than 8 exist.

Baselines. We compare with existing approaches on
open-vocabulary 3D part segmentation, namely PointCLIP
v2 [76], PartSLIP [25], PartSLIP++ [75], Find3D [28], Part-
Distill [56]. All these methods are training-free or trained
with VLM-generated annotations without human labeling.
In our experiments, we use their official implementation.
For PartDistill, which distills category-level part segmenta-
tion prior from the pre-trained VLM, we retrain it on the
same training and test sets as ours using their default set-
ting. We adopt the mean intersection over union (mloU) to
evaluate the segmentation results.

Implementation. Our framework is implemented with
PyTorch [35]. During training, the outer loop utilizes the
Adam optimizer with a learning rate of 1 x 10~%. It uses a
batch size of 8 and trains the network for 10 epochs. The
inner loop performs 5 iterations to obtain the final segmen-
tation results, with a learning rate of 0.1 for the gradient
descent. The training takes approximately 14 hours with a
single NVIDIA GeForce RTX 4090 GPU. During inference,
we execute the inner loop with 10 iterations with a learning
rate of 0.3, for a better adaptation to the target shapes. The
default size of support set is 8 during both the training and
inference. For each 3D shape, we render the raw object
(dense point cloud for PartNetE and mesh for ShapeNet-
Part) into RGB images from 10 fixed viewpoints around the
object similar to [25].

4.2. Comparisons

Since both PartDistill and ours distill the 3D part seg-
mentation prior from the pre-trained VLM with a collection

of training shape, we design two variants to better validate
the strength of our approach. One is the joint training on
all the categories and test on the unseen shapes of the same
categories, denoted as PartDistill-J and Ours-J. The other
is the generalization setting which trains on some selected
categories, i.e. those with more shape instances among all
the categories, while the test shapes come from both the
seen and unseen categories, denoted as PartDistill-G and
Ours-G. For both settings with our approach, we select the
support sets from the training set. The training samples of
unseen categories in the generalization experiments are only
used during inference, to form the support sets for the fast
adaptation. Note that the other approaches are designed for
generalization purpose, so we directly employ their default
setting to test all the categories.

Comparisons on ShapeNetPart. Figure 3 shows quali-
tative results on the ShapeNetPart dataset. Among these ap-
proaches, PartSLIP and PartSLIP++ frequently fails to as-
sign points to certain parts during segmentation (shown as
gray dots in the figure), which may be caused by GLIP’s in-
ability to recognize the object or its low confidence for some
bounding box predictions. On the other hand, although
PartDistill performs relatively well compared to PartSLIP
in joint training, in the generalization setting, PartDistill
performs poorly on unseen objects and often fails to pro-
duce meaningful segmentations. In contrast, our method
not only achieves suerior performance in joint training but
also maintains robust segmentation accuracy on unseen ob-
ject categories during generalization testing. Furthermore,
our method excels in segmenting the fine-grained compo-
nents, such as armrests of chairs, heads/tuners of guitars,
and nose cones of rockets, demonstrating superior capabil-
ity in handling small or intricate parts.

Table 1 reports the quantitative results on ShapeNetPart.
Our approach consistently outperforms the other methods,
especially exhibit significant improvement compared to the
most relevant approach PartDistill. For the joint training,



Ours-J PartDistill-J  PartSLIP++ PartSLIP ~ PointCLIPv2 Find3D GT

PartDistill-G

Ours-G

Figure 3: Qualitative comparison between our method and other approaches on ShapeNetPart dataset. For the last two rows
with the generalization experiment setting, the left five are from seen categories, while the rest are from unseen categories.

our method achieves 62.9% mloU on ShapeNetPart, out-
performing PartDistill by 19.91%. In the generalization
testing, the segmentation model is trained on only five cate-
gories (Airplane, Car, Chair, Lamp, Table) from ShapeNet-
Part, which contains 16 categories in total. Despite this, our
method achieves 60.47% mloU on unseen shapes, outper-
forming PartDistill by 44.16%.

Comparisons on PartNetE. Table 2 reports the quan-
titative results on the PartNetE dataset. Our approach
achieves the best performance with the joint training setting.
The generalization setting of our approach obtains com-
petitive performance compared to PartSLIP, but still sig-
nificantly outperforms the other methods. This is because
the network-based approaches, i.e. Find3D, PartDistill, and



Table 2: Quantitative evaluation on the PartNetE dataset, reported in mloU(%). PartDistill-J and Ours-J denote the joint
training on all categories, while PartDistill-G and Ours-G are the generalization setting trained only on the seen categories.

Method ‘ Cart Chair Eyegl Switch Table Bottle Box Knife Lamp Micro Print Remote Safe Sciss Stapl USB ‘ Overall
Find3D 20.07 21.40 31.60 25.48 18.27 13.10 18.14 12.12 1517 021 0.12 542 059 12.71 20.67 11.67 13.41
PointCLIPv2 [12.27 15.92 15.26 8.77 3.50 13.61 35.68 26.65 834 205 021 870 3.67 6.35 20.53 12.51 12.69
PartSLIP 79.31 7526 7.14 10.40 42.49 81.08 59.87 24.73 31.79 18.64 16.11 7.16 7.00 61.73 26.44 32.13 35.14
PartSLIP++ [29.22 40.85 9.49 0.00 16.49 39.91 37.00 24.24 27.84 0.00 0.00 0.00 2.74 50.87 22.95 12.04 15.60
PartDistill-] | 67.66 12.27 13.26 53.10 48.45 68.68 62.30 74.22 32.54 25.06 52.36 46.08 26.18 25.01 19.60 25.39 28.94
Ours-J 73.70 74.85 77.45 46.36 46.32 78.56 81.20 72.88 50.78 29.80 55.45 46.04 24.49 58.11 44.37 30.54 35.52
Seen Categories Avg Unseen Categories Avg
PartDistill-G |72.82 30.58 13.26 48.69 54.86 32.04|20.45 36.42 36.24 27.68 29.63 46.28 43.22 26.18 25.01 19.60 25.39 22.64| 26.90
Ours-G 77.17 76.53 85.94 53.47 50.83 40.65|77.37 79.86 50.32 51.73 29.68 55.45 46.32 19.97 49.66 32.43 25.93 30.52| 35.11

W
W

444

€ &

£8

et
.\. A STUS A, ‘ f;g tf
R AU 9
‘."‘ AN, 5-'.‘ : i §
GT (2048 points) el
PartDistill-G Ours-G

Figure 4: Qualitative comparison between our method and
other approaches on the PartNetE dataset. Our method of-
ten fails to distinguish the small parts with the sparse point
cloud as the input of the network, yet still outperforms most
of the existing methods.

ours, allocate the 2048 point clouds as inputs, while this
resolution is insufficient to reflect the shape feature of the
small-scale parts, which are typical cases in PartNetE. For
example, as illustrated in Figure 4, the handle of the table
only possesses three points (green dots) in the input point

Table 3: Ablation study on the bi-level optimization of the
proposed method, reported in mIoU(%).

Exp. | Support Bi-}eyel C-agnostic Ours-] Ours-G
Id Set Training Feature Seen Unseen
1 X X X 52.52 51.99 12.85
2 v X X 55.65 49.92 37.18
3 v v X 62.20 61.95 56.19
4 v v v 62.90 62.12 60.47

Table 4: Ablation study on the support set selection strategy
of the proposed method, reported in mloU(%).

Ours-J Ours-G
Seen Unseen
Random Selection 54.53 54.38 44.55
Similarity-based Selection 55.22 55.56 49.22
Part-Perfect Selection 62.90 62.12 60.47

cloud, which is difficult for all the methods to capture this
small-scale part. This particularly affects the segmentation
models for point cloud representation, since it causes in-
significant geometric features from the input point clouds,
making it more challenging for the networks to distinguish
these small components.

4.3. Ablation Studies

The ablation study evaluates two key components of our
approach on the ShapeNetPart dataset. One is the bi-level
optimization, which learns category-agnostic segmentation
prior and enables fast adaptation to the semantic part labels
of unseen categories. The other is the “part-perfect” crite-
rion for the support set selection to enhance the adaptation.
We use the averaged mloU across the entire test set for the
quantitative evaluation.

Bi-Level Optimization. We compare four variants of our
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Figure 5: The qualitative results of the ablation study with different support selection strategies on the ShapeNetPart dataset.
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approach as illustrated in Table 3. It starts with our part seg-
mentation model without the category-agnostic feature ex-
tractor module, i.e. the frozen point cloud encoder directly
connected with a trainable segmentation head. In the first
experiment, we do not use the bi-level optimization at all,
making it similar to PartDistill but with different network
architectures. Apparently, it causes relatively poor part seg-
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Figure 6: For a specific target shape (left), we collect examples from different sources to form the support sets (middle)
and compute the part segmentation results (right). It validates the necessity of intra-category examples (first row) and the
effectiveness of the Al-generated examples (fourth row).

mentation results, especially when generalized to unseen
categories. The second experiment doesn’t use the bi-level
optimization as well, but leverages the support set for a test-
time fine-tuning to enhance the segmentation result. The
effect is obvious in the generalization setting, where the
performance on unseen categories increases because of the
fine-tuning. But the performance on the seen category de-
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Figure 7: Visualization of VLM-generated annotations on
different shapes.

creases because the fine-tuning affects the learned part seg-
mentation prior from the training set. In the third experi-
ment, we employ the bi-level optimization and the proposed
support set selection. The only difference with our full ap-
proach (the fourth experiment) is that the latter is equipped
with a feature extractor module, which learns the category-
agnostic prior during training and remains unchanged dur-
ing inference. By comparing the third and fourth experi-
ments, it proves that our design successfully disentangles
the category-agnostic and category-specific priors to max-
imally leverage the knowledge from pre-trained 2D VLM
for the 3D part segmentation task.

Support Set Selection We compare the three support
set selection strategies in Table 4. The similarity-based se-
lection performs slightly better than the random selection,
and the improvement is more obvious on the unseen cat-
egories in the generalization setting. The reason is that
similar shapes provide more specific segmentation infor-
mation that is relevant to the target shape, and the VLM-
generated pseudo labels for these similar shapes provide
cross-validation among them. Additionally, the part-perfect
selection significantly outperforms the other two strategies,
since the “part-perfect” shapes balance the part complete-
ness and shape similarity, thus providing more abundant in-
formation to guide the adaptation to the target shape. Fig-
ure 5 shows the qualitative results of Ours-G, which vali-
dates the effectiveness of the part-perfect strategy in captur-
ing the less-frequent parts such as the armrest of chairs.

5. Discussion
5.1. Support Set from Different Sources

Our approach leverages the VLM-generated pseudo la-
bels of the support set to infer the segmentation of the tar-
get shape. This raises the question for unseen categories:
what if we don’t have enough examples for a novel object

Table 5: Hyper-parameter Setting on the proposed method,
reported in mloU(%).

(a) Size of Support Set

Size of Support Set ~ Ours-J  Inference Time
1 59.15 0.58s
2 61.69 0.64s
4 62.61 0.78s
8 62.90 1.12s
12 62.72 1.31s

(b) Number of Iterations

Number of Iterations  Ours-J  Inference Time
5 61.38 0.62s
10 62.90 1.12s
15 62.75 1.64s
20 63.19 2.13s

category to form the support set?

We first compare the part segmentation results with sup-
port sets from the same or different categories, as shown
in Figure 6 (1) and (2). As expected, with intra-category
examples in the support set (the first row), it successfully
segments the two main parts of the scissor. By contrast, the
cross-category examples (the second row) provide distract-
ing information since different categories don’t share the
same set of part labels, resulting in poor segmentations.

For a novel category without extra shapes to serve the
support set, we propose two solutions. A straightforward
solution is to repeat the target shape and the associated
VLM-generated pseudo labels multiple times as the support
set. This is equivalent to a quick fine-tuning with the VLM
annotations. As shown in Figure 6 (3), it results in seman-
tically meaningful segmentation. But the limitation is that
it may overfit to the noisy annotations produced by the pre-
trained 2D VLM, especially when there exist large regions
with incorrect part labels.

We propose a more practical solution, which makes use
of the 3D content generation approaches to construct the
support set. We employ the Hunyuan3D 2.0 model [53] to
generate multiple 3D shapes with the object category name
as input prompt. Figure 6 (4) shows the support set and
the corresponding part segmentation of the target shape. It
indicates that the state-of-the-art 3D generative models are
capable of generating diverse shapes of the target category
to form the support set, enabling our approach for any open-
vocabulary 3D part segmentation task.



5.2. VLM-Generated Annotations on Different Shapes

We analyze the performance of GLIP since it provides
pseudo-labels during both training and inference. Empiri-
cally, GLIP’s part detection results are influenced by ren-
dering quality, viewpoint selection, and the inherent char-
acteristics of the shapes themselves. Figure 7 illustrates the
impact of these factors. The left column indicates that the
model performs better on dense, colored point cloud render-
ings, which resemble the natural images in its training set.
The middle two columns show that part detection improves
when the shape is posed to fully expose the relevant parts.
As in the bottom row, a bottom-up view causes the model
to fail in grounding the lid of the bottle. Finally, the right
column demonstrates that GLIP often ignores some small-
sized parts, especially when there are multiple instances be-
longing to the same part category.

This leads to our rendering setting as described in Sec-
tion 4.1. It is worth noting that, as many objects in the
datasets lack texture information, they are rendered in a de-
fault gray color. A potential improvement involves render-
ing depth images instead and converting them to RGB im-
ages using image-to-image models such as ControlNet [70].

5.3. Hyper-Parameter Selection

We analyze the influence of two key hyper-parameters
in the inner loop, i.e. the size of the support set and the
number of iterations. As quantitatively evaluated in Table 5,
our approach converges to satisfactory segmentation results
with a support set of 8 examples. And 10 iterations achieve
a desirable trade-off between the segmentation accuracy and
inference time.

6. Conclusion

In this work, we present BiPart, a bi-level optimiza-
tion approach to distill generalizable prior knowledge for
3D part segmentation from pre-trained 2D VLMs. With
the carefully-designed modules of the 3D part segmentation
model and the proposed bi-level optimization algorithm, we
can disentangle the category-agnostic and category-specific
priors into different modules during the cross-modal distil-
lation. It enables fast adaptation to the unseen object cate-
gories during inference via a few iterations with a retrieved
support set, thus facilitating the open-vocabulary 3D part
segmentation. We also propose practical strategies to se-
lect the relevant and beneficial support set for each target
shape. Experimental results demonstrate that our approach
achieves robust segmentation performance in terms of gen-
eralization and outperforms other state-of-the-art open vo-
cabulary part segmentation methods.

Our approach also holds some limitations. First, the
cross-modal distillation requires a large-scale dataset with
diverse 3D shapes as the training set to capture the category-

agnostic prior. Training on a large-scale dataset with more
diverse 3D shapes, such as Objaverse-XL [6], would further
enhance the generalization performance of our approach.
Second, since our 3D part segmentation model takes the in-
put point clouds with a point number of 2048, it prevents the
network from learning the geometric features from sparse
point clouds for the small parts. Incorporating the network
architectures with more suitable 3D representations would
alleviate this issue and thus improve the part segmentation
performance.

In addition, 3D part segmentation in the real-world
scenarios involves multi-level, fine-grained part decom-
position. For example, in the challenging ABO dataset,
which provides photo-realistic 3D models and fine-grained
part annotations, our approach exhibits a decrease on the
part segmentation accuracy (46.07% for bed category and
68.17% for chair category). Although our method still
yields clear improvements over the baseline setting without
the fast adaptation (40.32% for bed category and 66.89%
for chair category), it is essential to explore more effec-
tive and generalizable strategies for handling the geometric
occlusion and intra-class variation among the fine-grained
parts.
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