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 A B S T R A C T

Inspired by the success of vision-language models (VLMs) in 2D vision tasks, researchers have extended 
their application to 3D understanding, including 3D shape part segmentation as addressed in this work. 
Beyond the challenges of cross-modal transfer from 2D to 3D, the quality of 3D segmentation outcomes 
depends on the reliability of the VLM predictions. While a VLM can produce satisfactory predictions for 
certain shape categories, it may struggle with others, and different VLMs may exhibit distinct strengths 
and weaknesses. Additionally, semantically agnostic vision models (VMs) can generate more precise 2D 
segmentation boundaries and could be beneficial if integrated properly. The key challenge lies in effectively 
propagating semantic labels to these semantically agnostic segments and mitigating negative transfer when 
individual segments encompass multiple semantic categories. In this paper, we introduce PartDistill++, an 
enhanced cross-modal distillation framework that leverages multiple foundation models (FMs), including 
semantically aware VLMs and semantically agnostic VMs, to harness their combined strengths while mitigating 
individual weaknesses. Our proposed Knowledge Enhancer Module enables the distillation of these multiple 
FMs by purifying noisy knowledge from individual FMs and propagating semantic labels to semantically 
agnostic VM segments, ensuring that only beneficial knowledge is employed in the distillation process. 
Extensive experiments demonstrate that PartDistill++ significantly outperforms existing methods, achieving 
new state-of-the-art results on both the ShapeNetPart and PartNetE datasets, in the absence of 3D ground-truth 
annotations. The code for this work is available at https://github.com/ardianumam/PartDistill-plusplus.
. Introduction

Recent advances in foundation models (FMs) (Bommasani et al., 
021), particularly vision-language models (VLMs) (Zhang et al., 2024), 
ave profoundly reshaped the field of computer vision. These models 
acilitate various downstream tasks, such as image enhancement (Wei 
t al., 2025), anomaly detection (Zanella et al., 2024), domain adap-
ation (Yu et al., 2025), action recognition (Osman et al., 2024), 
eferring expression (Ke et al., 2023; Ding et al., 2022), and image 
eneration (Cheng et al., 2022). The success of these applications is 
ttributed to VLMs’ extensive knowledge of visual-linguistic relation-
hips, which is acquired by training on large-scale image–text pairs 
eadily available on the internet and can compensate for the lack of 
round-truth annotations in downstream tasks.
Inspired by the success of VLMs in 2D vision, researchers have 

xtended their application to 3D understanding tasks, especially those 
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where 3D training data annotations are sparse or absent. Notably, 
studies in Zhang et al. (2022b), Zhu et al. (2023), M. Liu et al. (2023), 
Abdelreheem et al. (2023), Mei et al. (2024) utilize VLMs for 3D shape 
part segmentation, which is crucial for various 3D vision applications, 
such as robotic manipulation (Aleotti and Caselli, 2012; Ückermann 
et al., 2013; Aleotti and Caselli, 2011), shape stylization (Michel et al., 
2022), and augmented/virtual reality (AR/VR) (Xu et al., 2022). A 
common paradigm projects a 3D shape into multi-view 2D images. A 
VLM is applied to these images to obtain 2D predictions. These multi-
view predictions are then transferred to 3D space to vote on the final 
3D segmentation (Zhang et al., 2022b; Zhu et al., 2023; M. Liu et al., 
2023; Abdelreheem et al., 2023).

However, directly transferring 2D VLM predictions to 3D segmen-
tation, as done in Zhang et al. (2022b), Zhu et al. (2023), M. Liu et al. 
(2023), Abdelreheem et al. (2023), presents three primary challenges: ( 
ttps://doi.org/10.1016/j.cviu.2026.104990
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d data mining, AI training, and similar technologies.
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Fig. 1. We present an extended framework, PartDistill++, building upon our preliminary study, PartDistill (Umam et al., 2024), to achieve more robust 3D shape 
part segmentation by distilling 2D knowledge from multiple foundation models (FMs). Unlike the original PartDistill, which performs a one-time rescoring of each 
teacher’s knowledge based on their qualities (e.g., from 0.9 to 0.7), leaving undesirable portions of the knowledge intact (see the orange arrow), PartDistill++ 
iteratively learns to extract only the beneficial portions of the teacher’s knowledge through the Knowledge Enhancer Module, leveraging the strengths of each FM. 
This iterative process effectively refines the teacher’s knowledge over time. In addition, the module can propagate semantic labels to semantically agnostic SAM 
segments (shown in black), enabling our framework to incorporate SAM segments that produce more precise semantic boundaries.
 

I𝟏) invisible 3D regions in the 2D multi-view images, (III𝟐) inconsistency 
of VLM predictions that can lead to negative transfers, and (III𝟑) the 
lack of knowledge accumulation across different 3D shapes. To address 
these challenges, our previous work, PartDistill (Umam et al., 2024) 
introduces a cross-modal distillation framework, where the student 
network learns from both the 2D VLM teacher and the 3D geometrical 
features of the input shapes, effectively leveraging the strengths of both 
modalities. In our preliminary work (Umam et al., 2024), we observe 
that while a VLM can produce satisfactory predictions for certain shape 
categories, it may deliver low-quality results for others, with different 
VLMs exhibiting varying patterns. In other words, each VLM has its 
particular strengths and weaknesses. This raises the question: Can we 
distill multiple VLMs into a single student network to leverage their combined 
strengths while mitigating individual weaknesses without using any 3D 
training data annotations?

To this end, it is crucial to identify beneficial knowledge from 
each VLM while avoiding negative transfers that degrade the final 3D 
segmentation. Negative transfer can arise from unfavorable knowledge 
of individual VLMs, such as semantic leakage in GLIP (L.H. Li et al., 
2022), where box predictions cover pixels from other semantics, or 
coarse-grained predictions of CLIP, as highlighted by the red arrows 
in Fig.  1.

In addition to semantically aware VLMs, we also consider a vision 
model (VM), namely the Segment Anything Model (SAM) (Kirillov 
et al., 2023), which is designed as a promptable and semantically 
agnostic segmentation foundation model. SAM aims to decompose 
images into spatially coherent segments, and is trained using large-
scale binary masks without semantic annotations. This design principle 
makes SAM complementary to VLMs, as it produces spatially coherent 
image segments with precise boundaries that can later be assigned 
semantic labels using information from VLMs.

However, integrating such semantically agnostic segments is non-
trivial, since semantic labels must be propagated onto SAM segments, 
and negative transfer may occur when individual segments span multi-
ple semantic entities. One such example is shown in Fig.  1(c), indicated 
in black, where a SAM segment predominantly covers the body of an 
airplane while partially including the tail.

Specifically, we propose a Knowledge Enhancer Module (KEM) to 
enable the distillation of multiple FMs, including semantically aware 
VLM and semantically agnostic VM. Importantly, KEM is designed for 
the realistic case where a predicted segment produced by FMs may 
2

cover multiple semantic regions (i.e., mixed semantics), rather than 
assuming that each segment corresponds to a single semantic label. 
The module has two key functionalities: (FFF 1) purification and (FFF 2)
semantic propagation. The former aims to cope with noisy knowledge 
from individual FMs by filtering out the undesirable portions of the 
knowledge and retaining the beneficial parts, thus preventing negative 
transfers to the final 3D segmentation. Meanwhile, the latter targets 
at propagating reasonable semantic labels to semantically agnostic VM 
(i.e., SAM) segments, by learning the semantics from VLMs. These two 
functionalities are achieved by learning a mapping from binary masks 
associated with each VLM segment to segment targets, estimated using 
both teacher and student knowledge. We extend the pipeline from our 
preliminary work (Umam et al., 2024) to incorporate this module, 
naming it PartDistill++.

Similar to PartDistill, PartDistill++ utilizes a teacher–student model,
where FMs serve as the 2D teacher network, and the student network is 
developed based on a 3D point cloud backbone, as shown in Fig.  1. The 
student network accepts point clouds of the shape, while the teacher 
network receives the multi-view images and text prompts, producing 
2D predictions as 2D knowledge. For clarity, the figure only shows one 
2D prediction from each FM. This 2D knowledge is then transferred 
to the 3D space as 3D knowledge and passed through the knowledge 
enhancer module to filter out the undesirable portions. For example, the 
module filters out the semantic leakage in GLIP and purifies the SAM 
segment that may cover multiple semantics (see the red arrows in Fig. 
1). Additionally, it propagates semantic labels to the SAM segments, 
which are initially semantically agnostic (indicated in back in Fig. 
1). Finally, this enhanced knowledge is distilled into the 3D student 
network, enriching the distillation process.

While PartDistill++ builds upon the same teacher–student distilla-
tion framework as PartDistill, it introduces several substantive method-
ological changes. First, PartDistill++ replaces the confidence-based 
re-scoring strategy — which uniformly penalizes entire knowledge units 
and may leave undesirable portions intact — with a learnable module, 
KEM, that explicitly performs knowledge purification. KEM selectively 
retains beneficial regions within each teacher prediction while filtering 
out undesirable portions, enabling PartDistill++ to operate at a finer 
granularity than PartDistill and more effectively handle noisy and 
mixed-semantics teacher outputs. Second, PartDistill++ introduces an 
iterative refinement mechanism, in which the enhanced knowledge pro-
duced by KEM and the student predictions are progressively improved 
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during training. In contrast, PartDistill applies a single-pass re-scoring 
without feedback, limiting its ability to accumulate and refine knowl-
edge across shapes. Third, PartDistill++ generalizes the framework 
to incorporate semantically agnostic FMs, such as SAM, via semantic 
propagation—a capability not supported by PartDistill. This extension 
enables the effective use of high-quality boundary information and 
cannot be achieved by the original formulation.

In this work, we extend our preliminary study, PartDistill (Umam 
et al., 2024), to achieve more robust 3D shape part segmentation. 
Our key contributions are as follows. First, we present an enhanced 
framework, PartDistill++, capable of distilling knowledge from multi-
ple FMs—including semantically aware VLMs like CLIP (Radford et al., 
2021) and GLIP (L.H. Li et al., 2022), and semantically agnostic VMs 
such as SAM (Kirillov et al., 2023)—leveraging the strengths of each. 
Second, we develop a knowledge enhancer module to carefully extract 
the beneficial portions of the teacher’s knowledge from each FM and 
to propagate semantic labels to semantically agnostic SAM segments. 
Third, extensive experiments show that PartDistill++ outperforms our 
previous work, PartDistill (Umam et al., 2024), with 8.1% and 9.8% 
higher mIoUs on the ShapeNetPart (Yi et al., 2016) and PartNetE (M. 
Liu et al., 2023) datasets, respectively, and surpasses existing methods 
by a substantial margin.

2. Related work

2.1. Foundation models

A foundation model (FM) is trained on large-scale datasets and can 
be effectively adapted to a wide range of downstream tasks (Bom-
masani et al., 2021). FMs can produce direct predictions (Radford 
et al., 2021; L.H. Li et al., 2022; Kirillov et al., 2023) or generate 
intermediate representations for further processing (Caron et al., 2021; 
Oquab et al., 2024). Depending on the data domain, the two primary 
types of FMs relevant to this work are vision models (VMs) (Kirillov 
et al., 2023) and vision-language models (VLMs) (Radford et al., 2021; 
L.H. Li et al., 2022; Zhang et al., 2022). VMs are pre-trained on visual 
data, while VLMs are pre-trained on both textual and visual data. 
Consequently, VLM predictions typically exhibit semantic awareness 
due to their training on textual data, whereas VM predictions are often 
semantically agnostic. These models can generate various outputs, such 
as image classifications (Radford et al., 2021; Jia et al., 2021), pixel-
wise predictions (B. Li et al., 2022; Kirillov et al., 2023), or bounding 
box estimations (L.H. Li et al., 2022; Zhang et al., 2022; S. Liu et al., 
2023).

In this work, we propose a cross-modal distillation framework that 
leverages knowledge from multiple complementary 2D FMs to carry 
out 3D shape part segmentation. Specifically, we exploit the knowl-
edge from both semantically aware VLMs and semantically agnostic 
VMs, which can generate pixel-wise or bounding box predictions. For 
simplicity, the terms VM and VLM are used interchangeably with FM 
throughout the paper.

2.2. 3D part segmentation using foundation models

Several works have explored 3D segmentation without relying on 
3D annotations, including unsupervised clustering approaches (Sivri 
and Sahillioğlu, 2024) and semantic embedding-based methods (Yang 
et al., 2023; Omata et al., 2019). Without any ground-truth labels, the 
state-of-the-art methods for 3D part segmentation (M. Liu et al., 2023; 
Zhu et al., 2023; Abdelreheem et al., 2023; Umam et al., 2024) leverage 
foundation models (FMs) to transfer knowledge from the 2D domain 
to 3D space. The pioneering work PointCLIP (Zhang et al., 2022b) 
and its extended PointCLIPv2 utilize CLIP (Radford et al., 2021) by 
aggregating its multi-view predictions to the corresponding 3D points 
through a simple mean operation. PartSLIP (M. Liu et al., 2023) and 
SATR (Abdelreheem et al., 2023) refine this approach with weighting 
3

mechanisms based on the superpoints and face areas covered in the 2D 
predictions.

A recent work, GeoZe (Mei et al., 2024), introduces a geometrically-
driven aggregation scheme that promotes local smoothness and global 
consistency using hand-crafted geometrical features. Concurrently, our 
preliminary work, PartDistill (Umam et al., 2024), also incorporates 
3D geometrical features to improve 3D segmentations by using learned 
rather than hand-crafted features. Besides addressing challenges (III𝟏) ∼
(III𝟑) discussed in Section 1, one significant advantage of our method 
over prior approaches (Zhang et al., 2022b; Zhu et al., 2023; M. Liu 
et al., 2023; Abdelreheem et al., 2023; Mei et al., 2024) is that, by 
distilling FM knowledge into a lightweight student network, inference 
can be performed without repeatedly invoking computationally expen-
sive FM teachers. This effectively reduces computational redundancy 
while maintaining segmentation performance. In this work, we extend 
PartDistill to PartDistill++ to enable the distillation of knowledge 
from multiple complementary FMs, harnessing their collective strengths 
while mitigating individual weaknesses.

2.3. Knowledge distillation

The fundamental work on knowledge distillation (Buciluǎ et al., 
2006; Hinton et al., 2015) emphasizes transferring knowledge from a 
larger model to a smaller one. OpenScene (Peng et al., 2023) applies 
this principle to distill an FM for 3D understanding, though our focus is 
on part segmentation while theirs is on indoor/outdoor scene segmen-
tation. A key distinction is that our method can enhance the knowledge 
sources in the 2D modality through the proposed knowledge enhancer 
module.

Another line of work, FeatureNeRF (Ye et al., 2023) and MTKD-
RL (Yang et al., 2025), explores distilling multiple teacher models. 
While FeatureNeRF requires labels in its pipeline, MTKD-RL can op-
erate without labels, directly learning to adaptively weight teacher 
pseudo-labels. This idea aligns with our previous work, PartDistill, 
which derives weights for each teacher’s knowledge. However, beyond 
weighting, our PartDistill++ focuses on knowledge purification, fil-
tering out the undesirable portions of the knowledge and retaining 
the beneficial parts. Additionally, PartDistill++ has the ability to per-
form semantic propagation, allowing it to distill semantically agnostic 
VMs–approach not feasible in MTKD-RL.

3. Proposed method

We introduce our method with an overview, then detail 2D and 
3D knowledge representations for seamless transfer. Next, we describe 
the knowledge enhancer module for purifying knowledge and prop-
agating semantic labels, followed by the optimization process and 
implementation details.

3.1. Overview

Given a set of 3D shapes, this work aims to segment each one into 
𝑅 semantic parts without requiring any 3D ground-truth annotations. 
To achieve this, we transfer knowledge from multiple 2D foundation 
models (FMs) to the 3D domain via our method PartDistill++. As 
illustrated in Fig.  2(a), our method takes triplet data as input, which 
includes the point cloud of the shape with 𝑁 3D points, multi-view 
rendered images from 𝑉  different viewpoints, and 𝑅 text prompts, each 
describing a target semantic part within the 3D shapes.

In the 2D modality, the 𝑉  multi-view images and the 𝑅 text prompts 
are fed into multiple FMs. For each view 𝑣, a set of bounding boxes, 
𝐵𝑣 = {𝑏𝑣𝑖 }, is generated by all bounding-box FMs (B-FMs). Similarly, 
a set of part segments, 𝑆𝑣 = {𝑠𝑣𝑖 }, is produced by all semantically 
aware pixel-wise FM (P-FMs), and a set of class-agnostic segments, 
𝑋𝑣 = {𝑥𝑣𝑖 }, by all semantically agnostic P-FMs. In this work, we employ 
GLIP (L.H. Li et al., 2022) as a B-FM, while CLIP (Radford et al., 2021) 
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Fig. 2. Overview of the proposed method. (a) The overall pipeline where the knowledge extracted from multiple foundation models (FMs) is distilled into 
a 3D student network to perform 3D shape part segmentation. Within the pipeline, a Knowledge Enhancer Module refines the teacher’s knowledge, leading to 
improved student predictions. These improved predictions are fed back into the module, creating a cyclical process that further refines the teacher’s knowledge. 
This iterative process effectively enhances the final part segmentation. (b) 2D predictions are back-projected into 3D space. The left, middle, and right sub-figures 
illustrate this process for 2D predictions made by a bounding-box FM (B-FM), a semantically aware pixel-wise FM (P-FM), and a semantically agnostic P-FM, 
respectively, where 𝛤  denotes the projection operation.
and SAM (Kirillov et al., 2023) are used as semantically aware and 
semantically agnostic P-FMs, respectively. We then back-project each 
element of 𝐵𝑣, 𝑆𝑣 and 𝑋𝑣 into the 3D space, as illustrated in Fig. 
2(b). Subsequently, a set of 𝐷 teacher knowledge units, K = {𝑘𝑑}𝐷𝑑=1, 
is obtained by aggregating the 2D predictions of all FMs from 𝑉
multi-view images, where each 𝑘𝑑 uniquely corresponds to a single 2D 
prediction, namely 𝑏𝑖, 𝑠𝑖 or 𝑥𝑖.

In the 3D modality, each point cloud is fed into the 3D student
network. This network, equipped with a 3D encoder and a distillation 
head, produces point-wise part predictions, 𝑌 ∈ R𝑁×𝑅. In our pipeline, 
we first improve the teacher knowledge K  by passing it through the 
proposed knowledge enhancer module, undergoing knowledge purifica-
tion and semantic propagation, yielding enhanced knowledge K ′. This 
enhanced knowledge is then distilled into the student network by 
aligning 𝑌  with K ′ via minimizing the proposed loss, L𝑑𝑖𝑠𝑡𝑖𝑙𝑙 (specified 
in Section 3.4). The enhanced teacher knowledge K ′ leads to better 
segmentation results, which are then fed back into the knowledge 
enhancer module, creating a cyclical process that further refines the 
teacher knowledge. This iterative process effectively improves the final 
3D part segmentation. Finally, the segmentation results are obtained by 
assigning each point to the part category with the highest probability 
in 𝑌 .

3.2. From 2D to 3D

To bring the 2D knowledge to the 3D modality, our method renders 
the 3D shape into 𝑉  multi-view images {𝐼𝑣 ∈ R𝐻×𝑊 }𝑉𝑣=1 from different 
𝑉  viewpoints. Multiple FMs process these images, along with text 
prompts of 𝑅 parts, generating 2D predictions. In the 𝑣th image, a set of 
bounding boxes, 𝐵𝑣 = {𝑏𝑣𝑖 }, is obtained from all B-FMs, with 𝑏𝑣𝑖 ∈ R4+𝑅

encoding the box coordinates and the probabilities of the 𝑅 parts. For 
the same input image, a set of part probability maps, 𝑆𝑣 = {𝑠𝑣𝑖 }, is 
generated from all semantically aware P-FMs, where each 𝑠𝑣𝑖 ∈ R𝐻×𝑊 ×𝑅

is associated with a segment of a particular class. Meanwhile, a set of 
class-agnostic segments, 𝑋𝑣 = {𝑥𝑣𝑖 }, is produced from all semantically 
agnostic P-FMs, where each 𝑥𝑣𝑖 ∈ {0, 1}𝐻×𝑊  corresponds to a single 
class-agnostic segment.

We back-project each element of 𝐵𝑣, 𝑆𝑣, and 𝑋𝑣 into 3D space 
to derive readily distillable knowledge. Specifically, this operation 
produces a set of 𝐷 knowledge units, K = {𝑘 }𝐷 , from all FMs across 
𝑑 𝑑=1

4

𝑉  multi-view images, where each knowledge unit 𝑘𝑑 is generated from
exactly one 2D prediction produced by an FM (either a bounding box 
𝑏𝑖, a part probability map 𝑠𝑖, or a class-agnostic segment 𝑥𝑖), via 

𝑘𝑑 = (𝑌𝑑 ,𝑀𝑑 ) =

⎧

⎪

⎨

⎪

⎩

𝛤 (𝑏𝑖),  for a B-FM,
𝛤 (𝑠𝑖),  for a semantically aware P-FM,
𝛤 (𝑥𝑖),  for a semantically agnostic P-FM,

(1)

where 𝛤  denotes the back-projection operation using the camera pa-
rameters (Zhang, 2000) employed in the multi-view image rendering. 
We choose back-projection to obtain point-level distillation targets 
(𝑌𝑑 ,𝑀𝑑 ) that are static for a fixed set of rendered views and teacher 
predictions, and thus can be precomputed/cached, whereas an alterna-
tive formulation that projects the student’s evolving 3D predictions to 
2D would require repeated rendering throughout training. Each unit 
𝑘𝑑 comprises two components, 𝑌𝑑 and 𝑀𝑑 . 𝑌𝑑 ∈ R𝑁×𝑅 represents 
the point-specific part probabilities, and 𝑀𝑑 ∈ {0, 1}𝑁  is the mask 
indicating the 3D points covered by 𝑏𝑖, 𝑠𝑖, or 𝑥𝑖 in the 2D space. Note 
that 𝑌𝑑 is all zeros for semantically agnostic P-FMs at this stage since 
the corresponding segment is class-agnostic.

Our method aims to transfer the knowledge units K  derived from 
multiple FMs by distilling them into the 3D student network. First, a 
3D encoder, such as Point-M2AE (Zhang et al., 2022a), is applied to 
the point cloud to extract per-point features, 𝑂 ∈ R𝑁×𝐸 , capturing 
both local and global geometrical information. We then estimate point-
wise part predictions, 𝑌 ∈ R𝑁×𝑅, by feeding the point features 𝑂
into the distillation head. A straightforward approach to distilling 
the knowledge is to directly align the part probabilities from the 3D 
modality, 𝑌 , with their 2D counterparts, 𝑌 . However, as discussed 
earlier, it is crucial to carefully identify the beneficial knowledge from 
each FM, maximizing its strengths while avoiding negative transfers. 
Additionally, direct distillation from SAM is not feasible due to its class-
agnostic nature. To address these challenges, we pass the knowledge K
to our knowledge enhancer module.

3.3. Knowledge enhancer module

To distill the knowledge from multiple FMs, the knowledge en-
hancer module carries out two key functionalities: (FFF 1) knowledge 
purification and (FFF ) semantic propagation. Purification aims to filter 
2
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Fig. 3. The knowledge enhancer module refines each teacher knowledge 
𝑘𝑑 = (𝑌𝑑 ,𝑀𝑑 ) by mapping its knowledge mask 𝑀𝑑 concatenated with point 
features 𝑂 to the target 𝑄𝑑 obtained via Eq. (2). In the figure, © denotes the 
concatenation operation. This module establishes a cyclical process where its 
improved output 𝑈 ′

𝑑 leads to better student predictions 𝑌 , and these improved 
predictions 𝑌 , in turn, enhance the knowledge 𝑈 ′

𝑑 . The figure below the dashed 
line is provided to better illustrate this cyclical process.

out undesirable portions of each knowledge unit, retaining only benefi-
cial parts, while semantic propagation assigns appropriate semantics to 
class-agnostic segments derived by SAM. To enable these functions, we 
learn a mapping function: Given a binary mask 𝑀𝑑 from semantically 
aware FMs (i.e., GLIP and CLIP in this work), the mapping function 
is trained to identify the beneficial portion of the masked region and 
assign it a reliable semantic label. To this end, we use the fixed 
teacher signal 𝑌𝑑 (not learned in this module) together with the student 
prediction 𝑌 , and focus on their semantic intersection as the mapping 
target, since the intersection is more likely to represent high-quality 
knowledge. Fig.  3 illustrates this process.

Formally, for each knowledge unit 𝑘𝑑 = (𝑌𝑑 ,𝑀𝑑 ), we compute the 
semantic intersection with the student prediction 𝑌 , denoted as 𝑄𝑑 , as 

𝑄𝑑 = 𝑀𝑑 ⊙
(

argmax
𝑟

(𝑌𝑑 ) ⇔ argmax
𝑟

(𝑌 )
)

⊙  argmax
𝑟

(𝑌𝑑 ), (2)

where ⊙ and ⇔ represent element-wise multiplication and element-
wise equality (comparison) operations, respectively. The argmax op-
eration in Eq. (2) is applied row-wise, returning the class with the 
highest probability for each of the 𝑁 points. Non-zero elements in 𝑄𝑑 ∈
{0, 1, 2,… , 𝑅}𝑁  indicate the 𝑅 possible intersecting semantics of the 
corresponding points, while zero values denote the semantically non-
intersecting points, including those outside the mask. In our pipeline, 
knowledge associated with these non-intersecting points is considered 
undesirable (indicated by the red arrow in Fig.  3) and is mapped to a 
‘background’ class—a class we aim to exclude. This intersection-based 
target is intentionally conservative: it retains only regions where the 
teacher and student agree, while the remaining non-intersecting points 
are treated as background and excluded from effective supervision. This 
design reduces the risk of reinforcing large incorrect regions when early 
student predictions are unstable. Technically, we use label 0s in 𝑄𝑑 to 
denote the background class.

The knowledge enhancer module takes as input the concatenation 
of the mask 𝑀𝑑 and point features 𝑂, generating per-point estimation 
𝑈𝑑 ∈ R𝑁×(1+𝑅), as illustrated in Fig.  3. The first column of 𝑈𝑑 represents 
the probability of the background class, while the remaining 𝑅 columns 
correspond to the 𝑅 part classes. We then fit every 𝑈𝑑 to the mapping 
target 𝑄𝑑 by minimizing the mapping loss, Lmapping, which is the 
cross-entropy errors defined by 

Lmapping =
∑

𝑑∈A

𝑁
∑

𝑛=1

𝑅
∑

𝑟=0
1[𝑄𝑑 (𝑛)=𝑟] log(𝑈𝑑 (𝑛, 𝑟 + 1)), (3)

where A represents the index set of all knowledge units from semanti-
cally aware FMs, i.e., GLIP and CLIP in this work. 1[⋅] in Eq. (3) is the 
indicator function.
5

By minimizing Eq. (3), the network learns to identify beneficial 
portions of each teacher’s knowledge unit by mapping them to their 
semantic intersection with the student’s knowledge. The remaining 
portions of each teacher’s knowledge unit are treated as undesirable 
and are mapped to the background class, thus achieving the purification 
functionality (FFF 1). We currently utilize knowledge units from GLIP 
and CLIP, as their semantic maps {𝑌𝑑} are necessary to obtain the 
mapping targets {𝑄𝑑} during the mapping learning. Once this mapping 
is learned, the network can effectively map all teacher knowledge units, 
including those from SAM. In this context, a SAM mask 𝑀𝑑 obtained 
via Eq. (1) is concatenated with the point features 𝑂 and serves as the 
input to the knowledge enhancer module. An enhanced knowledge 𝑈𝑑 , 
which contains semantic information, is produced, thereby achieving 
the semantic propagation functionality (FFF 2).

3.4. Distillation loss and optimization

After purification and semantic propagation via the knowledge 
enhancer module, the enhanced teacher knowledge from multiple FMs 
improves the cross-modal knowledge transfer, and can then be distilled 
into the student network by aligning it with the student’s predictions 
𝑌 . However, simultaneously optimizing the student network and the 
knowledge enhancer module, with each relying on the other’s out-
put, can lead to unexpected results. If one network produces unstable 
outputs, it can negatively impact the other.

To address this issue, we design two sub-networks within the knowl-
edge enhancer module, as shown in Fig.  3. Specifically, we devise 
a base network and an exponential moving average (EMA) network. 
The base network directly learns the mapping ability, while the EMA 
network accumulates the mapping ability by setting its parameters as 
the exponential moving average of the base network’s parameters, i.e., 

𝜃′(𝑡 + 1) = 𝛾𝜃′(𝑡) + (1 − 𝛾)𝜃(𝑡), (4)

where 𝑡 denotes the training iteration, 𝛾 represents the decay rate, and 
𝜃′(𝑡) and 𝜃(𝑡) denote the parameter sets of the EMA and base networks 
at iteration 𝑡, respectively. This scheme ensures more stable outputs, as 
demonstrated in the ablation studies in Section 4.4.

Finally, we conduct the distillation by aligning the student network 
output 𝑌  with the EMA network output K ′ = {(𝑈 ′

𝑑 ,𝑀
′
𝑑 )}

𝐷
𝑑=1, where 

𝑀 ′
𝑑 (𝑛) takes value 0 if {𝑈 ′

𝑑 (𝑛, 𝑟)}
1+𝑅
𝑟=1  has its highest value on the first 

element, namely the 𝑛th point assigned as the background class, and 
1 otherwise. The alignment is achieved by minimizing the distillation 
loss Ldistill, defined using a masked cross-entropy formula as, 

Ldistill = −
𝐷
∑

𝑑=1

1
|𝑀 ′

𝑑 |

𝑁
∑

𝑛=1

𝑅
∑

𝑟=1
𝑀 ′

𝑑 (𝑛)𝐶
𝑛
𝑑𝑍

𝑛,𝑟
𝑑 log(𝑌 (𝑛, 𝑟)), (5)

where |𝑀 ′
𝑑 | is the area covered by the mask 𝑀 ′

𝑑 , and 𝐶𝑛
𝑑 = max

𝑟
(𝑈 ′

𝑑 (𝑛, 𝑟))
is the confidence score at point 𝑛. 𝑍𝑛,𝑟

𝑑  takes value 1 if for point 𝑛, part 
𝑟 has the highest score in 𝑈 ′

𝑑 , and 0 otherwise.
In our pipeline, we simultaneously minimize Ldistill and Lmapping. As 

we optimize Lmapping, the knowledge enhancer module is improved, 
leading to progressively better knowledge 𝑈 ′. This enhanced 𝑈 ′ pos-
itively impacts the distillation process, resulting in better predictions 
𝑌  from the student network. We then feed these improved 𝑌  back into 
the knowledge enhancer module, creating a cyclical process that further 
refines the knowledge output 𝑈 ′. This iterative enhancement effectively 
improves the final part segmentation, as demonstrated in Section 4.4.

3.5. Implementation details

The proposed framework is implemented in PyTorch (Paszke et al., 
2019) and trained for 50 epochs. We adopt a warm-up strategy in 
which KEM is not trained initially, namely the student is optimized 
only with L  to stabilize its predictions. In principle, KEM can be 
distill
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Table 1
3D segmentation (mIoU%) on the ShapeNetPart dataset via Foundation Model (FM) knowledge transfer w/o any 3D labels.*
 Method Data type FM Airplane Bag Cap Chair Earphone Guitar Knife Laptop Mug Table Overall 
 PointCLIPv2 (Zhu et al., 2023)

point cloud CLIP

33.5 60.4 52.8 51.5 56.5 71.5 66.7 61.6 48.0 61.1 49.5  
 OpenScene (Peng et al., 2023) 34.4 63.8 56.1 59.8 62.6 69.3 70.1 65.4 51.0 60.4 52.9  
 GeoZe (Mei et al., 2024) 33.6 70.2 64.7 66.1 63.7 73.6 77.9 74.0 63.2 63.8 56.3  
 PartDistill (Umam et al., 2024) 40.6 75.6 67.2 65.0 66.3 85.8 79.8 92.6 83.1 68.7 63.9  
 PartDistill++ 40.6 77.1 76.4 66.2 66.4 86.9 79.9 92.5 83.6 69.6 65.0  
 SATR (Abdelreheem et al., 
2023) mesh GLIP

32.2 32.1 21.8 25.2 19.4 37.7 40.1 50.4 76.4 22.4 32.3  
 PartDistill 64.8 64.4 51.0 67.4 48.3 64.8 70.0 83.1 86.5 79.3 56.3  
 PartDistill++ 65.6 65.4 52.9 79.1 50.3 65.7 72.6 83.3 87.1 79.5 58.1  
 Ensemble

point cloud CLIP, GLIP
65.2 70.6 71.0 77.6 66.1 86.0 80.6 92.1 85.2 69.5 65.5  

 MTKD-RL (Yang et al., 2025) 67.1 72.7 74.0 80.1 66.1 87.3 80.8 92.4 89.8 71.5 67.6  
 PartDistill 66.8 71.8 73.5 81.3 65.8 86.5 81.2 92.8 89.5 70.8 67.5  
 PartDistill++ 67.8 76.0 76.6 84.4 66.4 87.3 83.6 93.5 90.1 72.5 69.7  
 PartDistill++ point cloud CLIP, GLIP, SAM 72.6 78.3 82.0 86.8 70.0 87.6 86.1 94.1 94.1 80.2 72.2  
 PartDistill++ mesh 65.9 66.3 68.3 79.9 56.9 82.8 72.6 83.6 88.8 79.7 62.8  
*Results for other categories, including those in Table  2 and Table  3, can be found in the supplementary material.
Table 2
3D segmentation (mIoU%) on the PartNetE dataset via Foundation Model (FM) knowledge transfer w/o any 3D labels.
 Method Data type FM Bottle Box Chair Display Kettle Knife Lamp Oven Suitcase Table Overall 
 PartSLIP (M. Liu et al., 2023)

point cloud GLIP
76.3 57.5 60.7 43.8 20.8 46.8 37.1 33 40.2 47.7 27.3  

 PartDistill (Umam et al., 2024) 77.4 69.7 74.1 50.5 24.2 59.2 58.8 34.2 43.2 50.2 39.9  
 PartDistill++ 77.4 72.5 75.4 52.2 38.6 59.1 59.0 36.6 44.6 52.6 41.7  
 Ensemble

point cloud CLIP, GLIP
76.6 74.7 76.6 52.9 32.5 57.4 58.3 36.8 43.4 53.3 42.2  

 MTKD-RL (Yang et al., 2025) 76.6 75.7 77.9 55.0 37.0 58.3 58.1 39.8 45.6 53.7 44.3  
 PartDistill 76.8 75.4 77.6 55.8 36.7 57.8 58.4 40.1 44.9 53.9 44.5  
 PartDistill++ 77.2 78.5 79.5 57.5 38.4 59.2 58.8 45.2 52.4 55.7 46.7  
 PartDistill++ point cloud CLIP, GLIP, SAM 77.9 80.3 80.1 61.4 39.2 59.4 59.2 49.7 60.1 56.4 49.7  
enabled once Ldistill enters a stable regime (e.g., the moving-average 
loss exhibits only small epoch-to-epoch changes below a preset thresh-
old for several consecutive epochs). In practice, we use 20 warm-up 
epochs, after which the framework is optimized with both Ldistill and 
Lmapping. We use the Adam optimizer (Kingma and Ba, 2014) with a 
learning rate of 0.001 and a batch size of 8. Following PartDistill, 
the student network employs Point-M2AE (Zhang et al., 2022a), pre-
trained in a self-supervised manner on the ShapeNet55 dataset (Chang 
et al., 2015), as the 3D encoder. The encoder’s weights are frozen, 
and only the learnable parameters in the distillation head are updated. 
The distillation head uses a 4-layer multi-layer perceptron with ReLU 
activation (Agarap, 2018). Unless further specified, the knowledge 
enhancer module uses a decay rate of 0.7 for the EMA update, which 
is performed at the transition between epochs. The module adopts a 
self-attention network (Vaswani et al., 2017) as its base network, with 
detailed architectural specifications provided in the supplementary 
material.

To ensure fair comparisons with competing methods (Zhang et al., 
2022b; Zhu et al., 2023; M. Liu et al., 2023; Abdelreheem et al., 2023; 
Mei et al., 2024), we follow their settings, including the text prompts 
and the 2D rendering. Each shape is rendered into 10 multi-view images 
from either a sparse point cloud (Zhang et al., 2022b; Zhu et al., 2023; 
Mei et al., 2024), a dense point cloud (M. Liu et al., 2023), or a 
mesh shape (Abdelreheem et al., 2023). Following prior works and our 
preliminary ablation study (Umam et al., 2024), this number of views 
is sufficient, as performance typically saturates around this setting. All 
FMs (CLIP, GLIP, and SAM) are used with their default configurations 
and prompting strategies following prior works (PointCLIPv2 for CLIP, 
PartSLIP for GLIP, and SAM’s default regular-grid prompting), and no 
model-specific hyperparameter tuning is performed.

4. Experimental results

4.1. Dataset and evaluation metric

We use two major benchmark datasets, ShapeNetPart (Yi et al., 
2016) and PartNetE (M. Liu et al., 2023), to assess the performance 
of our method. ShapeNetPart has 16 categories with a total of 31,963 
shapes, while PartNetE comprises 2266 shapes of 45 categories. The 
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mean intersection over union (mIoU) (Mo et al., 2019) between the 
segmentation results and the ground-truth labels is adopted as the eval-
uation metric in the test-set data. Following PartDistill (Umam et al., 
2024), we first benchmark our method on transferring 2D knowledge 
from foundation models for 3D part segmentation without requir-
ing any 3D ground-truth labels. Then, we present experiments when 
additional few-shot labels are available.

4.2. 3D part segmentation via 2D knowledge transfer

We evaluate the performance of our method, PartDistill++, working 
with a single or multiple FMs. For a fair comparison, we follow the 
settings of existing methods (Zhu et al., 2023; Abdelreheem et al., 
2023; M. Liu et al., 2023; Peng et al., 2023; Mei et al., 2024) that 
perform 3D segmentation by transferring 2D FM knowledge, report-
ing their mIoU performances from their respective papers. For the 
pixel-wise foundation model (P-FM), we use the protocols of Point-
CLIPv2 (Zhu et al., 2023), utilizing CLIP (Radford et al., 2021) with a 
ViT-B/32 (Dosovitskiy et al., 2020) backbone for pixel-wise predictions. 
For the bounding box foundation model (B-FM), we employ the GLIP-
Large model (L.H. Li et al., 2022), aligning with PartSLIP (M. Liu et al., 
2023) and SATR (Abdelreheem et al., 2023). Most competing methods 
report their performance on ShapeNetPart, while PartSLIP evaluates on 
PartNetE. Additionally, we extend OpenScene (Peng et al., 2023) and 
MTKD-RL (Yang et al., 2025) for 3D part segmentation working with 
single and multiple teachers, respectively, with Point-M2AE (Zhang 
et al., 2022a) used as backbone for a fair comparison.

The major advantage of PartDistill++ lies in its ability to exploit 
knowledge from multiple FMs, both semantically aware and semanti-
cally agnostic, thereby leveraging their combined strengths. In contrast, 
other benchmark methods are developed to utilize a single FM (Zhu 
et al., 2023; Abdelreheem et al., 2023; M. Liu et al., 2023; Peng et al., 
2023; Mei et al., 2024; Umam et al., 2024) and/or are limited to only 
semantically aware FMs (Yang et al., 2025). This distinctive capability 
allows our method to significantly outperform the benchmark methods 
in most categories of the ShapeNetPart and PartNetE datasets, as shown 
in Tables  1 and 2, respectively.

To illustrate, we begin by benchmarking an ensemble of two se-
mantically aware teachers — CLIP and GLIP — which together guide 
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Fig. 4. Visualization of 3D part segmentation results on the ShapeNetPart dataset, where different parts are depicted in different colors. Invisible 3D regions in 
2D multi-view images (issue III𝟏) are shown in black, highlighted by red arrows. Blue and green arrows indicate cases of negative transfers (issue III𝟐) and lack 
knowledge accumulation (issue III𝟑), respectively.
the student network and serve as our baseline, achieving an overall 
mIoU of 65.5% (referred to as Ensemble in Table  1). MTKD-RL (Yang 
et al., 2025), which learns adaptive teacher weighting via reinforce-
ment learning, boosts performance to 67.6%, a gain of 2.1%. Similarly, 
PartDistill applies backward distillation to reweight teacher knowledge, 
yielding a 2.0% improvement to 67.5%.

Unlike these methods, which focus on reweighting and often leave 
undesirable portions intact (see red arrows in Fig.  5), PartDistill++ 
goes further: it actively purifies each teacher’s knowledge by excluding 
undesirable portions while retaining only the beneficial parts. This 
principled refinement leads to a 4.2% gain over baseline, from 65.5% to 
69.7%. Moreover, with its ability to incorporate semantically agnostic 
FMs, i.e., SAM in our case, into the multi-teacher distillation process, 
PartDistill++ achieves an even greater gain of 6.7%, boosting from 
65.5% to 72.2%. Consistent improvement patterns are also observed 
on the PartNetE dataset, as shown in Table  2.

We further evaluate PartDistill++ in the single-FM setting. When 
using CLIP as the sole FM, PartDistill++ achieves an overall mIoU 
of 65.0% on the ShapeNetPart dataset, 8.7% higher than the best 
mIoU reported by other methods (GeoZe), demonstrating a substantial 
improvement. This is primarily because PartDistill++ integrates 3D 
geometric features, unlike PointCLIPv2, and possesses the ability to 
refine the source of knowledge, which GeoZe and OpenScene lack. 
As a result, it better handles inconsistencies in FM predictions and 
mitigates negative transfers (issue III𝟐). Compared to our preliminary 
study PartDistill, PartDistill++ achieves notable better performance 
due to the iterative enhancement in the knowledge enchanter module, 
as verified in Section 4.4.

When GLIP serves as the FM alone, PartDistill++ consistently
achieves better results compared to other methods. Specifically, it 
obtains the mIoUs, which are 25.8% and 14.4% higher than those 
of SATR on the ShapeNetPart dataset (Table  1) and PartSLIP on the 
PartNetE dataset (Table  2), respectively. In SATR and PartSLIP, the use 
of GLIP can intensify the issue of uncovered 3D regions (III𝟏) due to 
potential undetected areas, and escalate the negative transfer issue (III𝟐) 
due to semantic leakages, where box predictions often include points 
from other semantics.

In addition to the quantitative comparisons, a qualitative compar-
ison of the segmentation results is presented in Fig.  4. It is evident 
that methods directly transferring 2D predictions to 3D segmentation, 
namely PointCLIPv2, PartSLIP, and SATR, struggle with incomplete 
segmentation in occluded regions (issue III𝟏), shown in black and high-
lighted by red arrows. These methods may also suffer from a lack of 
knowledge accumulation across shapes (issue III ), where erroneous 2D 
𝟑
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predictions in individual shapes just remain as incorrect 3D segmen-
tation. For example, if GLIP in PartSLIP and SATR fails to detect the 
airplane tail in several 2D multi-view images, it results in an incorrect 
absence of prediction in the 3D modality (depicted in gray, highlighted 
by the green arrows in Fig.  4). Other methods partially mitigate these 
issues by leveraging geometric features (GeoZe, OpenScene, PartDistill) 
and/or distilling from multiple teacher networks (Ensemble and MTKD-
RL), yet still exhibit negative transfer effects (issue III𝟐), highlighted by 
the blue arrows. PartDistill++ goes further with its purification and 
semantic propagation capabilities, yielding notable improvements as 
shown in Fig.  4.

4.3. 3D part segmentation with additional few-shot labels

We further evaluate our method when additional few-shot labels are 
available by adopting the setup used in PartSLIP (M. Liu et al., 2023). 
Specifically, a fine-tuned GLIP model (L.H. Li et al., 2022) provided by 
PartSLIP is used, where 8-shot labeled shapes are utilized to fine-tune 
the model in each category of the PartNetE dataset (Yi et al., 2016). 
Additionally, we integrate off-the-shelf CLIP and SAM models for the 
multi-FM setting. Alongside distilling knowledge from the FM teacher, 
we also ask the student network to minimize the standard cross-entropy 
loss between its outputs and the 8 labeled shapes.

As demonstrated in Table  3, the few-shot 3D segmentation methods 
ACD (Gadelha et al., 2020) and Prototype (Zhao et al., 2021) are 
adapted to the PointNet++ (Zhao et al., 2021) and PointNext (Qian 
et al., 2022) backbones, respectively, resulting in average performance 
improvements for these backbones. PartSLIP (M. Liu et al., 2023) and 
PartSTAD (Kim and Sung, 2024) leverage multi-view FM predictions 
to enhance 3D segmentation, leading to improved mIoU scores. Under 
the same FM settings, our methods enhance the sources of knowledge 
via the rescoring mechanism in PartDistill and the knowledge enhancer 
module in PartDistill++ and can yield better segmentation results.

PartDistill++ improves PartDistill from 65.9% to 69.6% by lever-
aging multiple FMs, including semantically aware and semantically 
agnostic FMs, whereas PartDistill is designed to work with a semanti-
cally aware FM. From the table, PartDistill++ performs slightly better 
than PartDistill with GLIP as the sole FM and shows notable im-
provements when ‘‘SAM’’ or ‘‘CLIP and SAM’’ are incorporated. In 
the last two rows of Table  3, with or without CLIP, PartDistill++ 
reaches similar performance. One reason is that with additional few-
shot labels, CLIP with coarse segments might not be very beneficial 
since the knowledge enhancer module can learn semantic propagation 
from the few-shot labels and GLIP segments. Additionally, we present 
results from fine-tuning Point-M2AE with the few-shot labels, which 
exhibit lower performance compared to our method, underscoring the 
significant impact of our distillation framework.
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Table 3
3D segmentation (mIoU%) on the PartNetE dataset via FM knowledge transfer with additional few-shot labels.
 Method FM Bottle Box Chair Display Kettle Knife Lamp Oven Suitcase Table Overall 
 PointNet++ (Qi et al., 2017)

Non-FM-based

27.0 24.5 42.2 30.2 28.6 22.2 10.5 19.4 3.3 7.3 20.4  
 PointNext (Qian et al., 2022) 67.6 69.4 65.1 53.7 60.6 59.7 55.4 36.8 14.5 22.1 40.6  
 ACD (Gadelha et al., 2020) 22.4 21.1 39.0 29.2 40.2 39.6 13.7 8.9 13.2 13.5 23.2  
 Prototype (Zhao et al., 2021) 60.1 68.8 70.8 67.3 62.7 50.4 38.2 36.5 35.5 25.7 44.3  
 Point-M2AE (Zhang et al., 
2022a)

72.4 79.0 83.4 74.3 64.3 68.0 57.6 53.3 57.5 33.6 56.4  

 PartSLIP (M. Liu et al., 2023)
GLIP

83.4 84.5 85.3 84.8 77.0 65.2 60.0 73.5 70.4 42.4 59.4  
 PartDistill (Umam et al., 2024) 84.6 87.9 88.4 87.4 78.6 71.4 69.2 72.8 73.4 63.3 65.9  
 PartDistill++ 84.5 88.5 88.2 87.6 78.9 71.6 70.1 72.6 73.2 64.3 66.5  
 PartSTAD (Kim and Sung, 
2024) GLIP, SAM 83.6 81.1 85.3 82.3 84.2 63.8 68.4 71.9 68.3 47.8 65.0  

 PartDistill++ 84.5 90.8 87.5 87.6 78.6 72.6 72.8 71.9 73.8 65.6 69.5  
 PartDistill++ CLIP, GLIP, SAM 84.6 92.8 88.9 88.6 79.5 73.8 73.4 73.2 74.5 65.4 69.6  
4.4. Ablation studies

Proposed components. We conduct ablation studies on the pro-
posed components, and the mIoU scores computed between the 3D seg-
mentation output and ground-truth labels of the ShapeNetPart dataset 
are presented in Experiments (1) ∼ (9) of Table  4. First, we compare the 
segmentation performances obtained via direct voting and cross-modal 
distillation. In Experiment (1), direct voting is used to obtain the 3D 
segmentation results, where part labels are assigned by voting from 
multi-view box predictions made by GLIP. In contrast, in Experiment 
(2), the segmentation results are achieved through cross-modal distil-
lation, which minimizes Ldistill, employing 2D GLIP and a 3D encoder as 
the teacher and student networks, respectively, leveraging the strengths 
of both modalities.

Based on the mIoU scores in Experiments (1) and (2), it is evident 
that 3D segmentation obtained via cross-modal distillation achieves 
a substantial performance improvement, with an mIoU increase of 
10.5% compared to direct voting. Direct voting faces several issues, 
including (III𝟏) uncovered 3D regions in 2D multi-view images, (III𝟐) 
negative transfers due to inconsistency in FM predictions, and (III𝟑) 
lack of knowledge accumulation across different 3D shapes. Cross-
modal distillation alleviates these issues by simultaneously learning 2D 
features from the FM teacher network and 3D geometrical features from 
the shape collections by the 3D student network.

From Table  1, it can be observed that using individual FM produces 
satisfactory segmentation on several categories but lower quality results 
on others, with different FMs exhibiting varying patterns. For instance, 
using GLIP produces satisfactory segmentation on the chair category 
but lower quality on the earphone category, while using CLIP yields 
favorable segmentation on the earphone category but less favorable re-
sults for the airplane category. We then investigate the complementary 
impact of using multiple FMs in cross-modal distillation. In Experiments 
(2) and (3), we present the segmentation performances obtained by 
distilling individual GLIP and CLIP models, respectively. In Experiment 
(4), we jointly employ GLIP and CLIP, distilling the predictions from 
both into the 3D student network, resulting in a notable improvement 
of 4.6% higher mIoU compared to the best result of using individual 
FMs in Experiments (2) and (3).

However, distilling multiple FMs by naively merging predictions 
from them, such as GLIP and CLIP in Experiment (4), may hinder 
optimal performance. Not all knowledge from individual FMs is ben-
eficial, and incorporating unfavorable knowledge can degrade the final 
segmentation results, preventing the achievement of optimal perfor-
mance. To address this, we incorporate our Knowledge Enhancer Module
(KEM) in Experiment (5). The KEM performs purification (F1), filtering 
out undesirable portions of the knowledge from GLIP and CLIP, while 
retaining only the beneficial parts. As shown in Experiment (5), a 
substantially higher mIoU of 4.3% is achieved compared to Experiment 
(4). By purifying each FM’s knowledge, the KEM enhances the knowl-
edge source, subsequently improving the final 3D segmentation. The 
visualization of this knowledge purification, particularly from GLIP and 
CLIP, is depicted in the left part of Fig.  5.
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Table 4
Ablation studies on the proposed method.
 No Employed FM Distill.

(Ldistill)
KEM
(Lmapping)

Re-
scoring

mIoU 

 GLIP CLIP SAM  
 1 3 50.3  
 2 3 3 60.8  
 3 3 3 60.1  
 4 3 3 3 65.4  
 5 3 3 3 3 69.7  
 6 3 3 3 3 67.5  
 7 3 3 3 3 3 72.2  
 8 3 3 3 3 w/o SAM

purification
71.3  

 9 3 3 3 3 one-time 69.5  

Under the same setting where GLIP and CLIP are employed as the 
FMs, we adopt the re-scoring mechanism introduced in our preliminary 
work, PartDistill, which updates the score of each FM’s knowledge 
unit based on its quality. The result provided in Experiment (6) shows 
notably lower performance compared to (5), which uses the KEM. This 
is because the re-scoring mechanism enhances the knowledge only once 
through a one-time, and penalizes each piece of knowledge as a whole, 
leaving undesirable portions intact (see the red arrows in Fig.  5). In 
contrast, the KEM iteratively enhances the knowledge, extracting the 
beneficial portions and filtering out the undesirable parts.

Unlike PartDistill’s re-scoring mechanism, which is limited to ac-
cepting semantically aware FMs, the KEM can work with semantically 
agnostic FMs. SAM, a semantically agnostic FM, produces segments 
with more precise boundaries (Fig.  5 shows two examples of such seg-
ments in black) and can potentially improve the segmentation results. 
In addition to performing knowledge purification (F1), the KEM also 
conducts semantic propagation (F2), assigning appropriate semantics 
to the SAM’s knowledge units as it learns semantic mapping via Eq. (3) 
using CLIP and GLIP. The visualization of this semantic propagation 
is shown in the right-hand side of Fig.  5. Integrating SAM through the 
KEM achieves a significantly higher mIoU of 72.2%, compared to 69.7% 
without SAM, as shown in Experiments (7) and (5), respectively. This 
improvement highlights a capability that PartDistill does not support: 
semantic propagation that assigns part semantics to class-agnostic SAM 
segments, enabling their effective use in the distillation process.

We then ablate the KEM under different settings. First, we turn off 
knowledge purification for SAM, i.e., only propagating semantics and 
using their original segments as they are. Note that turning off the 
knowledge purification for GLIP and CLIP is equivalent to the result 
in Experiment (4). Turning off knowledge purification for SAM in the 
KEM, as presented in Experiment (8), leads to a notable degradation 
in mIoU compared to Experiment (7). This highlights the importance 
of both (F1) knowledge purification and (F2) semantic propagation in 
SAM to reach better segmentation results.

Next, we make the KEM perform one-time enhancement instead 
of iterative enhancement. Specifically, we pre-train the KEM and use 
it in the distillation pipeline without further updating its parameters. 
In this setting, as shown in Experiment (9), the mIoU experiences a 
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Fig. 5. Visualization of the enhanced knowledge using the PartDistill rescoring 
mechanism and our Knowledge Enhancer Module (KEM) in PartDistill++. 
Given a GLIP’s bounding box and CLIP’s segment that locate the earcup and 
headband of the earphone shape, respectively, beyond the desired semantics, 
our KEM performs knowledge purification (F1), which filters out the undesired 
parts. In contrast, PartDistill’s rescoring only updates the confidence scores, 
leaving the undesired segment intact (as indicated by the red arrows). For 
SAM, given semantically agnostic segments, our KEM conducts semantic 
propagation (F2), assigning appropriate semantics. However, in PartDistill, 
these segments remain semantically agnostic since it lacks the capability to 
handle such segments.

Fig. 6. Ablation study on different EMA decay rate values on the ShapeNetPart 
dataset.

notable drop, highlighting the importance of iterative enhancement in 
the KEM. 

EMA decay rate. As discussed in Section 3.4 in the main paper, to 
stabilize the simultaneous optimization of the KEM parameters and the 
student network parameters in our pipeline, we take the exponential 
moving average of base network parameters to update the EMA net-
work. This stabilization is crucial for maximizing the effect of iterative 
enhancement in the KEM. Specifically, we ablate the EMA decay rate 𝛾
from 0 to 1 in Eq. (4), where a higher value represents greater stability 
but results in slower updates regarding the enhancement ability from 
the base network, and vice versa. Under different settings of the EMA 
decay rate 𝛾, mIoU scores are collected from the ShapeNetPart dataset 
and presented in Fig.  6.

From the figure, our method achieves satisfactory segmentation 
performance across a broad range of decay rate values, specifically 
from 𝛾 = 0.2 to 𝛾 = 0.8, with the best performance at 𝛾 = 0.7, 
9

Table 5
Inference time and number of parameters comparison with benchmark meth-
ods, run in NVIDIA A5000. 
 Method Inference time (ms) Numb. of params.
 Rendering 2D 3D 3D 2D  
 PointCLIPv2 (Zhu et al., 2023) 232 44 4 – 149.6 M 
 GeoZe (Mei et al., 2024) 232 44 29 – 149.6 M 
 SATR (Abdelreheem et al., 2023) 2.0 K 11.2 K 649.6 K – 430.4 M 
 PartSLIP (M. Liu et al., 2023) 9.8 K 3.4 K 41.9 K – 430.4 M 
 Ours – – 25 26.9 M –  

resulting in an mIoU of 72.2%. When 𝛾 is 0.1 or lower, the mIoU 
performance decreases, indicating that the learned enhancement ability 
in the base network has not been stable enough to effectively contribute 
to updating the EMA network. At 𝛾 = 0, it is equivalent to directly using 
the base network, resulting in the instability and a suboptimal mIoU 
of 69.2%. For 𝛾 = 0.9 or higher, the mIoU also degrades because the 
updates from the base network are too slow. Setting 𝛾 to 1 is equivalent 
to the one-time enhancement presented in Experiment (9) of Table  4 
in the main paper, where the KEM uses the initial parameters of the 
network, from the training right after the warm-up epochs, and does 
not get updated on the remaining optimization epochs.

4.5. Computational comparison

Table  5 presents a comparative analysis of inference latency and 
parameter count across several benchmark methods, evaluated on an 
NVIDIA A5000 GPU. In contrast to prior approaches that rely on 
heavy 2D backbones and rendering pipelines, our method is entirely 
distillation-based. Once the distillation process is complete, inference 
proceeds directly on raw point clouds, eliminating the need for image 
rendering and 2D teacher inference.

This architectural shift yields substantial computational savings. 
Methods such as SATR and PartSLIP suffer from high latency due to 
their dependence on large 2D teachers (e.g., 430.4M parameters from 
GLIP) and computationally intensive 3D voting mechanisms–such as 
geodesic reweighting in SATR and superpoint generation in PartSLIP. 
In contrast, our distilled model completes inference in just 25 ms, using 
only 26.9M parameters from a lightweight 3D student network. While 
PointCLIPv2 and GeoZe offer faster runtimes than SATR and PartSLIP, 
they still rely on 2D backbones (149.6M parameters from CLIP) and 
rendering stages, resulting in overall latency more than an order of 
magnitude higher than ours.

By decoupling from the 2D teacher and optimizing a lightweight 3D 
student with our framework, the proposed method not only achieves 
desirable inference speed but also delivers state-of-the-art segmentation 
performance. This makes it particularly well-suited for real-time de-
ployment scenarios, where latency and memory constraints are critical. 
The omission of rendering and 2D inference stages is a deliberate 
architectural choice—made possible through our framework.

4.6. Real-world demo on scanned point clouds

To demonstrate the robustness and real-world applicability of our 
method, we conduct experiments on real-world scanned point clouds 
provided by PartSLIP. These point clouds are captured using an iPhone 
12 Pro Max equipped with a LiDAR sensor and contain realistic chal-
lenges such as sensor noise and non-uniform point density. Note that 
this real-world data does not provide ground-truth labels.

We apply our method to these scans by first uniformly sampling 
2048 points from each input point cloud and performing part seg-
mentation on this sparse representation. The predicted labels are then 
transferred to the original dense point cloud via k-nearest neighbor vot-
ing with 𝑘 = 20. Fig.  7 shows qualitative results on two representative 
object categories, display and chair. From left to right, we visualize 
the raw input point cloud, the segmentation results on the 2048-point 
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Fig. 7. Part segmentation on real-world scanned point clouds. From left 
to right: the raw input point cloud, the segmentation on the 2048-point 
subsampled cloud, and the segmentation transferred to the original dense scan.

subsampled cloud, and the segmentation transferred to the original 
dense scan. As shown in the figure, our method produces coherent and 
semantically meaningful part segmentation on real-world scans, and 
the transferred predictions preserve meaningful part structures on the 
dense point cloud.

One reasonable explanation for this strong real-world generalization 
is that our FM teachers are trained on large-scale datasets, including 
real-world data, which provide strong semantic priors and improve gen-
eralizability across domains. These additional experiments demonstrate 
that our method is not limited to clean synthetic benchmarks and can 
be effectively applied to real-world scanned point clouds.

5. Conclusion

In this work, we extend our preliminary study, PartDistill, to de-
velop a more robust framework for 3D shape part segmentation, named 
PartDistill++. By leveraging the strengths of multiple foundation mod-
els (FMs), including semantically aware and semantically agnostic FMs, 
PartDistill++ effectively addresses the challenges of transferring 2D 
FM predictions to 3D segmentation. The introduction of the knowl-
edge enhancer module, with its purification and semantic propagation 
functionalities, enables the careful extraction of beneficial knowledge, 
harnessing the strengths of each FM while mitigating individual weak-
nesses. This module ensures the enhanced knowledge is distilled into 
the 3D student network, resulting in significant improvements over our 
previous work. Extensive experiments demonstrate that PartDistill++ 
significantly surpasses existing methods on major benchmark datasets, 
including ShapeNetPart and PartNetE.
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