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Abstract

Vision transformers (ViTs) have recently been widely ap-
plied to 3D point cloud understanding, with masked autoen-
coding as the predominant pre-training paradigm. However,
the challenge of learning dense and informative semantic
features from point clouds via standard ViTs remains un-
derexplored. We propose MaskClu, a novel unsupervised
pre-training method for ViTs on 3D point clouds that inte-
grates masked point modeling with clustering-based learning.
MaskClu is designed to reconstruct both cluster assignments
and cluster centers from masked point clouds, thus encour-
aging the model to capture dense semantic information. Ad-
ditionally, we introduce a global contrastive learning mech-
anism that enhances instance-level feature learning by con-
trasting different masked views of the same point cloud. By
jointly optimizing these complementary objectives, i.e., dense
semantic reconstruction, and instance-level contrastive learn-
ing. MaskClu enables ViTs to learn richer and more seman-
tically meaningful representations from 3D point clouds. We
validate the effectiveness of MaskClu via multiple 3D tasks,
including part segmentation, semantic segmentation, object
detection, and classification, setting new competitive results.

Introduction

Unsupervised pre-training has proven to be highly effective
in enhancing point cloud understanding, sparking the de-
velopment of numerous unsupervised methods (Mei et al.
2022b; Eckart et al. 2021; Liang et al. 2024; Zheng et al.
2024; Ma et al. 2025) specifically tailored for 3D point
clouds. In general, unsupervised point cloud pre-training
approaches can be categorized into three main types: con-
trastive learning (Grill et al. 2020), clustering-based learn-
ing (Mei et al. 2022a), and generative learning (Zheng
et al. 2024). Contrastive learning (Rao, Lu, and Zhou 2020;
Sanghi 2020) has shown remarkable success in recent point
cloud representation tasks. Its core idea is to align repre-
sentations with positive examples while pushing them away
from negative ones, relying heavily on strong data augmen-
tations and scaling effectively with large datasets.
Clustering-based methods (Mei et al. 2022b, 2024), which
require minimal domain knowledge, have gained promi-
nence in the pre-training of both 2D and 3D networks. These
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Figure 1: The proposed MaskClu (c) combines the strengths
of masked modeling (a) and clustering-based learning (b) to

produce more informative representations.

approaches group similar feature embeddings and refine net-
work parameters via pseudo-labels generated through clus-
tering. Unlike contrastive learning, which primarily captures
intra-object invariance, clustering methods enable the explo-
ration of inter-object similarities (Zhan et al. 2020). On the
generative side, methods such as autoencoders (Yang et al.
2018), adversarial generative networks (GAN) (Sarmad, Lee
et al. 2019), and autoregressive models (Sun et al. 2020)
have been effective in capturing the low-level properties
of point clouds. In particular, masked autoencoders (e.g.,
Point-MAE (Liu, Cai, and Lee 2022), Point-M2AE (Zhang
et al. 2022d)) pre-train point cloud ViTs by reconstructing
masked point patches, and have outperformed contrastive
learning as the state-of-the-art unsupervised approach.
However, MAEs optimize a point-level reconstruction ob-
jective that emphasizes spatial relationships in the learned
features rather than capturing semantic information. In con-
trast, clustering methods focus on higher-level feature simi-
larity, producing more semantically meaningful dense repre-
sentations. This raises an interesting question: Can we com-
bine the strengths of both masked modeling and clustering
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learning to achieve better representations? Moreover, con-
sidering that both local and global shape information are es-
sential in 3D point cloud analysis, i.e., local information cap-
tures the overall structure, while local information provides
the fine-grained details crucial for a detailed understanding.

These insights led us to develop MaskClu, a masked clus-
tering prediction approach for unsupervised point cloud pre-
training that combines the benefits of both masked model-
ing and clustering. Specifically, MaskClu applies a graph
convolutional network (GCN) to reconstruct both clustering
assignments and cluster centers from masked point clouds,
enhancing semantic consistency. To further enrich the rep-
resentations, we incorporate contrastive learning to capture
global features effectively. Fig. 1 highlights the differences
between MaskClu and prior SOTA solutions. Unlike Point-
Clustering (Long et al. 2023), which clusters based solely
on coordinates and supervises via cross-view feature sim-
ilarity, MaskClu exploits both geometric and feature cues,
and learns by reconstructing cluster assignments and cen-
ters, yielding more robust and semantic representations.

We assess the effectiveness of MaskClu on four bench-
marks, including part segmentation, semantic segmentation,
object detection, and classification (Chang et al. 2015; Ar-
meni et al. 2016; Dai et al. 2017; Uy et al. 2019). MaskClu
demonstrates strong cross-task transferability and delivers
competitive performance on dense prediction benchmarks.

Our main contributions are summarized as follows:

* We present a novel ViT-based unsupervised pretraining
framework for 3D point clouds that unifies masked point
modeling with clustering-based representation learning.

* We introduce a cluster reconstruction objective that pre-
dicts both cluster assignments and centers from masked
point clouds, enabling dense semantic feature learning.

* We design an instance-level contrastive strategy by con-
trasting dual masked views to enhance the discriminabil-
ity of learned representations.

» Extensive experiments on multiple benchmarks demon-
strate the superiority of our approach over prior state-of-
the-art unsupervised methods in dense prediction tasks.

Related Work

Contrastive learning has become a prominent framework
for unsupervised point cloud representation learning, aim-
ing to maximize agreement between different augmentations
of the same point cloud while minimizing similarity across
distinct samples. Initially proposed for 2D images (Chen,
Kornblith et al. 2020; Grill et al. 2020), it has been effec-
tively extended to 3D data (Huang et al. 2021; Sanghi 2020;
Rao, Lu, and Zhou 2020). For instance, Info3D (Sanghi
2020) optimizes mutual information between parts of a
point cloud and its transformations to enhance representa-
tion quality. PointContrast (Xie et al. 2020) was an early
milestone, followed by PointDisc (Liu et al. 2022), which
improved feature consistency via geometric priors. Mask-
Point (Liu, Cai, and Lee 2022) introduces a binary classifi-
cation task to distinguish masked object points from noise,
while ReCon (Qi et al. 2023) embeds contrastive objectives
into generative pipelines to mitigate overfitting in ViT-based
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methods. Multimodal extensions further enrich this line of
work: Jing et al. (Jing, Zhang, and Tian 2021) leverage 2D-
3D correspondences to boost discriminability, and CLIP-
inspired approaches such as ULIP (Xue et al. 2023) and
PointCLIP (Zhang et al. 2022b) demonstrate the benefit of
incorporating multimodal supervision (Radford et al. 2021).
Despite these advances, contrastive methods often underper-
form when applied to point cloud ViTs.

Clustering learning is an emerging unsupervised paradigm
that discovers latent structures by grouping similar feature
representations, where the resulting clusters are often used
as pseudo-labels to guide representation learning. Deep-
Cluster (Caron et al. 2018) iteratively refines representa-
tions by applying K-means to 2D features and using cluster-
based pseudo-labels, and SL3D (Cendra et al. 2022) extends
this idea to 3D via even-cluster sampling for higher-quality
pseudo-labels in 3D recognition. SoftClu (Mei et al. 2022b)
and CluRender (Mei et al. 2024) leverage clustering and
differentiable rendering to extract discriminative features.
PointClustering (Long et al. 2023) aligns clusters across dif-
ferent views of a point cloud to improve point- and instance-
level invariance, yielding a robust geometric—semantic mod-
eling framework. However, clustering-based approaches in
point cloud ViTs remain in an early stage.

Generative models in unsupervised learning reconstruct
point clouds from latent representations by encoding in-
puts into a feature space and decoding them back. Fold-
ingNet (Yang et al. 2018) uses a graph-based encoder and
a folding decoder to deform a 2D grid into a 3D shape,
while Liu er al. (Liu, Han et al. 2019) extend it with a
local-to-global autoencoder. GAN-based methods Panos et
al. (Achlioptas, Diamanti et al. 2018) combined hierar-
chical Bayesian modeling with GANSs to synthesize realis-
tic 3D shapes. Inspired by MAE (He et al. 2022), Point-
MAE (Pang et al. 2022) simplifies training via MAE. Point-
M2AE (Zhang et al. 2022a) adopts a hierarchical design to
capture multiscale geometric details, while GD-MAE (Yang
et al. 2023) extends visible regions to reconstruct masked
areas via a generative decoder. Multimodal integration fur-
ther enriches representations: PIMAE (Chen et al. 2023)
applies cross-modal masking to fuse visual and geomet-
ric cues. TAP (Wang et al. 2023) and Ponder (Huang
et al. 2023) leverage 2D projections for pretraining. Joint-
MAE (Guo et al. 2023) models 2D-3D interactions, and
PointGPT (Chen et al. 2024) extends the GPT framework to
point clouds. PointDif (Zheng et al. 2024) incorporates dif-
fusion models (Ho, Jain, and Abbeel 2020; Wei et al. 2023)
into MAE, while PointMamba (Liang et al. 2024) pioneers
state space models (Gu, Goel, and Ré 2022) for point cloud
pretraining. Despite progress, generative models remain sen-
sitive to geometric transformations (i.e., rotation, transla-
tion) and struggle to reconstruct point clouds from invariant
features, limiting their usefulness for downstream tasks.

Methodology

Preliminary: Point Patch Embedding

We follow Point-BERT (Yu et al. 2022) by first divid-
ing the input point cloud (P € R¥*3, where H denotes
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Figure 2: The architecture of the proposed MaskClu for unsupervised point cloud representation learning integrates local clus-
tering and global contrasting. The former learns dense, fine-grained features, while the latter captures instance-level features.

the number of points) into irregular point patches via Far-
thest Point Sampling (i.e., FPS(-)) and K-Nearest Neigh-
bors (i.e., KNN(-)). This outputs N center points C (C =
FPS(P),C € RNV*3) and the corresponding neighbor points
P; (P; = KNN(P,C), P € RV>*kX3) for each center point.
Finally, a lightweight PointNet (Li et al. 2018) (denoted as
PN(+)) is applied to the point patches to obtain the embed-
ded tokens 7 = {T1,T%,--- ,Tn}, where T = PN(P)
and 7 € RV >4, with d representing the feature dimension.
These tokens are then sent to a standard ViT encoder.

Overview

To develop an unsupervised training approach for a standard
ViT encoder, f, : R"™V*d — R™V*d \where r denotes the
mask ratio in the MAE. f, is designed to learn informa-
tive patch features (F = {f; = f,(T;)},) and a global
representation f.;s of P, ultimately benefiting downstream
tasks. The pipeline of our MaskClu is presented in Fig. 2.
We adopted a Siamese architecture (Grill et al. 2020; Chen
and He 2021) to perform both patch-level local masked clus-
tering learning and object-level global contrastive learning
during unsupervised pre-taining. MaskClu begins by gen-
erating two randomly masked views, 7 and Tb, from the
patched features 7 via two random masks, m, and my,. f, is
then applied to obtain the features [f4_, F°] and [f5,, F?].
Next, F¢ and F?, along with the learnable token 7™« and
T corresponding to the masked patches, are passed to a
weight-sharing decoder dj that reconstructs the full feature
representations (F 3 and }-fb%)- These reconstructed features,
combined with the center points C, are used for masked clus-
tering learning, enhancing f,’s ability in dense prediction
tasks. Meanwhile, the feature pairs [f%_, ] and [f?,,, F]

a
clsy clss
are used for global contrastive learning, strengthening the
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global representation capabilities of f,.

Masked Clustering Learning

Traditional MAEs reconstruct masked points by aligning
them with a fixed ground-truth shape (Liu, Cai, and Lee
2022; Ren et al. 2024). However, this ground truth corre-
sponds to a single instance from a broader distribution, mak-
ing optimization challenging and limiting the learning of
rotation-invariant features. Furthermore, object-level MAEs
often underperform on dense prediction tasks because their
objective prioritizes exact geometry reconstruction over cap-
turing higher-level semantic structures, resulting in poor
generalization. In contrast, clustering can uncover latent
structures by grouping similar feature representations, mak-
ing it a powerful complement to MAE-based approaches.
Yet, conventional clustering suffers from ambiguous group
assignments, particularly when applied independently to ge-
ometric or semantic cues. While prior work has addressed
these aspects in isolation, achieving joint geometric and se-
mantic coherence remains an open challenge.

Geo-semantic graph construction To improve clustering
quality, we incorporate geometric cues alongside semantic
features. Using only feature space can miss spatial rela-
tionships, e.g., symmetrical airplane wings may look sim-
ilar in feature space but differ in spatial layout. By learn-
ing representations that are both semantically meaningful
and geometrically consistent, our clustering better reflects
the true structure of the scene. Given the reconstructed fea-
ture matrix Fr € RV*P and the center point coordinates
C € RV*3 of each point patch, we construct a geo-semantic
graph G = {C,W} by performing Alg. 1, where W is
an affinity matrix. Focusing on predetermined anchors, we
build W by calculating Euclidean distances for spatial prox-
imity, linking points to neighbors within a set radius, and in-



Algorithm 1: Geo-Semantic Graph Construction

Require: Center points C € RY*3, reconstructed features
Fr € RNXD ‘neighbors k

Ensure: Affinity matrix YW € RVXN

1: Dis ¢ cdist(C,C) # Pairwise distance matrix

2: knn_indices < topk(Dis, k) # Indices of k nearest
neighbors
Csim < 1+ Fgr - ]—'1;[ # Cosine similarity
W < Csim ©knn_mask  # Masked by top-k neighbors
W <+ exp (Dis — Dis) ® W with Dis; = Zj Dis;;
# Weighted by pairwise distance
6: W WIW?!
7: Wi, i] < 0,
8: return W

W

# Symmetric matrix
Vi  # No self-loops

corporating cosine similarity in feature space. Weighted by
spatial distances, the resulting W robustly combines spatial
and semantic information for clustering.
MinCut clustering uses Fr and W from graph G to create
semantically and geometrically coherent clusters, aggregat-
ing Fr into K meaningful groups.

Specifically, we perform message passing to propagate in-
formation across connected nodes to refine Fr, leveraging
the geometric and semantic relationships in W by:

out = ReLUW - W,, Fg) + W, Fg, 6]

where W ,,, and W are learnable weight matrices for mix-
ing and skip connections. The output out refines the char-
acteristics of each node by integrating information from
its local neighborhood, effectively capturing both semantic
and spatial relationships. To establish clusters, we further
transform this refined feature set to produce a score matrix
SERN*K that assigns each node to one of K clusters:

S = sofmax (Wz(ReLU(W; - out))/7), )

where W7 and Wy, are learnable projection weights that
control the transformation into cluster space, and 7 is a
temperature parameter that tunes the sharpness of the as-
signment distribution. Using the assignment scores in .S,
we then calculate the pooled center points C* = {C“| j=
1,2,...,K},z € {a,b}, which represent the centroids of
each cluster and provide a consolidated spatial representa-
tion of the clusters. Specifically, we aggregate the original
center points into cluster centroids as follows:

T = Z = Z SjCi, Cr e REXS,
1=1"17 i=1

This step aggregates information from multiple nodes into
compact representative points, where each row of C cor-
responds to the center of a distinct cluster. Applying Min-
Cut clustering on the geo-semantic graph produces a robust
structure that mitigates semantic ambiguities while preserv-
ing geometric distinctions. This integration is beneficial for
complex shapes in 3D scenes, resulting in a feature space
that accurately reflects the data’s intrinsic structure.
Cluster center reconstruction Unlike conventional MAE
methods focused on reconstructing individual points, our ap-
proach focuses on the reconstruction of cluster centers (i.e.,

3
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cluster centroids 5), based on the assumption that these cen-
ters should form a balanced and uniform partition of the
point cloud. Focusing on centroids yields a more structured
representation of the underlying geometry. The reconstruc-
tion objective for cluster centers is defined as:

Les = chamfer(C?,C?) 4 chamfer(C®,C%), 4)

where chamfer(-) denotes the Chamfer distance (see Supp.
Mat. for details). This objective encourages consistent clus-
ter center reconstruction across different masked versions of
the same point cloud, reinforcing both geometric and seman-
tic alignment. Reconstructing cluster centers instead of in-
dividual points, this method achieves a compact, high-level
view of the data structure that aligns with the clustering ob-
jectives outlined in previous sections.

Cluster assignment reconstruction To compute the final
assignment of the cluster, we first derive the cluster assign-
ment matrix I', which reflects the probability that each node
will be assigned to each cluster, balancing the semantic and
geometric information captured through the previous graph
construction and message passing steps. Assuming that each
point cloud is divided into approximately equal-sized parti-
tions of | % | elements, we minimize the distance between
each point C¥ and its assigned cluster centroid C?, subject to
balanced assignments across clusters, i.e.: '

TS
. T Y Ty
H}‘ln N Z Z ||ClL - CJ ||21—"Lj ’
i=1 j=1 5
1
N
where x=a,y=0b or x=b,y=a. This constraint enforces
equal distribution of points across clusters, aligning each
node with its most suitable cluster centroid.
To ensure consistency between bidirectional assignments,
we define the following loss function:

S.t. meTIN = El[{, F].JI:(y = 1n,

Z stop( Fab ) log st +st0p(F$;’J‘-‘)log Sijs (6)
4,5=1

where stop(-) halts gradient propagation during backpropa-
gation for stability. By minimizing L,, the assignment of
the cluster is refined and reconstructed, ensuring the align-
ment between the geometric and semantic spaces.

ais**

Global Contrastive Constraint

We devise the proposed global unsupervised learning based
on SimSiam (Chen and He 2021). As shown in Fig. 2, our
architecture processes two randomly masked views, 7® and
T, derived from a single set of point patch embeddings 7.
The contrastive learning paradigm in MaskClu is outlined in
Alg. 2, where L onas denotes the contrastive loss.

Optimization Objectives

By considering both the masked clustering and contrastive
learning, the standard ViTs encoder can be pretrained by
minimizing the following objectives:

= Eass + Ects + ‘Ccontm,& (7)

Etotal



Algorithm 2: Contrastive PyTorch-like Pseudocode

I # f,: backbone

2 # h : max-pooling operation

3 for x in loader: # load a batch x with n samples

4 T, T® = aug(T), aug(T) # random mask aug

5 (Faar Fol0 Uffe FU1 = fo (T, fo(TY)

6 2%, 2z° = pooling(F®), pooling (F?®)

7 L = D(f&,, 2°) + D(fh,, 2%) # loss

8 L.backward() # back-propagate

9 update (f,) # SGD update

10

11 def D(f, z): # negative cosine similarity

12 z = z.detach() # stop gradient

13 sl= cos(f, z)

14 f = f.detach()

15 z = z.requires_grad_() # re-enable gradient

16 s2= cos(f, z)

17 return (2 - sl - s2).sum(dim=1) .mean ()
Experiments

In this section, we first validated MaskClu on 4 downstream
tasks, and then present the ablation analysis. The implemen-
tation and other details are provided in our Supplementary
Materials (Supp. Mat.).

Downstream tasks

We assess the efficacy of our method by fine-tuning our pre-
trained models on several downstream tasks, i.e., part seg-
mentation, semantic segmentation, classification, and few-
shot learning. We compare MaskClu with existing methods
with Point Trans. (Engel, Belagiannis, and Dietmayer 2021),
PCT (Sauder and Sievers 2019), PointVit-OcCo (Wang
et al. 2021), Point-BERT (Yu et al. 2022), MaskPoint (Liu,
Cai, and Lee 2022), Point-MAE (Pang et al. 2022), Point-
M2AE (Zhang et al. 2022a), Point-MA2E (Zhang et al.
2022d), Point-CMAE (Ren et al. 2024), OcCo (Wang et al.
2021), and CrossPoint (Afham et al. 2022).

Part segmentation. Since one component of MaskClu in-
volves clustering, which tends to capture regional seman-
tic information, we initially assess our pre-trained models
on part segmentation tasks. We evaluate the segmentation
performance of the proposed MaskClu on the ShapeNet-
Part dataset (Chang et al. 2015), The segmentation head
used in our method follows the design of Point-MAE, re-
maining relatively simple without employing any propa-
gating operations (Qi, Yi et al. 2017) or DGCNN (Wang
et al. 2019). Following PointM2AE (Pang et al. 2022), we
extract features from the 4th, 8th, and 12th layers of the
Transformer block and concatenate these multi-level fea-
tures to form the final representation. The mean intersec-
tion over union across all categories, i.e., mloUc (%), and
the mean IoU across all instances, i.e., mloU; (%), are re-
ported. Tab. 1 (Part Seg.) presents the part segmentation
results of MaskClu compared to alternative approaches on
ShapeNetPart. MaskClu outperforms all other methods in
terms of mloU with a standard ViTs architecture. With
MaskClu, we achieve the highest mloUy of 87.4%, surpass-
ing the second best method (CluRender) by 0.5%. Further-
more, MaskClu reaches 85.6% in mloUc, outperforming
Point-FEMAE and other competitive baselines. These re-
sults highlight the superior performance of MaskClu in part
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Methods Part Seg. Semantic Seg.

mloUc mloU;y mAcc mloU
with single-modal self-Supervised Learning

Scratch 834 84.7 68.6  60.0

Point-BERT (Yu et al. 2022) 84.1 85.6

MaskPoint (Liu, Cai, and Lee 2022) 84.4 86.0 - -

Point-MAE (Pang et al. 2022) 84.2 86.1 69.9 60.8

Point-M2AE (Zhang et al. 2022d) - 86.4

PointGPT (Chen et al. 2024) 84.1 86.2

Point-FEMAE (Zha et al. 2024) 84.9 86.3 -

SoftClu (Mei et al. 2022b) - 86.1 - 61.6

MaskSurf (Zhang et al. 2022c) 84.6 86.1 69.9 61.6

Point-CMAE (Ren et al. 2024) 84.9 86.0 - -

PCP-MAE (Zhang, Zhang, and Yan 2024)  84.9 86.1 71.0 613

MaskClu (Ours) 85.2 86.4 713  62.1

with hierarchical/multimodal/self-supervised learning

Point-M2AE (Zhang et al. 2022a) 84.8 86.5

CrossPoint (Afham et al. 2022) - 85.5 -
CluRender (Mei et al. 2024) - 86.9 62.6
PointGPT-L (Chen et al. 2024) 84.8 86.6

ACT (Dong et al. 2022) 84.7 86.1 -
ReCon (Qi et al. 2023) 84.8 86.4 71.1 612
PointClustering (Long et al. 2023) - 86.7 65.6
MaskClu (Ours) 85.6 87.4 722 664

Table 1: Segmentation results on ShapeNetPart and S3DIS
Area 5. mloUc (%) and mloUy (%) for Part Segmentation,
and mAcc (%) and mloU (%) for Semantic Segmentation.

segmentation. The qualitative results in Fig. 3 indicate that
compared to GT or PointMAE, our method produced consis-
tent predictions across various object categories, especially
for complex shapes like chairs or motorcycls.

Semantic segmentation involves classifying each point
in 3D scenes according to its semantic category. Specifi-
cally, we assess MaskClu via using the S3DIS benchmark
dataset (Armeni et al. 2016). Following the pre-processing,
post-processing, and training protocols in (Wang et al.
2021), we divide each room into 1m x 1m blocks and
use 4,096 points as input to the model. We fine-tune the
pre-trained model on Areas [1, 2, 3, 4, 6], and evaluate
it on Area 5. Tab. 1 (Semantic Seg.) presents the seman-
tic segmentation results of MaskClu compared with other
methods on Area 5 of the S3DIS dataset. We report the
overall accuracy (OA) and mean class intersection over
union (mloU). MaskClu outperforms all single-modal self-
supervised learning approaches, achieving the best mAcc of
72.2% and mloU of 66.3%. Specifically, MaskClu surpasses
the second-best method, PointClustering (Long et al. 2023),
by 0.9% in mloU and ReCon (Qi et al. 2023), by 1.1% in
mAcc, demonstrating its superiority in semantic segmenta-
tion. These results demonstrate the robust generalizability
and consistent accuracy of MaskClu in handling complex,
diverse scenes—even without multi-modal input.

3D object detection. We adopt 3DETR (Misra, Girdhar, and
Joulin 2021) as our baseline, and follow MaskPoint (Liu,
Cai, and Lee 2022) by replacing the 3DETR encoder with
our pre-trained encoder, then fine-tuning on ScanNetV2 (Dai
et al. 2017) for a fair comparison. Unlike MaskPoint and
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Figure 3: Part segmentation results on ShapeNet (Chang et al. 2015) comparing MaskClu(bottom row) using the ViT encoder
with PointMAE and ground-truth annotations (top row). Red dashed boxes highlight areas where segmentation failed.

Methods Pre Dataset AP25 APS0
Scratch 62.1 379
Point-BERT (Yu et al. 2022) ScanNet 61.0 38.3
MaskPoint (Liu, Cai, and Lee 2022) ScanNet 63.4 40.6
MaskClu (Ours) ShapeNet 63.9 414
MaskPoint (12 Enc) (Liu, Cai, and Lee 2022) ScanNet 64.2 42.1
MaskClu (Ours, 12 Enc) ShapeNet 65.0 43.2

Table 2: 3D object detection on ScanNet validation set.

Point-BERT, which are pre-trained on the ScanNet-Medium
dataset (within the same domain as ScanNetV2), our method
is pre-trained only on ShapeNet and fine-tuned on the Scan-
NetV2 training set. As shown in Tab. 2, MaskClu achieves
an AP50 of 41.4, outperforming Point-BERT by 3.1% and
MaskPoint by 0.8% in AP50. Additionally, with a 12-layer
encoder, MaskClu reaches an AP50 of 43.2, which rep-
resents an improvement of 1.1% over MaskPoint’s AP50
of 42.1. These results shows that MaskClu provides strong
transferability for 3D scene understanding tasks.

Object Classification on Real Dataset. We assess MaskClu
on the ScanObjectNN dataset (Uy, Pham et al. 2019), which
consists of 3 subsets: OBJBG (objects with background),
OBJONLY (objects without background), and PBT50RS
(objects with background and artificially applied perturba-
tions). To ensure comparison fairness, we report the results
without a voting strategy (Liu, Fan et al. 2019), and each in-
put point cloud is sampled to 2048 points. Tab. 3 shows that
MaskClu achieves competitive performance: /) With Full
Tuning: MaskClu outperforms nearly all baseline methods
across all subsets, achieving 90.88% on OBJBG, 90.36%
on OBJONLY, and 87.12% on PBT50RS without data aug-
mentation, surpassing Point-MAE and Point-CMAE in these
settings. Compared to MaskPoint, MaskClu shows a signif-
icant improvement, especially on PBT50RS, with a 1.17%
increase in accuracy. Once fine-tuned with rotation data aug-
mentation (used by ACT (Dong et al. 2022) and Point-
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with standard ViTs and single-modal (FULL)
Scratch 22.1 x 79.86  80.55 77.24
OcCo (Wang et al. 2021) 22.1 X 84.85 8554 78.79
Point-BERT (Yu et al. 2022) 22.1 x 8743  88.12 83.07
MaskPoint (Liu, Cai, and Lee 2022)  22.1 x 8930  88.10 84.30
Point-MAE (Pang et al. 2022) 22.1 X 90.02  88.29 85.18
Point-CMAE (Ren et al. 2024) 22.1 X 90.02  88.64 85.95
MaskClu (Ours) 22.1 X 90.88  90.36 87.12
Point-CMAE (Ren et al. 2024) 22.1 v’ 9346  91.05 88.75
PointClustering (Long et al. 2023) 22.1 v - 87.30
PointGPT-S (Chen et al. 2024) 29.2 v’ 9339 9243 89.17
MaskClu (Ours) 22.1 v’ 9359  92.04 89.28
with hierarchical ViTs/multi-modal/post-process (FULL)
Point-M2AE (Zhang et al. 2022a) 15.3 x 9122  88.81 86.43
Joint-MAE (Guo et al. 2023) X 90.94  88.86 86.07
ACT (Dong et al. 2022) 22.1 v’ 9329 9191 88.21
with standard ViTs and single-modal (MLP-LINEAR)
Point-MAE (Pang et al. 2022) 22.1 X 82.58 83.52 73.08
Point-CMAE (Ren et al. 2024) 22.1 X 8348 8345 73.15
MaskClu (Ours) 22.1 x 8418 84.34 76.79
with standard ViTs and single-modal (MLP-3)

Point-MAE (Pang et al. 2022) 22.1 X 8429 8524 77.34
Point-CMAE (Ren et al. 2024) 22.1 x 85.88  85.60 77.47
MaskClu (Ours) 22.1 x 87.44  86.92 79.88

Table 3: Classification results on ScanObjectNN. DA in-
dicates the use of rotation data augmentation during fine-
tuning. The overall accuracy (OA, %) is reported.

GPT (Chen et al. 2024)), MaskClu achieves state-of-the-art
performance of 93.59% on OBJBG, 92.04% on OBJONLY,
and 89.28% on PBT50RS, outperforming ACT by 0.3% on
OBIJBG and by 1.07% on PBT50RS. 2) With MLP-Linear



Figure 4: 4 detection results on ScanNet. Red: GT; Blue: pre-
dictions. Zoom in for better view. The model robustly han-
dles complex 3D scenes with diverse structures and layouts.

| Leontra() Lass@) Lets3) (1,2) 2,3) (1,3) (1,2,3)
PBT50RS |

Loss

86.1 86.5 84.3 86.6 869 864 87.1

Table 4: Ablation study on the impact of joint learning.

#Cluster | 2 4 8 16 24 32

PBT50RS ‘ 85.46 86.32 86.36 86.71 87.12 86.99

Table 5: Ablation on clustering number.

and MLP-3 Fine-Tuning: In both MLP-Linear and MLP-
3 settings, MaskClu demonstrates strong generalization. It
achieves 84.18% on OBJBG, 84.34% on OBJONLY, and
76.79% on PBT50RS in MLP-Linear, and 87.44% on OB-
JBG, 86.92% on OBJONLY, and 79.88% on PBT50RS with
MLP-3. These results highlight the effectiveness of our pre-
training, with MaskClu achieving robust performance on
ScanObjectNN by capturing both shape and semantic details
across diverse objects. More comparisons, including classi-
fication and few-shot learning on the synthetic ModelNet40
dataset (Wu, Song et al. 2015), are provided in Supp. Mat.

Ablation study

Pretraining results. We aim to learn dense features via
pretraining without altering the ViT encoder. To evaluate the
effectiveness of our cluster-assignment reconstruction, we
visualize the pretrained patch features propagated to points
using Superpoint-Aware Feature Propagation (Mei et al.
2025), and color them via PCA projection (Fig. 5). The re-
sulting visualizations show coherent, semantically meaning-
ful regions (e.g., airplane wings, chair legs) with preserved
geometric boundaries, indicating that our pretrained encoder
captures both local geometry and object-level structure.

Impact of the joint learning. To evaluate the effective-
ness of our joint learning objective in MaskClu, we exam-
ined the individual and combined contributions of global
contrast and local clustering. We trained the network un-
der different configurations such as: (i) using only global
contrast (L.ontrq), (ii) using only local clustering with 24
clusters (L4s5), and (iii) combining both global contrast and
local clustering (Lcontra + Lass + Lets). The results on the
PB-T50-RS subset are presented in Tab. 4. Local clustering
alone achieved strong performance, underscoring the impor-
tance of spatial information in feature learning. However, the
joint approach, which integrates global and local clustering,
yielded the best performance with an accuracy of 87.12%,
demonstrating the advantage of our combined objective for
comprehensive feature representation.
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Figure 5: Visualization of learned representations. Points
are color-coded based on the PCA projection of propagated
features from the pre-trained encoder. Distinct colors corre-
spond to different feature clusters.

Scratch | MaskClu(SH) | MaskClu(SC) | MaskPoint (SC) | Point-BERT (SC)
AP25 AP50| AP25 AP50 | AP25 APS0 | AP25 AP50 | AP25  AP50
62.1 379|639 414 | 644 418 | 634 40.6 | 61.0 38.3

Table 6: Comparison of pretraining datasets. Performance of
MaskClu pre-trained on ShapeNet (SH) and ScanNet (SC).

Number of clusters. We began by evaluating the impact
of varying the number of groups in our method, adjusting
K from 2 to 32. As shown in Tab. 5, classification perfor-
mance on the ScanObjectNN PBT50RS subset improves as
the number of clusters increases, peaking at 24 clusters with
an accuracy of 87.12%. Beyond this, performance stabilizes,
indicating that 24 clusters provide an optimal balance be-
tween granularity and feature richness.

Comparison of pretraining on ShapeNet and ScanNet.
To evaluate the effect of different pretraining datasets, we
pre-trained MaskClu on both ShapeNet (SH) and Scan-
Net (SC). Tab. 6 reports detection performance in terms of
AP25 and AP50, comparing our method with two strong
baselines—MaskPoint and Point-BERT-both pre-trained on
ScanNet. Our method achieves the highest accuracy when
pre-trained on ScanNet, reaching 64.4 AP,5 and 41.8 APs,
which surpasses all competing methods. Even when pre-
trained on ShapeNet, MaskClu still outperforms both Mask-
Point and Point-BERT, demonstrating strong generalization
across object-centric and scene-centric datasets. These re-
sults highlight the robustness of our approach and confirm
that our pretraining strategy effectively leverages diverse
data sources for downstream tasks. More ablation studies
and detailed analysis are provided in the Supp. Mat..

Conclusion

This paper presented MaskClu, a novel approach for unsu-
pervised point cloud representation learning that leverages
deep clustering within a ViT framework. MaskClu captures
both geometric structure and semantic content by integrating
masked point modeling with clustering-based learning, ef-
fectively reconstructing dense semantic features. To enhance
instance-level understanding, we introduced a global con-
trastive learning mechanism that contrasts different masked
views of the same point cloud, encouraging ViTs to learn
richer, more informative representations. Our findings un-
derscore the potential of clustering-based methods in point
cloud pretraining, providing a promising pathway for more
robust and semantically meaningful 3D feature learning.
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