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Abstract

Self-supervised 3D point cloud understanding is crucial for
scene understanding, where Masked Autoencoders (MAE)
have achieved excellent performance in point cloud represen-
tation learning. However, existing MAE-style methods fail
to consider spatial-semantic variations in masking strategies,
and joint learning with multi-view images often overlooks
view redundancy. To address these challenges, we propose an
MAE framework enhanced with reliable multi-view 2D-3D
Key-part alignment and Reinforced masking, named as KR-
MAE. Our approach comprises three key innovations: Re-
inforced Masking (RM) strategically samples visible tokens
based on semantic saliency to enhance reconstruction fidelity;
Reliable Multi-View Selector (RVS) dynamically refines the
most informative image subset by filtering occluded or low-
texture views, mitigating detrimental redundancy; Reliable-
view 2D-3D Key-part Aligned Transformer (KAT) estab-
lishes semantic-aligned correspondence between salient 3D
point cloud parts and reliable multi-view 2D image patches,
leveraging rich texture cues from 2D images to compensate
for sparse geometry in point cloud. Extensive experiments on
3D classification and segmentation benchmarks demonstrate
that KR-MAE achieves state-of-the-art performance, surpass-
ing prior multi-modal methods.

Code — https://github.com/jinxianglong10/KR-MAE

Introduction

With the rapid advancement of 3D sensing technology,
point clouds have emerged as a fundamental modality for
capturing geometric and spatial object data, demonstrat-
ing significant potential in critical applications such as au-
tonomous driving (Qian, Lai, and Li 2022), robotic naviga-
tion (Ren and Jebelli 2025), and embodied AI (Lin et al.
2025). However, the inherent characteristics of point cloud
data—including their unordered nature, transformation sen-
sitivity, and structural sparsity—impose significant barriers
to acquiring effective representations, often requiring labor-
intensive manual annotation for supervised learning. To cir-
cumvent the need for costly annotations, self-supervised
learning (SSL) paradigms have gained prominence. These
approaches broadly fall into two categories: Single-modal
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SSL (e.g., Point-BERT (Yu et al. 2022), Point-MAE (Pang
et al. 2022)) processes only point clouds via pretext tasks
like masked reconstruction; Multi-modal SSL (e.g., Cross-
Point (Afham et al. 2022), GreenPLM (Tang et al. 2025))
leverages complementary 2D image or text data to enrich
3D representations.

Initial research primarily focused on single-modal learn-
ing due to the practical appeal of methods using solely point
clouds, valued for simplicity and efficiency. These methods
typically leverage pretext tasks such as masked reconstruc-
tion (Pang et al. 2022) or contrastive learning (Xie et al.
2020) to extract geometric features exclusively from point
clouds. However, the representational richness achievable
by such approaches is fundamentally constrained by an in-
trinsic information bottleneck: they can only process a sin-
gle modality independently without utilizing implicit cor-
relations across modalities. Compared to the irregular and
sparse 3D point clouds, 2D images inherently provide dense
and fine-grained visual signals encompassing both geomet-
ric details and semantic context, which offer complemen-
tary information to enhance 3D representation learning (Guo
et al. 2023). Consequently, relying solely on point clouds
often proves insufficient for acquiring highly discriminative
and robust features required in complex scenarios.

For these reasons, 2D-3D joint learning methods have
emerged as a powerful paradigm to overcome the limita-
tions of single-modal approaches. By integrating comple-
mentary information from 2D images with 3D point clouds,
these frameworks achieve holistic 3D representations that
significantly enhance discriminative power and robustness.
Among these, the MAE-style approach has become domi-
nant, with representative techniques advancing cross-modal
interaction through innovative strategies such as Joint-MAE
(Guo et al. 2023) leverages masked cross-modal reconstruc-
tion to jointly optimize image and point cloud features in a
unified latent space and PIMAE (Chen et al. 2023) employs
complementary masking for point clouds and images, ex-
plicitly modeling cross-modal feature complementarity by
masking non-overlapping regions across modalities.

Despite these advances, existing MAE-based multi-modal
frameworks for 2D-3D joint learning are constrained by two
critical issues. First, spatially invariant masking strategies
such as random masking in (Guo et al. 2023; Chen et al.
2023) neglect spatial-semantic variations, often retaining



low-information regions while discarding salient structures,
thereby reducing the quality of point cloud reconstruction.
Second, indiscriminate fusion of multi-view images such
as all-view integration in (Zhang et al. 2023; Yu and Song
2024) overlooks view redundancy, where some perspective
are redundant or even counterproductive.

To address these challenges, we propose an MAE frame-
work enhanced with reliable multi-view 2D-3D Key-part
alignment and Reinforced masking named as KR-MAE.
Specifically, our approach introduces a Reinforced Mask-
ing (RM) module instead of prior random masking strate-
gies. RM enables higher-quality point cloud reconstruc-
tion by strategically preserving geometrically salient re-
gions (e.g., edges, complex structures) while discarding low-
information planar surfaces. For multi-modal 2D inputs, we
project point clouds into multi-view images for joint learn-
ing, but critically address view redundancy through a Re-
liable Multi-View Selector (RVS) module that dynamically
refines the most informative perspective subset, thereby mit-
igating negative impacts from uninformative or detrimental
viewpoints. Building upon these adaptively refined masks
and views, we further propose a Reliable-view 2D-3D Key-
part Aligned Transformer (KAT) to establish structural cor-
respondence between visible point cloud tokens and multi-
view images, leveraging 2D part alignment to guide learning
of semantically critical 3D structures and enhancing cross-
modal fusion via geometric-texture co-optimization.

In summary, the contributions of our paper are as follows:

* We propose KR-MAE, a novel MAE framework that
employs Reinforced Masking (RM), a masking strategy
that prioritizes semantically rich point cloud regions via
gradient-based reward optimization.

* We integrate multi-view 2D images for joint learning via
projection and propose a Reliable Multi-View Selector
(RVS) module to dynamically select the most informa-
tive subset of views, mitigating the impact of redundant
or counterproductive perspectives.

* We propose a Reliable-view 2D-3D Key-part Aligned
Transformer (KAT) to establish structural correspon-
dence between salient regions of point clouds and aligned
multi-view 2D images, leveraging rich texture cues from
images to compensate for sparse point cloud.

Related Work
Self-Supervised 3D Representation Learning

Self-supervised learning has emerged as a prominent
paradigm for 3D point cloud representation learning, pri-
marily categorized into single-modal and multi-modal ap-
proaches. Single-modal methods learn exclusively from
point clouds, which can be further divided into contrastive
and generative frameworks. Contrastive approaches en-
force representation invariance through geometric transfor-
mations—exemplified by PointContrast (Xie et al. 2020),
which establishes point-level correspondences across ro-
tated views to learn transformation-invariant features.
Generative approaches, particularly masked autoencoders
(MAE), have gained significant traction: PointBERT (Yu
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et al. 2022) employs a discrete Variational Autoencoder
(dVAE) to tokenize point clouds and predicts masked to-
kens via a Transformer decoder, while PointMAE (Pang
et al. 2022) simplifies this pipeline by directly reconstruct-
ing masked point patches. Further enhancing this paradigm,
PCP-MAE (Zhang, Zhang, and Yan 2024) guides the model
to learn to predict the masked centers and use the predicted
centers to replace the directly provided centers and RI-MAE
(Su et al. 2025) facilitates self-supervised reconstruction in a
rotation-invariant manner. However, existing MAE methods
universally rely on indiscriminate random masking strate-
gies, which overlook the varying information density across
regions. This limitation often results in suboptimal recon-
struction quality and limited generalization capacity in com-
plex scenes. To address this, our KR-MAE introduces Rein-
forced Masking, a masking strategy that prioritizes seman-
tically rich regions via gradient-based reward optimization,
dynamically adjusting mask patterns to maximize informa-
tion gain during reconstruction.

2D-3D Joint 3D Representation Learning

The inherent information bottleneck in single-modal ap-
proaches has prompted extensive research into fusing 2D
images with 3D point clouds to leverage cross-modal con-
text. Joint-MAE (Guo et al. 2023) and PIMAE (Chen et al.
2023) align local features between single-view images and
point clouds through masked cross-modal reconstruction.
I2P-MAE (Zhang et al. 2023) extends this to three ortho-
graphic views but suffers from geometric distortion due
to coordinate-axis projection, compromising spatial fidelity.
MM-Point (Yu and Song 2024) and OpenView (Zhou et al.
2025) incorporate multi-view images but extract only global
features through pooling operations, neglecting fine-grained
point-pixel correspondences. Despite these advances, ex-
isting methods exhibit two critical limitations: viewpoint
deficiency persists as most frameworks rely on sparse or
fixed viewpoints, where some perspectives are redundant
or even counterproductive; coarse feature alignment arises
when global feature fusion fails to model localized structural
relationships between point clouds and images. To address
these challenges, our KR-MAE employs dense multi-view
imagery to capture holistic 3D context, integrates a Reliable
Multi-View Selector (RVS) module that dynamically prior-
itizes semantically informative viewpoints, and proposes a
Reliable-view 2D-3D Key-part Aligned Transformer (KAT)
to establish structural correspondence between key regions
of the visible point cloud tokens and localized image regions
across diverse perspectives.

Method

The overall pre-training pipeline of KR-MAE is illustrated
in Figure 1. Given an input 3D point cloud, we first project it
to generate dense multi-view 2D images. These multi-modal
data are then unified through Multi-view 2D and 3D Embed-
ding for initial tokenization, converting both point clouds
and images into a joint token space. Subsequently, a Re-
liable Multi-View Selector (RVS) module dynamically fil-
ters semantically informative views, discarding redundant or
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Figure 1: The pipeline of our KR-MAE. A is the overall framework, while B and C are sub-modules. Input 3D point clouds are
first rendered into multi-view 2D images. Subsequently, a Reliable Multi-View Selector module dynamically selects informative
views. Following this, RM and PMA align the selected views with point tokens to generate visible tokens, which are then fused
via Reliable-view 2D-3D Key-part Aligned Transformer. Consequently, enhanced 3D tokens are outputted for reconstruction.

low-information perspectives to enhance computational ef-
ficiency and representation quality. Then Reinforced Mask-
ing (RM) masks the point cloud based on information sig-
nificance and propagates this masking to corresponding im-
age regions through Part and Masking Alignment (PMA)
to generate aligned visible tokens. Finally, these aligned
visible tokens are fed into Reliable-view 2D-3D Key-part
Aligned Transformer (KAT) to integrate salient 3D regions
with multi-view 2D part-aligned features for the following
point cloud reconstruction.

Multi-view 2D Rendering from 3D

We adopt the multi-stage 3D-to-2D rendering pipeline from
PointCLIP V2 (Zhu et al. 2023) as the continuous pro-
jection function Project(-). This pipeline firstly converts
point clouds to volumetric grids through Voxelize, subse-
quently fills sparse voxels via interpolation in the Densify
step, then applies Gaussian filtering for spatial continuity
during Smooth, and finally projects volumetric data to 2D
planes via Squeeze. Compared to direct point cloud pro-
jection, this approach offers two key advantages: generates
depth maps from arbitrary viewpoints {6;}_,, mitigating
single-view information bias; produces dense and contin-
uous images whereas direct projection yields sparse map-
pings that hinder 2D feature extraction. These properties en-
able rendered multi-view images M = {m,ma,...,my}
to retain richer structural information, allowing downstream
2D model to extract more discriminative features. Formally,
given an input point cloud P € RY*3 with N points, we
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select v viewing angles and render:
m; = ljr'ojeCt(P;ei)7 m; € RHXWXS (1)

where m; denotes the i-th view image, with H and W be-
ing the height and width, and 3 corresponding to RGB color
channels'. This generation method does not require any hu-
man intervention and external image resources, which has
advanced our self-supervised model.

Multi-view 2D and 3D Embedding

Our multi-view 2D and 3D embedding module aligns multi-
view 2D images and 3D point cloud in a unified d”-
dimensional latent space, enabling cross-modal feature in-
teraction through vector space symmetry. For each input
image m; € RH*XWX3 we first partition it into m non-
overlapping 16 x 16 patches, where m = HW/256. Each
patch is then projected to a d”-dimensional vector, aug-
mented with learnable positional encodings to preserve spa-
tial relationships. Formally, the ¢-th view embedding is gen-
erated by a Vision Transformer (ViT) (Dosovitskiy et al.
2020) backbone pre-trained with CLIP (Radford et al. 2021):

Ejp = ViT(m;), Ejp e R 2)

This patch-based embedding captures global contextual re-

lationships through self-attention, leveraging ViT’s ability to
model long-range dependencies in visual data.

For the input point cloud P € R™*3, we adopt Point-

BERT’s tokenization strategy (Yu et al. 2022). Initially, Far-
thest Point Sampling (FPS) selects n center points to ensure

' All channels share identical depth values in this representation
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uniform spatial coverage. Subsequently, K-Nearest Neigh-
bors (KNN) gathers p neighboring points around each cen-
ter, forming n local geometric patches that encapsulate lo-
cal structural features. Finally, each patch is processed by a
lightweight PointNet (Qi et al. 2017a) to generate per-patch
embeddings. We simply formulate it as:

Esp = PointNet(P), FEsp € Rnxd”? 3)

Positional encodings of center points are added to embed
spatial locality, analogous to the 2D positional encoding
mechanism. The output embeddings Ei and Fsp share
identical dimensionality d¥, creating a compatible vector
space for subsequent transformer-based part-aligned cross-
attention. This symmetry is critical because it enables geo-
metric and semantic alignment between 2D visual features
and 3D geometric structures, forming the foundation for
joint feature learning.

Reliable Multi-View Selector

While multi-view images provide complementary struc-
tural information, certain perspectives are redundant or even
counterproductive. Such detrimental redundancy can propa-
gate erroneous spatial cues during cross-modal fusion, ulti-
mately degrading the fidelity of point cloud feature learning.
To mitigate this, we propose a Reliable Multi-View Selec-
tor module that dynamically identifies and retains the most
geometrically consistent views, as illustrated in Figure 2.

The core of RVS is a relation consistency scoring mech-
anism. We compute the relevance score between the point
cloud and the i-th view as:

[ Eg«]"-;s}; E;D[CIS]] = Maxpooling([Esp; EizD]) )

Eip]) (5)
[cls]

where E5p”, B3l € R4 are global classification token
embeddings derived via max pooling over multi-view 2D
and 3D embedding. MLP(-) denotes a multilayer percep-
tron that projects the concatenated embedding to a scalar.
Sigmoid(-) normalizes the output to s; € [0, 1], quantify-
ing geometric alignment confidence. The resultant scores

s; = Sigmoid(MLP([ELY:
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Figure 3: Part and Masking Alignment. Part Alignment
achieves cross-modal token alignment through mapping re-
lationship between point clouds and multi-view images.
Masking Alignment propagates the 3D masking to 2D multi-
view images via geometric projection onto spatially corre-
lated positions.

S = [s1,82,...,8,] are used to rank views and select the
Top-K highest-scoring ones. This operation is defined as:

I={ie{l,2,. .. v} ||[{j:s;>stl <kl (6

where I denotes the index set of the Top-K views. The fil-
tered set is then constructed as M’ = {m; | j € I} with
|M'| = k. This selective fusion ensures that only views ex-
hibiting high structural correlation with the point cloud are
propagated downstream. The refined view set M’ and point
cloud features are then forwarded to the RM and KAT for
cross-modal alignment.

Reinforced Masking

Conventional random masking uniformly samples tokens to
obscure, which risks concealing critical spatial structures
while introducing insignificant noise to the decoder. This
forces the model to overfit decoder reconstructions—a con-
flict with MAE’s core design, where the lightweight decoder
is discarded during fine-tuning. To resolve this misalign-
ment, our Reinforced Masking (RM) employs reinforcement
learning strategy to selectively sample important point cloud
regions, ensuring reconstruction focuses on structurally in-
formative parts for downstream task transfer.

Given point cloud tokens Fsp, we model the token signif-
icance distribution via a lightweight Multi-Head Attention
(MHA) (Vaswani 2017), which collectively derive adaptive
sampling probabilities Pg for visible token selection:

Ps = Softmax (Linear(MHA (E3p))), Ps €R™ (7)

Here, Ps = [p1,p2, ..., pn] satisfies Y, p; = 1, with p;
quantifying the significance of tokens Fj;p for downstream
sampling tasks. To dynamically sample the visible token set,
we define an n-dimensional categorical distribution (Mar-
riott 1990) over Pgs (p ~ Categorical(n, Ps)) and perform
without replacement sampling to obtain indices I, and its
complement I,,,. The sample size n, = n x (1 — p) is con-
trolled by a predefined masking ratio p € (0,1). Crucially,
probability sampling (vs. deterministic Top-K) injects con-
trolled stochasticity during training, preventing overfitting to
fixed token subsets and enhancing model robustness.



The RM network implements a reinforcement learning
framework (Williams 1992), formulating token selection as
a sequential decision process. To be more specific, under the
MAE environment, we treat the selection of mask regions as
an action and utilize the reconstruction error as the reward.
The objective function of RM is formulated as:

Z log p; - L

1€y,

Ls=—-Er, ~p[Lr] = (8

Notably, logarithmic probabilities log p; enhance backprop-
agation stability. Through the training loss Lg, we can trans-
form non-differentiable sampling into a trainable process
that progressively prioritizes informative critical tokens.

Through Reinforced Masking, we refine the 3D mask. To
propagate 3D structural priors to multi-view images, we ap-
ply Part and Masking Alignment (PMA) illustrated in Figure
3. The PMA comprises two stages: Part Alignment estab-
lishes cross-modal token correspondence by aligning point
cloud parts with multi-view image regions; Masking Align-
ment transfers the 3D mask to perspective images by pro-
jecting it onto corresponding 2D spatial positions.

Reliable-view 2D-3D Key-part Aligned Transformer

For the adaptively selected masks and views, we further pro-
pose a Reliable-view 2D-3D Key-part Aligned Transformer
(KAT) to establish structural correspondence between key
regions selected by RM of point cloud and multi-view im-
ages. KAT leverages rich texture cues from multi-view 2D
images to compensate for sparse geometry in point cloud.
To model intra-modality relationships within visible point
cloud features, we first apply self-attention on the visible 3D

tokens E{g € R™ >4 The query @Q3p, key Ksp, and value
V3p projections are computed as:

Qp = EsWqo, Kip = EYsWyx, Vip = EXSWy
©))
where Wqo, Wk € R *d" and Wy e R4”xd" are learn-
able projection matrices. The updated 3D feature is obtained
via scaled dot-product attention:

Vis Q3D (K3D ) T
CZ-‘3DS Self — SOftmaX(T)‘/éD (10)
Similarly, for multi-view image features E3i5 € R™v* 4*  the

query, key and value is computed as:

Qo = ExyWo, Kop = EXsWi, Vip = EVHWE/U)
However, unlike standard cross-attention that only change
self-attention for 3D features as (), 2D features as K and
V', we propose a key-part aligned fusion mechanism. After
acquiring point cloud keypoints via RM, KAT selectively at-
tends to geometrically correlated regions in multi-view im-
ages for feature fusion. This is implemented by a binary
alignment mask Iyign € {0, 1} ", where:

1 if point ¢ projects to patch j in any view
0 otherwise

Ialign (’i, .7) = {
(12)
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Then the multi-view 2D-3D key-part aligned cross-modal
attention is formulated as:

K
[T?vll)s Cross] Q3DE/§D )

where ® represents the Hadamard product and ¢ is the im-
age of the i-th perspective. By virtue of the proposed Part
and Masking Alignment strategy, the binary mask I, be-
comes equivalent to the identity matrix I, . Consequently,
the final KAT representation integrates intra-modal features
with geometrically aligned cross-modal components:

vis
3D Self

[softmax( © Lyiign)Vap]'  (13)

vis __ v1s
T3D -

3D Cross
= softmax(CbD(\/];D))%D (14)
Q3p(Kop) "

k
+ Z[softmax( ® I,)Vap]*

- vd'
i=1

where k is the number of refined views from RVS. Through
Reliable-view 2D-3D Key-part Aligned Transformer, we en-
force geometry-aware cross-modal interaction by confining
attention to locally aligned regions. This spatial sparsifica-
tion, governed by the binary mask I,jg,, yields two funda-
mental advantages: fine-grained feature aggregation where
each 3D token selectively attends to semantically congru-
ent 2D patches via projective correspondence, intensively
integrating high-frequency texture details, while simulta-
neously achieving distraction suppression by pruning non-
relevant cross-modal interactions through masking geomet-
rically unrelated positions, thereby eliminating noise propa-
gation from heterogeneous structures.

Training Objective

The decoder of MAE process will be discarded during the
fine-tuning stage, so we do not specifically design the de-
coder. Following Point-MAE (Pang et al. 2022), we use the
Standard Transformer (ST) and a reconstruction head (Rec)
to obtain the reconstructed point cloud.

Pyrea = Rec(ST(T3p)) (15)
The primary point cloud MAE objective reconstructs spatial
coordinates by minimizing the symmetric Chamfer Distance

(Fan, Su, and Guibas 2017) between predicted patches Fyreq
and ground truth P,,:

1
L mln a—b
R — ‘Ppred| Z || ||2 |P | Z

a€ Ppred

min fla—b[3
(16)
The joint optimization objective integrates Lgr and Lg
through a balancing coefficient A, formulated as: Ly =
Lr~+ALs. This co-adaptation mechanism enables robust fea-
ture learning from adaptively selected tokens while dynami-
cally refining token significance estimation. Consequently, it
suppresses low-information pathways and meaningless fea-
ture propagation, achieving efficient learning of geometri-
cally consistent representations.



Method OBJ-BG OBJ-ONLY PB-T50-RS

Supervised Learning Only

PointNet (Qi et al. 2017a) 73.3 79.2 68.0
PointNet++ (Qi et al. 2017b) 823 84.3 77.9
DGCNN (Wang et al. 2019) 82.8 86.2 78.1
SimpleView (Goyal et al. 2021) - - 80.5
PointMLP (Ma et al. 2022) - - 85.2
Single-Modal Self-Supervised Learning
Point-BERT (Yu et al. 2022) 87.43 88.12 83.07
Point-MAE (Pang et al. 2022) 90.02 88.29 85.18
Point-M2AE (Zhang et al. 2022) 91.22 88.81 86.43
PointGPT (Chen et al. 2024) 91.60 90.00 86.90
PointDif (Zheng et al. 2024) 93.29 91.91 87.61
Cross-Modal Self-Supervised Learning
ACT (Dong et al. 2022) 93.29 91.91 88.21
TAP (Wang et al. 2023) 90.36 89.50 85.67
Joint-MAE (Guo et al. 2023) 90.94 88.86 86.07
MM-Point (Yu and Song 2024) - - 87.80
KR-MAE 94.45 91.91 89.28
Improvement +4.43 +3.62 +4.10

Table 1: Classification accuracy on ScanObjectNN. Three
variants are evaluated on the ScanObjectNN dataset and we
record the improvement over Point-MAE. All values repre-
sent accuracy (%).

Experiments
Pre-training Setup

Following existing works (Yu et al. 2022; Pang et al. 2022),
we pre-train our KR-MAE on the ShapeNet dataset (Chang
et al. 2015). We randomly sample 1,024 points per object as
our 3D point cloud input. To generate multi-view images, we
adopt the rendering technique used in PointCLIP V2 (Zhu
et al. 2023) and the resolution is set as 112 x 112.

Fine-tuning Setup

After pre-training, the reconstruction decoder is removed,
and only the 3D encoder is utilized for downstream task fine-
tuning. Following common practice in prior works (Pang
et al. 2022; Liu, Cai, and Lee 2022; Yu et al. 2022), we ini-
tialize the encoder parameters with those obtained during
pre-training as the starting point for fine-tuning.

Classification. To demonstrate the adaptability of our
model to real-world scenarios, we evaluate its classification
performance on ScanObjectNN (Uy et al. 2019), a challeng-
ing dataset comprising approximately 15,000 real-scanned
objects across 15 categories. We conduct experiments un-
der its three distinct settings: OBJ-BG, OBJ-ONLY, and PB-
T50-RS. As summarized in Table 1, our KR-MAE model
achieves exceptional performance. It outperforms Point-
MAE significantly, with improvements of 4.43%, 3.62%,
and 4.10% on the three variants respectively, and demon-
strates competitive results against other sophisticated multi-
modal methods.

Few-shot Learning. Following standard n-way m-shot
protocols, we evaluate KR-MAE on ModelNet40 (Wu et al.
2015), where n denotes sampled categories and m speci-
fies support set size per category. For each task, models are
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Method 5-way 10-way
10-shot 20-shot 10-shot 20-shot
Supervised Learning Only
PointNet 52.0£3.8 57.8+49 46.6+4.3 352448
DGCNN 31.6+2.8 40.8+4.6 199+2.1 169+£1.5
OcCo 90.6+2.8 92.5+19 829413 86.5+2.2
Single-Modal Self-Supervised Learning
Point-BERT  94.64+3.1 96.3+2.7 91.0+£54 92.7+£5.1
MaskPoint 95.04£3.7 97.2+1.7 91.4+4.0 93.4£35
Point-MAE 963425 97.841.8 92.64+4.1 95.0£3.0
Point-M2AE 96.8+1.8 983+1.4 923445 95.0+£3.0
Cross-Modal Self-Supervised Learning
ACT 96.8+2.3 98.0£1.4 93.3+4.0 95.6+2.8
Joint-MAE 96.74£2.2 97.9+1.8 92.64£3.7 95.1£2.6
12P-MAE 97.0+£1.8 983+1.3 92.64+5.0 955+3.0
MM-Point 96.5£2.8 97.2£14 903£2.1 94.1£19
KR-MAE 96.6+1.7 98.3£1.6 93.0+4.3 95.24+2.8
Improvement +0.3 +0.5 +0.4 +0.2

Table 2: Few-shot classification results on ModelNet40.
We conduct 10 independent experiments and report the aver-
age classification accuracy (%) with the standard deviation.

trained on n X m samples and evaluated on 20 queries per
category, with results averaged over 10 trials. As Table 2
shows, KR-MAE outperforms state-of-the-art methods (in-
cluding Point-MAE) across four settings, achieving accu-
racy gains of 0.3%, 0.5%, 0.4% and 0.2%, demonstrating
superior transferability under data scarcity.

Part Segmentation. KR-MAE’s fine-grained representa-
tion capability is evaluated on ShapeNetPart (Yi et al. 2016)
(16,881 objects, 50 part labels). Following (Pang et al.
2022), we sample 2,048 points partitioned into 128 patches.
As Table 3 indicates, KR-MAE achieves 0.2% higher class-
average mloUc than Point-MAE, highlighting its ability
to capture semantically consistent part structures under ge-
ometric variations, proving enhanced geometric-semantic
consistency for part segmentation.

Ablation Studies

Main components in the KR-MAE. Compare to Point-
MAE which only performs point cloud reconstruction, our
KR-MAE has two main differences: 1) Masking strategy:
we use RM to preserve geometrically salient point cloud re-
gions. 2) Multi-view 2D input: we incorporates multi-view
images to enhance point cloud feature learning, with RVS
to eliminate view redundancy and KAT to establish seman-
tic alignment between 3D point cloud key parts and multi-
view 2D image patches. To validate the effectiveness of RM,
RVS and KAT, four experimental configurations progres-
sively integrate these components as shown in Table 4. A
adopts Point-MAE as the baseline, B incorporates multi-
view 2D input integrated via KAT for cross-modal feature
fusion, C further introduces RVS to refine informative imag-
ing perspectives, and D represents the complete KR-MAE
framework integrating all components. Additionally, config-



Method Reference  mloU. mloU;
Supervised Learning Only
PointNet (Qi et al. 2017a) CVPR’17 80.4 83.7
PointNet++ (Qi et al. 2017b) NeurIPS’17 81.9 85.1
PointMLP (Ma et al. 2022) ICLR’22 84.6 86.1
Single-Modal Self-Supervised Learning
Transformer (Vaswani 2017) NeurIPS’ 17 83.4 84.7
OcCo (Wang et al. 2021) ICCV’21 83.4 85.1
Point-BERT (Yu et al. 2022) CVPR’22 84.1 85.6
Point-MAE (Pang et al. 2022) ECCV’22 84.2 86.1
PointGPT (Chen et al. 2024) NeurIPS’23 84.1 86.2
Cross-Modal Self-Supervised Learning
ACT (Dong et al. 2022) ICLR’23 84.7 86.1
Recon (Qi et al. 2023) ICML’23 84.8 86.4
MM-Point (Yu and Song 2024)  AAAT’24 - 85.7
KR-MAE 84.4 86.2
Improvement +0.2 +0.1

Table 3: Part segmentation results on the ShapeNetPart.
Mean intersection over union for all classes mloU (%) and
all instances mloU; (%) are reported.
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Table 4: Effects of the main components and view numbers
in the proposed KR-MAE.

urations E-H configure varying selected numbers of RVS to
determine the optimal viewpoint quantity for KR-MAE.

Table 4 reveals three core findings: removing multi-view
input reduces accuracy by 0.52%, confirming its critical con-
tribution. The incremental addition of RVS and RM each
yields approximately 0.5% gains, demonstrating their effi-
cacy in eliminating redundancy and preserving structural in-
tegrity. Performance peaks at 3 views, with slight declines
observed at fewer or more views, indicating KR-MAE’s ro-
bustness to view-number variations.

Furthermore, we quantify the pre-training losses of our
masking strategy in Table 5. The reconstruction error of
our method remains consistently lower than that of random
masking across mask ratios ranging from 0.5 to 0.9. This
demonstrates the superiority of reconstruction performance
and implies enhanced representation learning efficacy.

Effects of the multi-view 2D images and 3D point cloud
feature fusion method. The Reliable-view 2D-3D Key-
part Aligned Transformer employ a part-aligned cross-
attention mechanism to establish precise geometric cor-
respondence between modalities. Specifically, this mech-
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Masking 0.5 0.6 0.7 0.8 0.9

Random 0.869 0.872 0.876 0.882  0.889

Reinforced 0.790 0.803 0.812 0.836 0.866
-0.079 -0.069 -0.064 -0.046 -0.023

Table 5: The pre-training losses of random masking and our
reinforced masking under different mask ratios.

2D-Input Fusion Method OBJ-BG(%)
A v MLP 92.60
B v Self-Attention 93.12
C v Cross-Attention 94.15
D v Aligned-Attention 94.45

Table 6: Effects of the multi-view 2D images and 3D point
cloud feature fusion method.

anism constrains each 3D token to attend exclusively to
2D patches sharing identical spatial regions, which simul-
taneously achieves high-frequency texture integration while
minimizing misaligned feature interference through geomet-
ric constraints.

To evaluate the significance of this design, we conducted
comparative experiments replacing it with three alternative
fusion strategies as shown in Table 6. A: MLP fusion directly
concatenates features but suffers severe performance degra-
dation due to inherent modality incompatibility. B: while
self-attention captures intra-modal relationships, it fails to
establish meaningful cross-modal interactions. C: standard
cross-attention accommodates inter-modal fusion but per-
mits attention to geometrically unrelated regions, resulting
in suboptimal performance.

Quantitatively, our part-aligned attention outperforms
these alternatives by 0.30%-1.85%, with the critical advan-
tage stemming from its dual mechanisms: geometric con-
straints via binary mask I, prune non-relevant cross-
modal interactions, while spatially focused attention pre-
vents propagation of heterogeneous structural noise. Con-
sequently, this approach uniquely balances texture detail
preservation with structural consistency maintenance.

Conclusions

This study proposes KR-MAE, a multi-view masked autoen-
coder overcoming single-modal limitations via point cloud
and multi-view images fusion. Three innovations establish
geometric cross-modal consistency, with Reliable Multi-
View Selector (RVS) optimizing perspectives through re-
lation scores between point cloud and multi-view images,
Reinforced Masking (RM) focusing computation on salient
regions, and Reliable-view 2D-3D Key-part Aligned Trans-
former (KAT) leveraging 3D-to-2D geometric correspon-
dence for part-aware feature fusion. Extensive experiments
validate KR-MAE’s superior 3D point cloud representation
capability. We expect this work to inspire unified frame-
works combining multi-modality learning with 3D point
cloud MAE in the future.
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