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Abstract

In perception, multiple sensory information is integrated to
map visual information from 2D views onto 3D objects,
which is beneficial for understanding in 3D environments.
But in terms of a single 2D view rendered from different an-
gles, only limited partial information can be provided. The
richness and value of Multi-view 2D information can provide
superior self-supervised signals for 3D objects. In this paper,
we propose a novel self-supervised point cloud representation
learning method, MM-Point, which is driven by intra-modal
and inter-modal similarity objectives. The core of MM-Point
lies in the Multi-modal interaction and transmission between
3D objects and multiple 2D views at the same time. In or-
der to more effectively simultaneously perform the consistent
cross-modal objective of 2D multi-view information based
on contrastive learning, we further propose Multi-MLP and
Multi-level Augmentation strategies. Through carefully de-
signed transformation strategies, we further learn Multi-level
invariance in 2D Multi-views. MM-Point demonstrates state-
of-the-art (SOTA) performance in various downstream tasks.
For instance, it achieves a peak accuracy of 92.4% on the
synthetic dataset ModelNet40, and a top accuracy of 87.8%
on the real-world dataset ScanObjectNN, comparable to fully
supervised methods. Additionally, we demonstrate its effec-
tiveness in tasks such as few-shot classification, 3D part seg-
mentation and 3D semantic segmentation.

Introduction
In recent years, the demand for 3D perception technologies
has surged in the real world. As a fundamental 3D represen-
tation, point cloud learning plays a crucial role in numerous
tasks, including 3D object classification, detection, and seg-
mentation. However, the cost of point cloud annotation is
high, and 3D scans with labels are usually scarce in reality.
To address these challenges, many studies have turned their
attention to self-supervised methods.

Interestingly, while 3D point clouds can be obtained by
sampling, 2D multi-view images can be generated by ren-
dering. Some recently proposed methods (Yang et al. 2020;
Huang et al. 2020) have focused on generating high-quality
point cloud representations using multi-modal data.
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Figure 1: Schematic of MM-Point multi-modal contrastive
learning. Given 2D multi-views rendered from a 3D object,
the model distinguishes the views of the same object from
those of different objects in the embedding space, enabling
self-supervised learning of deep representation.

This naturally raises a question: Can we better facili-
tate the understanding of 3D point cloud representations by
leveraging the abundant information hidden in 2D Multi-
views? We reconsider the contrast paradigm in 2D-3D, hy-
pothesizing that 3D objects and rendered 2D Multi-views
share mutual information. Our primary motivation is to view
each 2D view as a unique pattern that is useful for guiding
3D objects and improving their representations, as each 2D
view observes different aspects of 3D objects and represen-
tations from different angles are distinctive. From another
perspective, we encourage the 3D-2D relationship to be con-
sistent across different-angle views, i.e. the similarity corre-
spondence between the 2D images and 3D point cloud in
one view should also exist in another view.

Due to the distinct nature of 3D representations from
2D visual information, a simple alignment between these
two types of representations may lead to limited gain or
even negative transfer in multi-modal learning. Therefore,
we propose a novel 3D point cloud representation learning
framework and a multi-modal pre-training strategy between
3D and 2D, namely MM-Point (as shown in Fig.1), which
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transfers the features extracted from 2D multi-views into 3D
representations. Specifically, intra-modal training is used to
capture the intrinsic patterns of 3D augmented data samples.
The inter-modal training scheme aims to learn point cloud
representations by accepting 2D-3D interactions. Mean-
while, considering the differences in multi-modal data prop-
erties, We further ponder: how to effectively simultaneously
transfer multiple 2D view information from different angles
to 3D point cloud objects in a self-supervised manner?

Extending this, we propose a Multi-MLP strategy to con-
struct multi-level feature learning between each 2D view
and 3D object, thus the consistency goal is set to contrast
between 2D multi-views and 3D objects across different
feature spaces. Such architectural design not only extracts
shared information in 2D-3D multi-modal contrast, but also
preserve specific information in multiple 2D views at the
same time, thereby the overall consistency goal could bet-
ter extract semantic information between 3D point clouds
and as many different 2D views as possible, resulting in im-
proved 3D representations.

Additionally, treating each angle of 2D view equally dur-
ing training with the same type of augmentation transforma-
tion may lead to a suboptimal representation for downstream
tasks in multimodal contrast. We suggest a Multi-level Aug-
mentation strategy based on multi-view, integrating ren-
dered 2D multi-view information with augmentation infor-
mation. Moreover, we control the strength of all augmenta-
tion modules, ensuring the mutual information between 3D
point cloud and 2D image augmentation pairs remains low
and within a certain range, thus enabling the model to gradu-
ally accumulate more complex information during learning.

To evaluate our proposed 2D-3D multi-modal self-
supervised learning framework, we assess the performance
of MM-Point across several downstream tasks. The learned
3D point cloud representation can be directly transferred
to these tasks. For 3D object shape classification, we per-
formed on both synthetic dataset ModelNet40 and real-
world object dataset ScanObjectNN, achieving state-of-
the-art performance, surpassing all existing self-supervised
methods. Furthermore, part segmentation and semantic seg-
mentation experiments validate MM-Point’s capability to
capture fine-grained features of 3D point clouds.

In summary, our research contributions are as follows:

• We introduce MM-Point, a novel 3D representation
learning scheme based on 2D-3D multi-modal training.

• Our research applies multi-modal contrastive learning to
multi-view settings, maximizing shared mutual informa-
tion between different 2D view and the same 3D object.

• We propose Multi-MLP and Multi-level Augmentation
strategies, thereby ensuring more effective learning of
3D representation in multi-modal contrast under a self-
supervised setting, achieving effective pre-training from
2D multi-views to 3D objects.

• MM-Point demonstrates remarkable transferability. The
pre-trained 3D representations can be directly transferred
to numerous downstream tasks, achieving state-of-the-art
performance in extensive experiments.

Related Work
Self-supervised Point Cloud Learning
Unsupervised learning for point cloud understanding can be
broadly divided into generative or discriminative tasks based
on the proxy tasks. Generative models learn features by self-
reconstruction, as exemplified by methods like JigSaw (Qi
et al. 2018) . Furthermore, Point-BERT (Yu et al. 2022) pre-
dicts discrete labels, while Point-MAE (Pang et al. 2022)
randomly masks patches of the input point cloud and re-
constructs the missing parts. However, these methods are
computationally expensive. On the other hand, discrimina-
tive methods predict or discriminate the enhanced versions
of the inputs. Our work learns point cloud representations
based on this approach. Recent works (You et al. 2021;
Sun et al. 2021) have explored contrastive learning for point
clouds following the success of image contrastive learning.
PointContrast (Xie et al. 2020) is the first unified framework
investigating 3D representation learning with a contrastive
paradigm. Compared to these works, we investigate con-
trastive pre-training of point clouds from a new perspective,
leveraging the semantic information hidden in 2D multi-
views to design a multi-modal learning network, and thus
enhancing the representational capacity of 3D point clouds.

Multi-modal Representation Learning
Recent studies on self-supervised learning have leveraged
the multi-modal attributes of data (Caron et al. 2020a; Wang
et al. 2020) , with a common strategy being the exploration
of natural correspondences across differing modals, em-
phasizing the extraction of cross-modal shared information.
For instance, in the field of visual-textual multi-modalities,
large-scale image-text pairs (Li et al. 2020) have been pre-
trained, enabling these models to be applicable for numer-
ous downstream tasks. A few works have integrated point
cloud representations with other modalities, such as vox-
els (Shi, Wang, and Li 2020; Shi, Zhou, and Li 2020) or
multi-view images (Shi, Wang, and Li 2019; Qian et al.
2020) . Prior3D (Liu and Li 2020) proposed a geometric
prior contrastive loss to enhance the representation learn-
ing of RGB-D data. Tran et al. (Tran et al. 2022) em-
ploy self-supervision through local correspondence losses
and global losses based on knowledge distillation. Of note,
CrossPoint (Afham 2022), most related to our work, learns
2D-3D cross-modal representations via contrastive learning,
concentrating on shared features across different modes. In
comparison, our approach diverges significantly. MM-Point
is able to utilize information from multiple views in 2D
space simultaneously for self-supervision of 3D point cloud
features. By contrasting with Multi-views simultaneously,
it better facilitates the maximization of mutual information
shared across multi-modalities, leading to more robust and
enhanced performance in various downstream tasks.

The Proposed Method
The proposed MM-Point multi-modal pre-training architec-
ture is depicted in Fig. 2. It comprises two contrasting train-
ing strategies: intra-modal point cloud contrastive learn-
ing and inter-modal 2D-3D contrast, each accompanied by
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Figure 2: Schematic of the MM-Point architecture. MM-Point carries out intra-modal self-supervised learning in the 3D point
cloud (blue path) and cross-modal learning between 2D and 3D (other color paths), aligning 2D multi-view features with 3D
point cloud features. To better utilize the information from the 2D multi-views, MM-Point introduces two strategies: 1) Multi-
MLP: constructing a multi-level feature space; 2) Multi-level augmentation: establishing multi-level invariance.

different types of loss functions. The inter-modal training
scheme enhances 3D point cloud features by interacting with
rendered 2D multi-views, while the point cloud representa-
tion focuses on the shared mutual information among mul-
tiple 2D images at the same time, inherently boosting the
diversity of multi-modal contrastive learning. Furthermore,
we employ a Multi-MLP strategy to project multi-view and
multi-modal features. Finally, we put forward a Multi-level
augmentation invariance strategy based on 2D multi-views
information rendered from the same 3D object.

Intra-modal and Inter-modal Alignment
We propose to learn a encoder for aligning 3D point cloud
features with visual features of 2D views. The pretraining
process jointly handles the alignment of multiple modalities.

For each point cloud Pi, we obtain two variants, P 1
i and

P 2
i , through augmentation operations. We then encode the

augmented point clouds separately into the feature space
F 1
i , F

2
i ∈ Rn×d. The projected features are subsequently

mapped into the latent space, producing the representations
z1i and z2i . By performing contrastive loss, we enforce that
the distance between feature representations of the same ob-
ject is smaller than the distance between different objects.

MM-Point aims to learn two objectives through cross-
modal alignment: fP (.) and fI(.). Cross-modal contrast
seeks to minimize the distance between point clouds and
the corresponding rendered 2D images while maximizing
the distance from other images.

Given a sample pair (Pi, Ii), where Pi and Ii represent

the embeddings of the 3D point cloud and its rendered
2D image description, respectively. For each sample Pi in
the mini-batch M, the negative sample set Ni is defined
as Ni = {Ij | ∀Ij ∈ M, j ̸= i}. The corresponding cross-
modal contrastive loss on M is as follows:

Loss inter = Ei∈M

[
− log

exp(fP (Pi)
T fI(Ii))

exp(fP (Pi)
T fI(Ii))+

∑
Ij∈Ni

exp(fP (Pi)
T fI(Ij))

]
(1)

In addition, we map cross-modal features to different
spaces and decouple training within and across modali-
ties. We design projection heads with larger dimensions for
cross-modal contrastive learning.

Multi-Modal Learning Based on Multi-View
In this section, we describe the contrast between 3D point
clouds and 2D multi-view images. By pairing multiple 2D
images from different angles with a 3D object, this collabo-
ration scheme benefits the model.

Rethinking the Contrast between 3D Object and 2D
Multi-view For 3D point clouds and their corresponding
rendered 2D multi-view images, we simply fix the 3D point
clouds and enumerate positive and negative samples from
the rendered 2D view images. Suppose the loss LPiVi

contrast
treats the 3D point cloud Pi as an anchor and enumerates
the 2D rendered views Vi. Symmetrically, we can obtain
the loss by anchoring on the 2D Vi and enumerating the
3D Pi. Then, we sum them up as the overall contrastive
loss: L (Pi, Vi) = LPi,Vi

contrast + LVi,P1
contrast .
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Figure 3: Mutual Information plot for the modal comparison
between 3D and 2D. The yellow area signifies mutual infor-
mation. The figure illustrates the impact of different strate-
gies (a-c) on the contribution to mutual information.

Combining the theoretical proof in CMC (Tian, Krish-
nan, and Isola 2019), minimizing the loss should be equiv-
alent to maximizing the lower bound of I (zi; zj) , that is:
I (zi; zj) ≥ log(k) − Lcontrast . In this case, zi and zj repre-
sent the latent representations of the point cloud and image,
respectively, while k denotes the number of negative sam-
ple pairs. Besides, research (Hjelm et al. 2019; Chen et al.
2021) has shown that the boundaries of I (zi; zj) may not
be clear, and finding a better mutual information estimator
is more important. We consider the 3D point cloud and ren-
dered multi-angle 2D views to construct all possible rela-
tionships between different 2D views and 3D point clouds.
By involving all pairs, our optimized objective function is:

LF =
∑

1≤j≤M

L (P1, Vj) + L (P2, Vj) (2)

When learning 2D-3D contrast, the mutual information
will change proportionally with the number of 2D views.
When the view count reaches a certain level, multi-modal
mutual information will reach a stable level. In Fig.3, the
visualization demonstrates that contrasting 2D Multi-views
with 3D point clouds enables the point cloud features to cap-
ture more mutual information between different 2D views.

Multi-modal Contrastive based on 2D Multi-view MM-
Point aims to maximize the mutual information between the
differently augmented 3D point clouds and 2D views from
various angles in the same scene. Naturally, too few or too
many rendered 2D views exhibit poor mutual information
performance, while an optimal position exists in between.
We randomly sample m 2D rendered views from different
angles. The value of m will be introduced in experiment.

Let D represent the pretraining dataset D ={
Pi, {Iij ,Mij}mj=1

}n

i=1
, where n denotes the number

of 3D objects and m represents the number of 2D views. Let
Pi be the 3D point cloud of the i-th object, and Iij denotes
the 2D image of the j-th view of the i-th 3D object. For the
multi-view 2D images Iij , we extract features HI

ij ∈ R1×C ,
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𝑬𝟐𝟓𝟔ଶ஽

Figure 4: Schematic of the Multi-MLP strategy. Multi-
modal learning enhances point cloud representation through
2D-3D interaction. Multiple 2D features and 3D features are
contrasted through a multi-level feature space and adjusted
via multi-path backpropagation.

where j ∈ {1,m}. These 2D image features correspond to
the feature ZP

i of the i-th 3D object. Building on the 2D-3D
cross-modal contrastive scheme, we further extend it and
design a cumulative loss Lossinter-plus :

J i
inter (P, I) =

n∑
k=1

exp
(
sim

(
ZP

i ,Z
P
k

)
/τ

)
+ exp

(
sim

(
ZP

i ,H
I
k

)
/τ

)
,

Li
inter (P, I) = − log

exp
(
sim

(
ZP

i ,H
I
i

)
/τ

)
J i

inter (P, I)− exp
(
sim

(
ZP

i ,Z
P
i

)
/τ

) ,
Loss inter-plus = 1

2n

∑n
i=1

∑m
j=1

(
Li

inter (P, Ij) + Li
inter (Ij , P )

)
(3)

Multi-modal Contrastive based on Multi-MLP To alle-
viate the consistency conflicts between different 2D views
and 3D object, we construct a multi-level feature learning
strategy based on Multi-MLP. The multi-modal objective is
then achieved by contrasting 2D multi-view and 3D objects
in different dimensional feature spaces, as depicted in Fig.4.

Building upon the modality-specific and cross-modal
training paths designed, for multiple 2D views, we further
stack different MLPs on the encoder

{
fP ,f I

}
, mapping

them to distinct feature spaces. The mappings for the 3D en-
coder and 2D encoder are as follows:

F
(
{GH}mH=1 ;f

P
)
;

F
(
{GH}mH=1 ;f

I
) (4)

Here, {GH}mH=1 denotes the additional projection heads
of the MLP layers of the m 2D multi-views, each with dif-
ferent output dimensions. The output feature dimension of
cross-modal projection heads exceeds that of intra-modal
outputs. The feature extraction process for the j-th 2D view
corresponding to the i-th 3D object is as follows:{

FH
}
H=j

= {GH}H=j

(
HI

ij

)
= {GH}H=j (fI (Iij)) (5)
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Multi-level Augmentation Invariance
An overview of our method is shown in Fig.5. We propose
an improvement to the contrastive framework for 3D point
clouds and 2D multi-views through a multi-level augmenta-
tion module. Crucially, we employ an incremental strategy
to generate multi-level augmentation, which in turn applies
distinct transformations to the 2D views.

In 2D multi-view data, there are two types of information
contained: the shared semantic information across all multi-
views and the private information specific to each individual
2D view. If each view is treated equally with the same type
or intensity of enhancement during training, the model will
learn a non-optimal representation.

Meanwhile, in alignment with the InfoMax (Bell 1995)
principle, the goal of contrastive is to capture as much in-
formation as possible about stimuli. The InfoMin (Noroozi
and Favaro 2016) principle suggests that further reduction
of mutual information at the intermediate optimal can be
achieved by utilizing more robust augmentation.

Furthermore, we explore enhancing representational per-
formance by mining hard samples through RandomCrop.
Given a 2D view image I , we first determine the cropping
ratio s and aspect ratio r from a predefined range. This can
be described as follows:

(x, y, h, w) = Rcrop (s, r, I), (6)

where Rcrop (·, ·, ·) is a random sampling function that re-
turns a quaternion (x, y, h, w). where (x, y) represents the
coordinates of the cropping center, and (h,w) represents the
height and width of the cropping.

Assuming the number of 2D views is m, the com-
plete augmentation pipeline is specified as T =
Combine {t0, t1, t2, t3, · · · , tm} , where t0 contains the ba-
sic augmentation and t1 ∼ tm represents a specific type of
augmentation. Then, the incremental strategy can be repre-
sented as:

T1 = Combine {t0, t1}
T2 = Combine {t0, t1, t2}

T3 = Combine {t0, t1, t2, t3}
Tm = Combine {t0, t1, t2, t3, · · · , tm}

(7)

Using these modules, we transform the 2D multi-view
samples {xi}1≤i≤m of the same 3D object into m images
with different augmentation intensities:

vi = Ti (xi) , i = 1, 2, 3, · · · ,m (8)

The augmentation transformations from T1 to Tm grad-
ually increase in intensity and number, reducing the shared
mutual information between the transformed 2D view and
the 3D object. Further, we use a projection head gi based on
Multi-MLP to map the features into the loss space:

zi = gi (fi (Ti (vi))) , i = 1, 2, 3, · · · ,m (9)

Here, fi represents the encoder and zi represents the fea-
tures in the latent space. Note that the number of projection
heads, rendered multi-view 2D images and augmentation

𝑭𝟐𝑫𝒊𝑭𝟑𝑫
𝒁𝟑𝑫

𝒁𝟑𝑫
𝑻௔௨௚ଵ   ~  𝑻௔௨௚௠

𝒇௔௨௚𝒇ଶௗሺ∙ሻ
𝑻௔௨௚ଵ
𝑻௔௨௚ଶ
𝑻௔௨௚ଷ
𝑻௔௨௚௠𝒁𝟐𝑫𝒎

𝒁𝟐𝑫𝟑
𝒁𝟐𝑫𝟐
𝒁𝟐𝑫𝟏

𝒇ଷௗሺ∙ሻ
𝒁𝟐𝑫𝒊 𝒇ଶௗሺ∙ሻ

𝒇ଶௗሺ∙ሻ
𝒇ଶௗሺ∙ሻ

Figure 5: Schematic of Multi-level Augmentation. Multi-
level augmentation are generated in an incremental manner.
2D multi-views correspond to a certain level of augmenta-
tion indicated by different colors.

Type Method
Accuracy (%)

ModelNet40 ModelNet10

Sup.
PointNet (Qi et al. 2017a) 89.2 -
GIFT (Dovrat et al. 2019) 89.5 91.5
MVCNN (Su et al. 2015) 89.7 -

Self.

Point-BERT (Yu et al. 2022) 87.4 -
Point-MAE (2022) 91.0 -
Jigsaw3D (Sauder 2019) 90.6 94.5
Vconv-DAE (Dovrat 2021) 75.5 80.5
SwAV (Caron et al. 2020b) 90.3 93.5
OcCo (Wang 2020) 89.2 92.7
STRL (Liu et al. 2021) 90.9 -
CrossPoint (Afham 2022) 91.2 -
MM-Point (ours) 92.4 95.4
Improvement +1.2 +0.9

Table 1: Linear SVM classification results on ModelNet40
and ModelNet10. Self. and Sup. represent pre-training with
self-supervised and supervised methods.

modules are consistent. Also, the strength of the augmen-
tation module and the variation trend of feature projection
dimensions in Multi-MLP are consistent.

Therefore, the overall loss function formula is updated as
follows, where Lcontrast refers to the cross-modal loss be-
tween the 3D feature zj and a specific 2D view feature zi:

Li = Lcontrast (zi, zj) , Loverall =
m∑
i=1

Li (10)

This way, the distribution of the augmentation invariance
for t0 and t1 is the broadest, and the invariance of tm is lim-
ited to the corresponding features of the largest dimension.

Experiments
In this section, we first introduce the pre-training details of
MM-Point. As our focus is on 3D representation learning,
we only evaluate the pre-trained 3D point cloud encoder
backbones. We sample different downstream tasks and as-
sess the 3D feature representations learned by MM-Point.
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Figure 6: t-SNE visualization of point-level features extracted by MM-Point on ModelNet10 (Qi et al. 2016), with each feature
point colored according to its class label. Points with the same color represent semantic similarity.

Method Accuracy (%)
GBNe (Touvron et al. 2020) 80.5
PRANet (Zhang et al. 2020) 81.0
PointMLP (Ma et al. 2022) 85.2
Point-BERT (Yu et al. 2022) 83.1
MaskPoint (Liu, Cai, and Lee 2022) 84.3
Point-MAE (Pang et al. 2022) 85.2
OcCo (Wang 2020) 78.3
STRL (Liu et al. 2021) 77.9
CrossPoint (Afham 2022) 81.7
MM-Point (ours) 87.8
Improvement +6.1

Table 2: Evaluation of 3D point cloud linear SVM classifi-
cation on ScanObjectNN.

Pre-training Setup
Datasets ShapeNet (Chang et al. 2015) is a large-scale 3D
shape dataset containing 51162 synthetic 3D point cloud ob-
jects. For each object in the dataset, we render the 3D object
into 2D multi-views, obtaining 24 images per object.

Implementation Details For the point cloud modality, we
employ DGCNN (Wang et al. 2019) as the 3D backbone. For
the image modality, we use ResNet-50 as the 2D backbone.
For all encoders, we append a 2-layer non-linear MLP pro-
jection head to generate the final representation. Note that
we add different projection heads to obtain features. Pre-
training employs AdamW as the optimizer.

3D Object Classification
The point cloud classification experiments were conducted
on three datasets. Notably, we utilized a pre-trained encoder
with frozen weights for evaluation using a linear SVM.

ModelNet40 (Wu et al. 2015) is a synthetic point cloud
dataset obtained by sampling 3D CAD models, consisting
of 12311 3D objects. ModelNet10 (Qi et al. 2016) includes
4899 CAD models with orientations from 10 categories.
ScanObjectNN (Uy et al. 2019) is a real-world 3D object
dataset comprising 2880 unique point cloud objects. This
dataset offers a more realistic and challenging setting.

To evaluate the effectiveness of the point cloud repre-
sentation learned by MM-Point, we first performed random
sampling of 1024 points for each object.

Method
5-way 10-way

10-shot 20-shot 10-shot 20-shot
Results on ModelNet40

3D-GAN (Wu 2016) 55.8±3.4 65.8±3.1 40.3±2.1 48.4±1.8
PointCNN (Li 2018) 65.4±2.8 68.6±2.2 46.6±1.5 50.0±2.3
RSCNN (Li et al. 2018) 65.4±8.9 68.6±7.0 46.6±4.8 50.0±7.2

Jigsaw (Sauder 2019) 34.3±1.3 42.2±3.5 26.0±2.4 29.9±2.6
OcCo (Wang 2020) 90.6±2.8 92.5±1.9 82.9±1.3 86.5±2.2
CrossPoint (2022) 92.5±3.0 94.9±2.1 83.6±5.3 87.9±4.2
MM-Point (ours) 96.5±2.8 97.2±1.4 90.3±2.1 94.1±1.9

Results on ScanObjectNN
Jigsaw (Sauder 2019) 65.2±3.8 72.2±2.7 45.6±3.1 48.2±2.8
OcCo (Wang 2020) 72.4±1.4 77.2±1.4 57.0±1.3 61.6±1.2
CrossPoint (2022) 74.8±1.5 79.0±1.2 62.9±1.7 73.9±2.2
MM-Point (ours) 88.0±6.5 90.7±5.1 76.7±1.9 83.9±4.2

Table 3: Few-shot classification: SVM classification accu-
racy comparison on ModelNet40 and ScanObjectNN. We
report the average accuracy (%) and standard deviation (%).

The classification accuracy results for ModelNet40 and
ModelNet10 are shown in Tab.1. As illustrated, MM-Point
outperforms all existing self-supervised methods, achieving
classification accuracies of 92.4% and 95.4%, respectively.

To validate the effectiveness in the real world, we con-
ducted experiments on ScanObjectNN, and the evaluation
results are presented in Tab.2. In comparison with the state-
of-the-art methods, the accuracy has been significantly im-
proved by 6.1%, highlighting the advantages of MM-Point
in challenging scenarios in real-world environments.

To visualize the learned 3D representations, we employ
t-SNE to reduce the dimensionality of the latent representa-
tions and map them onto a 2D plane. Fig.6 presents the visu-
alization of 3D point cloud features learned by MM-Point.

3D Object Few-shot Classification
The conventional setting for FSL is N-way K-shot. We con-
duct experiments using the ModelNet40 and ScanObjectNN
datasets. Specifically, we report the results of 10 runs and
calculate their mean and standard deviation.

We report the results in Tab.3. On both ModelNet40 and
ScanObjectNN, MM-Point achieves SOTA accuracy, outper-
forming other few-shot classification methods, and demon-
strating substantial improvements across all settings.
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Category Method
Metrics

OA (%) mIoU (%)

Sup.
PointNet (Qi et al. 2017a) - 83.7
PointNet++ (Qi et al. 2017b) - 85.1
DGCNN (Wang et al. 2019) - 85.1

Self-sup.
OcCo (Wang 2020) 94.4 85.0
CrossPoint (Afham 2022) 94.4 85.3
MM-Point (ours) 94.5 85.7

Table 4: Overall accuracy and mean IoU results for 3D part
segmentation. The metrics are OA(%) and mIoU(%).

Method
Metrics

OA(%) mIoU(%)
Jigsaw3D (Sauder 2019) 84.1 55.6
OcCo (Wang 2020) 84.6 58
CrossPoint (Afham 2022) 86.7 58.4
MM-Point (ours) 88.7 59.1

Table 5: Semantic segmentation results on S3DIS (Armeni
et al. 2016). We report the mIoU and OA for all 13 classes.

3D Object Part Segmentation
We also extend MM-Point to the task of 3D object part seg-
mentation, a challenging fine-grained 3D recognition task.

The ShapeNetPart (Yi et al. 2016) dataset contains
16881 point clouds, with 3D objects divided into 16 cate-
gories and 50 annotated parts. We sample 2048 points from
each input instance.

For a fair comparison, we follow previous works and add
a simple part segmentation head on top of the DGCNN en-
coder. We evaluate the performance using Overall Accuracy
(OA) and mean Intersection over Union (mIoU) metrics.
Tab.4 summarizes the evaluation results.

3D Object Semantic Segmentation
The Stanford Large-Scale 3D Indoor Spaces Dataset
(S3DIS) (Armeni et al. 2016) consists of 3D scan data from
271 rooms across six different indoor spaces. For evaluation,
we train our model from scratch on Areas 1 ∼ 4 and Area 6,
using Area 5 for validation.

Tab.5 demonstrates the performance of MM-Point. Com-
pared to the randomly-initialized baseline without pre-
training, our proposed MM-Point pre-training method yields
a significant improvement (+4.2% mIoU).

Ablation Study
In order to investigate the contributions of each main compo-
nent in MM-Point, we conduct an extensive ablation study.

Multi-view Contrastive: Number of Views We evaluate
the performance of MM-Point by performing multi-modal
contrastive with different numbers of 2D views. As shown in
Tab.6, we observe that the performance of MM-Point is the
lowest when using only one view image. As more 2D image
views are added, the classification performance steadily im-
proves. The performance is best when the number of multi-
view 2D images M is 4.

Number of 2D images 1 3 4 5 6

Accuracy (%)
ModelNet40 91.3 92.2 92.4 92.4 92.1

ScanObjectNN 83.3 86.7 87.8 87.6 86.9

Table 6: Ablation test using different numbers of 2D views.

Multi-MLP Accuracy (%)
Intra-modal Inter-modal ModelNet40 ScanObjectNN

✗ ✗ 91.4 83.4
✗ ✔ 91.9 86.7
✔ ✗ 91.6 84.9
✔ ✔ 92.4 87.8

Table 7: A comparison using different Multi-MLP strategies.

Multi-MLP Strategy Employing different MLPs for
intra-modal and inter-modal feature embedding, as well as
for different dimensional embedding of multi-views, is a dis-
tinctive design in MM-Point. We evaluate our method by: (1)
using a unified MLP, (2) employing different dimensions for
intra-modal and inter-modal features, ensuring that inter-
modal are larger than intra-modal dimensions, and (3) using
unified output dimensions or multiple different dimensions
for 2D multi-views. The results are reported in Tab.7 . These
results indicate that our unified framework benefits from us-
ing multiple different spaces for multi-modal modeling.

Multi-level Augmentation Strategy To validate the ef-
fectiveness of the multi-level augmentation strategy, we ex-
periment with: (1) all 2D views based solely on unified aug-
mentations, (2) all 2D views based on different augmenta-
tions, but without increasing the difficulty in a hierarchical
manner, and (3) all 2D views based on different multi-level
augmentations. The results are reported in Tab.8. The ab-
sence of any specific augmentation (indicated by ✗ ) neg-
atively impacts the performance. This suggests that apply-
ing multi-level augmentations to 2D multi-views allows the
model to benefit from contrast in the augmentation space.

Multi-level Augmentation Acc. (%)
Multi Aug. Multi-level ModelNet40 ScanObjectNN

✗ ✗ 91.7 86.1
✔ ✗ 92.1 86.9
✔ ✔ 92.4 87.8

Table 8: The impact of Multi-level augmentation strategy.

Conclusion
In this paper, we explore a novel pre-training method for 3D
representation learning. We introduce MM-Point, a frame-
work that encourages 3D point clouds to learn excellent fea-
tures from 2D multi-views. Concurrently, MM-Point em-
ploys Multi-MLP and Multi-level augmentation strategies to
effectively learn more robust 3D modality knowledge from
2D multi-views. MM-Point consistently exhibits state-of-
the-art performance on various downstream tasks. Codes are
available at https://github.com/HaydenYu/MM-Point.
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