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Abstract

Point cloud understanding aims to acquire robust
and general feature representations from unlabeled
data. Masked point modeling-based methods have
recently shown significant performance across var-
ious downstream tasks. These pre-training meth-
ods rely on random masking strategies to estab-
lish the perception of point clouds by restoring cor-
rupted point cloud inputs, which leads to the failure
of capturing reasonable semantic relationships by
the self-supervised models. To address this issue,
we propose Semantic Masked Autoencoder, which
comprises two main components: a prototype-
based component semantic modeling module and
a component semantic-enhanced masking strategy.
Specifically, in the component semantic modeling
module, we design a component semantic guidance
mechanism to direct a set of learnable prototypes
in capturing the semantics of different components
from objects. Leveraging these prototypes, we
develop a component semantic-enhanced masking
strategy that addresses the limitations of random
masking in effectively covering complete compo-
nent structures. Furthermore, we introduce a com-
ponent semantic-enhanced prompt-tuning strategy,
which further leverages these prototypes to im-
prove the performance of pre-trained models in
downstream tasks. Extensive experiments con-
ducted on datasets such as ScanObjectNN, Mod-
elNet40, and ShapeNetPart demonstrate the effec-
tiveness of our proposed modules.

1 Introduction
As a direct and accurate representation of real-world ob-
jects and environments, point clouds attract extensive at-
tention from the academic community. In recent years,
generous fully-supervised point cloud representation meth-
ods [Qi et al., 2017a; Qi et al., 2017b; Zhao et al., 2021;
Wang et al., 2019; Zhao et al., 2021] have been proposed and
have shown promising performance in various 3D shape anal-
ysis and scene understanding tasks. However, these methods
often rely on large annotated point cloud datasets, which is
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Figure 1: (a) Features distribution. We visualize the features be-
fore and after fine-tune. The feature colors are transformed into fea-
ture space using PCA, where the same color indicates feature consis-
tency. (b) Different mask and corresponding reconstruction pro-
cesses. Random masking masks only local blocks, while semantic
masking masks complete components based on semantics (wings).
Points in gray circles are masked regions.

time-consuming and requires a significant amount of man-
power and economic cost.

Inspired by self-supervised learning [Radford et al., 2018;
Radford et al., 2019; Brown et al., 2020] in image process-
ing and natural language, numerous self-supervised 3D rep-
resentation learning methods have been proposed. These
methods can learn meaningful representations on unlabeled
point cloud datasets and enhance model performance on
downstream tasks through fine-tune. Existing self-supervised
methods primarily follow two research paths, contrastive
learning method [Xie et al., 2020; Zhang et al., 2021;
Dong et al., 2023] and generative methods [Yu et al., 2022;
Pang et al., 2022; Zhang et al., 2023b]. Contrastive learn-
ing methods guide the model in learning discriminative fea-
tures by distinguishing positive and negative samples. For
example, PointContrast [Xie et al., 2020] constrains the con-
sistency between the same points in different views. Cross-
Net [Wu et al., 2023] conducts cross-modal contrastive learn-
ing between point clouds and their corresponding rendered
images. Contrastive learning methods yield satisfactory re-
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sults, but their performance heavily relies on carefully de-
signed positive and negative sample pairs. Motivated by
BERT [Devlin et al., 2018] and MAE [He et al., 2022], gen-
erative methods mainly adopt the Masked Point Modeling
(MPM) to encourage models to infer the randomly masked
regions with the visible regions, thereby guiding the model
to learn the relationships between point cloud patches in
the process, such as PointMAE [Pang et al., 2022], Point-
Mamba [Liang et al., 2024] and PointBERT [Yu et al., 2022]

Despite the success of MPM methods, they all fail to cap-
ture component semantics, which limits the generalization
ability of the pre-trained model. As shown in Figure 1(a),
without fine-tune, the model’s output features exhibit strong
positional instead of semantic correlation. For example, the
wings features are different before fine-tune due to they are
not adjacent in 3D space, even though their structures are sim-
ilar. After analysis, we argue that the strong positional corre-
lation of features is caused by the random masking strategy.
Random masking causes residual local structure, which en-
courages models to infer masked regions with only adjacent
patches rather than component semantic relationships. For
instance, as shown in Figure 1(b), the wings of airplanes are
large flat surfaces, if only a few blocks are masked, the net-
work will reconstruct these blocks with residual local struc-
tural information (i.e., flat surface). This nature of random
masking weakens the complete component semantic relation-
ship reasoning ability of pre-trained models.

Motivated by the analysis above, we believe that complete
components of objects should be masked based on seman-
tic priors as shown in Figure 1(b), this encourages models
to infer masked complete components based on visible point
clouds, which enables model to capture semantic relation-
ships between visible and masked components through re-
construction. However, to achieve this, we need to address
two technical challenges: (1) Explicitly Model component
semantics during pre-training. To acquire semantic pri-
ors for semantic masking, the model should be able to ex-
plicitly model the semantics of local components during the
pre-training phase, which is quite challenging without any
supervision. (2) Leverage component semantics for pre-
training. With the explicit modeling of component seman-
tics, how to leverage component semantics to perform point
cloud understanding tasks is a problem worth exploring.

To achieve above goals, we propose Semantic Masked
Autoencoder, which comprises two main components: a
Prototype-based Component Semantic Modeling (PCSM)
module and a Component Semantic-enhanced Masking
(CSeM) strategy. Specifically, in the PCSM, we use learn-
able prototypes to capture different component semantics
with complete point cloud inputs, and guide these proto-
types to model reasonable local semantics by reconstruct-
ing input point clouds with themselves. Leveraging these
component semantic prototypes, we develop a CSeM strat-
egy that addresses the limitation of random masking in effec-
tively covering complete components. We partition the com-
plete point clouds into several components with different lo-
cal semantics, and instead of random masking on the whole
point clouds, we first completely mask a few of these com-
ponents to prevent local structure information leakage, and

then perform random masking on each remaining component.
Furthermore, we introduce a Component Semantic-enhanced
Prompt-tuning (CSeP) strategy, which leverages component
semantic prototypes to improve the performance of the pre-
trained model during the fine-tuning stage.

In summary, our main contributions are as follows: (1)
We propose Semantic Masked Autoencoder to improve exist-
ing MPM methods effectiveness by explicitly modeling com-
ponent semantics during pre-training and performing mask-
ing based on semantic priors. (2) We introduce a PCSM
module to model local semantics without supervision. We
design a CSeM to improve pre-trained models’s ability to
model local semantics. Besides, we employ the semantic-
enhanced prototypes to improve the pre-trained models per-
formance in downstream tasks. (3) Extensive experiments on
datasets such as ScanObjectNN, ModelNet40, and ShapeNet-
Part demonstrate the effectiveness of our proposed modules.

2 Related Work
2.1 Contrastive-based Point Cloud Understanding
Self-supervised Learning has achieved great success in many
fields such as NLP and computer vision. The objective of PC-
SSL is to extract robust and general features from unlabeled
data and achieve superior performance in downstream tasks.
Recently, a substantial amount of methods on self-supervised
representation learning for point clouds has been proposed,
demonstrating effectiveness in various shape analysis and
scene understanding tasks. Existing self-supervised 3D rep-
resentation learning methods are primarily follow two re-
search paths: contrastive learning methods [Xie et al., 2020;
Zhang et al., 2021; Dong et al., 2023] and generative meth-
ods [Yu et al., 2022; Pang et al., 2022; Zhang et al., 2023b].
Inspired by the contrastive approaches, PointContrast [Xie et
al., 2020] first explores learning 3D representations by con-
strainting the consistency between the same points in dif-
ferent views. CrossPoint [Afham et al., 2022] learns point
cloud representations by contrast learning, and then performs
further cross-modal contrast learning. CrossNets [Wu et
al., 2023] conducts cross-modal contrastive learning between
point clouds and their corresponding rendered images. How-
ever, contrastive learning methods heavily rely on meticu-
lously designed positive and negative samples, which limits
their development.

2.2 MAE-based Point Cloud Pre-training
Generation methods [Vincent et al., 2008; Devlin et al., 2018;
Radford et al., 2018; Zhang et al., 2022] typically rely on
an autoencoder to learn the latent features of the data by
reconstructing the original inputs. Masked autoencoders
(MAE) [He et al., 2022] try to recover the origin inputs from
corrupted inputs, which allows the model to learn more ro-
bust features. Inspired by MAE, MAE-based point cloud pre-
training methods have been widely proposed, and can be di-
vided into two categories, single-modal [Zhang et al., 2022;
Pang et al., 2022] and cross-modal [Dong et al., 2023;
Qi et al., 2023; Zhang et al., 2023b; Qi et al., 2023] meth-
ods. Point-MAE [Pang et al., 2022] pioneers the use of
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masked autoencoders for point cloud understanding. It di-
vides point clouds into patches and employs mini-PointNet to
extract patch embeddings, then a random mask reconstruction
is performed with standard transformers. PointM2AE [Zhang
et al., 2022] proposes a multi-scale masking strategy, but
still relies on a global random masking strategy. Subsequent
methods mainly focus on using cross-modal knowledge to aid
point cloud understanding. For instance, ACT [Dong et al.,
2023] utilizes a pre-trained ViT [Dosovitskiy et al., 2020] as a
teacher network to guide the learning of the student network.
Recon [Qi et al., 2023] learns from both generative mod-
eling teachers and cross-modal contrastive teachers through
ensemble distillation. Other MAE-based methods [Chen et
al., 2023; Yang et al., 2023; Tian et al., 2023] focus on us-
ing scene and LiDAR point clouds for pre-training, specif-
ically for detection tasks. All above methods are rely on
global random masking strategy, however, the random mask-
ing fails to mask complete components, which weakens the
effectiveness of pre-text tasks. Researchers have noted the
drawbacks of the random masking. I2P-MAE [Zhang et al.,
2023b]uses a cross-modal approach, leveraging rich 2D in-
formation to select crucial local structures as visible parts.
However, the need for extensive image and text datasets and
additional computational costs limit its practical application.

3 Methodology
The overall pipeline of the proposed Semantic Masked Au-
toencoder is shown in Figure 2. We first introduce the
MAE-based 3D architecture for point cloud masked autoen-
coding. Then, we show the details of two main com-
ponents, a prototype-based component semantic modeling
module(PCSM) and a component semantic-enhanced mask-
ing strategy(CSeM). And the component semantic-enhanced
prompt-tuning(CSeP) is presented at the end of the method-
ology section.

3.1 MPM-based 3D architecture
Before introducing our proposed approaches, we will first
outline the general architecture of MAE-based methods. The
3D point cloud masked autoencoding consists of a token em-
bedding module, an encoder-decoder architecture, and a head
for reconstructing masked 3D points. Our approaches can be
implemented within any MAE-based method.

Token Embedding. Given a raw point cloud P ∈ RN×3,
Furthest Point Sampling (FPS) is applied to downsample the
point number fromN toG, resulting inPT ∈ RG×3. Then, k
Nearest-Neighbour (k-NN) is adopted to search the k neigh-
bors for each downsampled point, and their features are ag-
gregated via a mini-PointNet [Qi et al., 2017a] to obtain G
point tokens. We formulate these tokens as T ∈ RG×C ,
where C denotes the feature dimension. Simultaneously, the
position embeddings of PT are generated by a linear layer,
denoted as ET ∈ RG×C .

Encoder-Decoder Architecture. To build the pre-text task
targets, MAE-based methods usually mask the point tokens
with a preset ratio, only visible tokens can be fed into en-
coders. We formulate visible tokens as Tvis ∈ RGvis×C ,
where Gvis denotes the visible token number. The specific

framework of the encoder could be different structures such
as Transformer [Pang et al., 2022; Yu et al., 2022] or Mamba
[Liang et al., 2024]. After encoding, the encoded T e

vis are
concatenated with a set of shared learnable masked tokens
Tmask ∈ RMmask×C , and then inputted into a corresponding
decoder, whereGmask denotes the masked token number and
G = Gmask +Gvis. In the decoder, the masked tokens learn
to capture informative geometric cues from visible ones and
reconstruct the masked 3D regions.

Points Reconstruction. With the decoded point to-
kens {T d

vis, T
d
mask} and corresponding position embedding

{ET
vis, E

T
mask} , T d

mask are utilized to reconstruct 3D regions
of the masked tokens. A reconstruction head usually consists
of a single linear projection layer which is adopted to pre-
dict Pmask ∈ RGmask×k×3, the ground-truth 3D points of
the pre-text task. The reconstruction loss [Fan et al., 2017]
can be formulated as:

L3D =
1

Gmask
Chamfer(M3D(T

d
mask), Pmask) (1)

where M3D(·) denotes the reconstruction head.

3.2 Component Semantic Modeling
We adopt learnable prototypes to adaptively capture seman-
tics of different local structures. The updated prototypes then
support the subsequent CSeM approach. We utilize the to-
ken embedding module and encoder from the MAE-based
3D architecture to obtain the complete point cloud features
T e ∈ RG×C and position embeddings ET of downsam-
pled points PT , the learnable prototypes p ∈ RQ×C are up-
dated with T e in cross-attention mechanism. To guide pro-
totypes for semantic modeling of object components without
additional modal information, we reconstruct the entire point
cloud with p and ET .

Prototype-based Component Semantic Modeling. To
adaptively model the point cloud components, we design a
set of learnable prototypes to capture local semantics. As
shown in Figure 2, given T e, we utilize a set of learnable
prototypes p to dynamically aggregate these tokens. With the
assistance of the cross-attention mechanism, the aggregating
process can be described as follows:

p̂ = Softmax(
p(T e)T√

d
)T e (2)

where p̂ ∈ RQ×C represents the updated prototype features.
After updating, we adopt these prototypes to enhance tokens
T e in the another cross-attention layer, enable each token to
capture the semantic information of its corresponding compo-
nent. The enhanced tokens can be formulated as T̂ e. During
exploration, we find that the prototypes updated with origin
encoders fail to capture the semantics of dispersed structures,
such as the wings of the airplane. To expand the encoder’s re-
ceptive field, we introduce a non-parametric k-norm process
inspired by Point-NN [Zhang et al., 2023a] to enhance the
token’s perception of distant local structures. The details of
k-norm are presented in supplementary materials.

Prototype-based Point Reconstruction(PPR). To guide
prototypes model reasonable local semantics of point clouds,
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Figure 2: Pipeline of our proposed framework. The complete tokens T are input into the encoder to acquire T e, which are fed into PCSM to
generate local semantic-enhanced prototypes p̂ and enhanced tokens T̂ e. The PPR guides the learning of p̂ to acquire informative prototypes,
and Sm are solved before Semantic Grouping. With Sm, we can utilize CSeM to generate semantic-correlated masks. The generated masks
are capable of covering complete point cloud components. The remaining tokens Tvis are fed into the MAE-based architecture for self-
supervised pre-training. The gray blocks indicate that the corresponding structures are frozen.

we first divide tokens into several groups, with each group
being associated with a prototype that corresponds to a spe-
cific component. Then, we reconstruct each component with
its corresponding prototype.

To assign tokens according to their semantics and perform
Semantic Grouping, we first figure out the scaled-product
similarity between T̂ e and p̂. The similarity calculation can
be described as follows:

Sm = Softmax(
T̂ e(p̂)T√

d
) (3)

According to Sm ∈ RG×Q, each token has a corresponding
similarity score with all prototypes. The highest similarity
score reflects which component each token belongs to. ET is
the position embedding of tokens, and we associate each posi-
tion embedding with the corresponding prototype along with
Sm. To guide prototypes model reasonable local semantics,
as shown in Figure 2, if the number of tokens in q-th group
is r (ET

q ∈ Rr×C ), we repeat p̂q ∈ R1×C for r times and
then concatenate it with ET

q to forme Fq ∈ Rr×2C . All Fq

are concatenated to acquire F ∈ RG×2C , and we use a non-
linear projection layer and a linear layer with F to reconstruct
raw points P . The reconstruction loss can be formulated as:

Lproto =
1

G
Chamfer(M3D(F ), P ) (4)

where M3D(·) denotes the reconstruction head. To guide dif-
ferent prototypes to focus on components with different se-

mantics, we utilize a contrastive loss on the updated proto-
types p̂, as follows:

Lcont = −
Q∑
i=1

log(
exp(d(p̂i, p̂i)/ε)∑Q
j=1 exp(d(p̂i, p̂j)/ε)

) (5)

where d(·) is a distance measurement and ε is the temperature
in contrastive learning.
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Figure 3: Details of CSeM. We first segment point clouds into sev-
eral components according to local semantics and random select a
few of them as masked components. Then we adopt random mask-
ing on each remaining component separately.
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Figure 4: Details of CSeP. (a) The figure illustrates a structure
widely used for downstream classification tasks. (b) In the figure,
we introduce the PCSM module during the finetuning stage to gen-
erate semantic-enhanced prototypes.

3.3 Component Semantic-enhanced Masking
Strategy

In MAE-based 3D architecture, point clouds are divided into
several patches by FPS and k-NN. Then, according to the to-
ken embedding module in MAE-base 3D architecture, tokens
T is generated via mini-Pointnet.

To perform semantically correlated mask, we first divide
these tokens into different groups according to their seman-
tics. Specifically, with Sm obtained from Formula 3, we fol-
low the same grouping strategy to acquire semantical token
groups. Each token t belongs to a specific component, which
corresponds to the prototype with highest similarity score to
t. The point cloud tokens T e are segmented into Q groups
along with Sm. To mask the complete local structures, we
randomly select some of these token groups T e

q ∈ Rr×C

as masked components. Besides, according to our experi-
ments, directly masking components based on semantics fails
to obtain optimal results. As shown in Figure 5, the compo-
nents are extensive point groups, we believe that the massive
masking creates a significant information gap between the
model’s inputs and ground truth, making it difficult for the
model to learn useful information from the remaining point
cloud. To address this issue, in addition to component mask-
ing, we also apply random masking on each remaining com-
ponent separately. This can guide the model to gradually im-
prove its understanding of the point cloud by reconstructing
different components individually, ultimately achieving satis-
factory performance.

3.4 Component Semantic-enhanced
Prompt-tuning

We first introduce the classical classification head without
proposed prompt-tuning. During classification downstream
tasks, the entire 3D architecture, except for the decoder, are
fine-tuned. Additionally, a randomly initialized class token
tcls is concatenated with the tokens T generated by the to-
ken embedding module and fed into the encoder for updat-

ing. With the encoded {tecls, T e}, max pooling is applied to
T e and acquire features Fg ∈ R1×C . The classification fea-
ture is {tecls, Fg}, and we use a non-linear layer to generate
the final classification scores.

As shown in Figure 4(b), on the top of p̂, we modifiy the
feature before encoder by concatenating p̂ with {tcls, T}.
Then, after encoding, max pooling is applied to p̂e and ac-
quire semantic-enhanced features p̂eg ∈ R1×C . The new clas-
sifiction features is formulated as {tecls, p̂eg, Fg}.

4 Experiments
In this section, we first present the pre-training setup and im-
plementation details. Then, to demonstrate the effectiveness
of our modules, we evaluate the proposed modules using two
baseline methods with four downstream tasks, including syn-
thetic object classification, real-world object classification,
part segmentation and few-shot learning. We also carry on
ablation studies for our proposed approaches.

4.1 Pre-training Setup
We adopt the well-known ShapeNet [Chang et al., 2015] for
self-supervised point cloud pre-train, which contains 57,448
synthetic point clouds with 55 object categories.

We adopt our modules on two baseline models, the
transformer-based PointMAE [Pang et al., 2022] and the
mamba-based PointMamba [Liang et al., 2024], and we fol-
low the same MAE architecture as these two methods for fair
comparison. For PointMAE, we adopt a typical input reso-
lution with 1024 points and divide inputs into n = 64 point
patches. For the KNN algorithm, we set k = 32. In the back-
bone, the encoder has 12 Transformer blocks while the de-
coder has 4 Transformer blocks. Each Transformer block has
384 hidden dimensions and 6 heads. For PointMamba, the
network architecture remains consistent with PointMAE, but
all the Transformers have been replaced with Mamba [Gu and
Dao, 2023] structures. More details are presented in supple-
mentary materials.

4.2 Effectiveness of Modules on Downstream
Tasks

To demonstrate the effectiveness of our approaches, we evalu-
ate the proposed modules on two baseline methods with four
downstream tasks. In the Table 1, CSeM refer to our mod-
ule for generating semantic-correlated masks and CSeP rep-
resents the proposed prompt-tuning strategy.

Shape Classification on a Real-world Dataset. To vali-
date the effectiveness of the proposed model, we conduct ex-
periments on ScanObjectNN [Uy et al., 2019]dataset, which
consists of about 15,000 objects from 15 categories. We eval-
uate our approaches effectiveness on PointMAE and Point-
Mamba, and as shown in Table 1, we report the overall accu-
racy under three experimental settings, OBJ-BG, OBJ-ONLY
and PB-T50-RS. All methods utilize the default data argu-
mentation as the baseline. When using the same pre-training
dataset ShapeNet [Chang et al., 2015], our modules effec-
tively improve the performance of the baseline models on
this task. Our modules improve the two baseline models by
2.01% and 2.12% respectively on the OBJ-ONLY split. This
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Method ScanObjectNN ModelNet40

OBJ-BG OBJ-ONLY PB-T50-RS w/o Voting w/ Voting

Point-BERT [Yu et al., 2022] 87.43 88.12 83.07 92.7 93.2
MaskPoint [Liu et al., 2022] 89.70 89.30 84.60 - 93.8
PointMAE [Pang et al., 2022] 90.02 88.29 85.18 93.0 93.8
PointM2AE [Zhang et al., 2022] 91.22 88.81 86.43 93.4 94.0
ACT† [Dong et al., 2023] 93.29 91.91 88.21 93.7 94.0
ReCon† [Qi et al., 2023] 94.15 93.12 89.73 94.5 94.7
PointMamba [Liang et al., 2024] 90.71 88.47 84.87 92.9 93.6

PointMAE [Pang et al., 2022] (baseline) 90.02 88.29 85.18 93.0 93.8
+ CSeM (Ours) 90.90(+0.88) 89.51(+1.22) 86.12(+0.94) 93.5(+0.5) 94.3(+0.5)

+ CSeP (Ours) 91.32(+1.30) 90.30(+2.01) 86.64(+1.46) 93.8(+0.8) 94.5(+0.7)

PointMamba [Liang et al., 2024] (baseline) 90.71 88.47 84.87 92.9 93.6
+ CSeM (Ours) 91.63(+0.92) 89.55(+1.08) 85.61(+0.74) 93.3(+0.4) 94.0(+0.4)

+ CSeP (Ours) 91.95(+1.24) 90.59(+2.12) 86.12(+1.25) 93.6(+0.7) 94.2(+0.6)

Table 1: Shape Classification on ScanObjectNN and ModelNet40 Datasets. For ScanObjectNN dataset, we report the classification
accuracy(%) over the three subsets: OBJ-BG, OBJ-ONLY and the most challenging variant PB-T50-RS. For ModelNet40 dataset, we report
the finetuning results with and without the voting trick. Methods with † are cross-modal methods. PointM2AE utilizes hierarchical encoder
based on PointMAE.

Method Inst. mIoU Cls. mIoU

Point-BERT [Yu et al., 2022] 85.6 84.1
MaskPoint [Liu et al., 2022] 86.0 84.4
PointMAE [Pang et al., 2022] 86.1 84.1
ACT [Dong et al., 2023] 86.1 84.7
PointMamba [Liang et al., 2024] 86.0 84.4

PointMAE [Pang et al., 2022] 86.1 84.1
+ Ours 86.6(+0.5) 84.5(+0.4)

PointMamba [Liang et al., 2024] 86.0 84.4
+ Ours 86.4(+0.4) 84.9 (+0.5)

Table 2: Part Segmentation on ShapeNetPart Dataset. We report
the mean IoU across all instances (Inst. mIoU) and the mIoU across
all part categories (Cls. mIoU).

demonstrates the effectiveness of our approach in capturing
object semantics. Additionally, on the split containing back-
ground OBJ-BG and the most challenge split PB-T50-RS,
our modules effectively improve the baseline performance in
Real-world Dataset.

Shape Classification on a Synthetic Dataset. In addition
to the experiments conducted on a real-world dataset, we per-
form experiments on a synthetic dataset, ModelNet40 [Wu
et al., 2015], which consists of 12,311 clean 3D CAD mod-
els, covering 40 object categories. For testing the fine-
tuned model, we provide results with and without the voting
trick [Liu et al., 2019]. The voting trick involves sampling
multiple point clouds for the same sample and making model
predictions multiple times, then aggregating the predictions
through voting to obtain the final classification result. As
Shown in Table 1, our modules demonstrate effectiveness un-
der both settings. The results on the synthetic dataset further
illustrate that the performance of the pretrain model can be
improved by masking complete components.

Raw Points Component Points by LSaM

Figure 5: Visualization of Components. We visualized the com-
ponents obtained through semantic grouping, which clearly show
strong semantic relevance.

Part Segmentation on ShapeNetPart Dataset. We
conduct part segmentation experiments on the challenging
ShapeNetPart [Yi et al., 2016] dataset, which comprises
16880 models with 16 different shape categories and 50 part
labels. The proposed paradigm boost the performence of 3D
pre-trained on the dataset, which is one of the hardest task.
The ”PointMAE + CLIP” combination outperforms all meth-
ods in various experimental settings, demonstrating that vi-
sion semantic prompts can effectively introducing part se-
mantics.

Few-shot Classification. To evaluate the effectiveness of
the proposed modules with limited finetuning data, we con-
duct experiments for few-shot classification on ModelNet40.
As shown in Table 3, the proposed modules improve the per-
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Model 5-way 10-way

10-shot 20-shot 10-shot 20-shot

Point-BERT 94.6±3.6 93.9±3.1 86.4±5.4 91.3±4.6
MaskPoint 95.0±3.7 97.2±1.7 91.4±4.0 92.7±5.1
MAE3D 95.2±3.1 97.9±1.6 91.1±4.6 95.3±3.1
PointMAE 96.3±2.5 97.8±1.8 92.6±4.1 93.4±3.5
PointM2AE 96.8±1.8 98.3±1.4 92.3±4.5 95.0±3.0
ACT 96.8±2.3 98.0±1.4 93.3±4.0 95.6±2.8
ReCon 97.3±1.9 98.0±1.4 93.3±3.9 95.8±3.0
PointMamba 95.0±2.3 97.3±1.8 91.4±4.4 92.8±4.0

PointMAE (baseline) 96.3±2.5 97.8±1.8 92.6±4.1 93.4±3.5
+ Ours 96.8±2.2 98.0±1.5 93.0±4.5 95.3±2.7

PointMamba 95.0±2.3 97.3±1.8 91.4±4.4 92.8±4.0
+ Ours 96.0±2.0 98.3±1.7 92.0±4.5 93.6±3.8

Table 3: Few-shot Classification on ModelNet40. We report mean
and standard deviation over ten runs.

CrossAttn ContrastL ProtoRecon Overall Accuracy

OBJ-ONLY ModelNet40

7 7 7 88.76 92.95
3 7 7 88.55 93.08
3 3 7 87.89 92.69
3 3 3 89.51 93.51

Table 4: Evaluation of PCSM. Short CrossAttn represents Cross
Attention module, ContrastL represents perfom contrastive learn-
ing between prototypes, ProtoRecon represents reconstruct point
clouds base on prototypes.

formance of baselines for all four settings. The results illus-
trate that our approach can augment pretrain models general-
ization capabilities by enhancing local semantics.

4.3 Ablation studies
To investigate the effectiveness of each component and de-
sign, we conduct ablation studies on ScanObjectNN with the
OBJ-ONLY variant and ModelNet40 without voting. We ap-
ply PointMAE as the baseline.

Effect of PCSM. To illustrate the effect of modules in
PCSM for capturing reasonable local semantics, we conduct
ablation experiments on the PCSM. As shown in Table 4, it
can be observed that the masks generated by random proto-
types unable to improve the network’s performance. Without
additional constraints, this approach causes the attention re-
gions of the prototypes to be randomly distributed. The intro-
duction of contrastive learning leads to a performance drop.
Without guidance, even though prototypes can focus on dif-
ferent local blocks, but fail to model proper local semantics.
To guide the prototypes in modeling reasonable local seman-
tics, we employ prototype-based point cloud reconstruction.
Additionally, we incorporate position embedding to further
enhance the prototypes ability to capture local semantic de-
tails, which boosts the performance of models.

Effect of Different Masking Strategies. To assess the im-
pact of different masking strategies, we applied three strate-

RandM RandBM CSeM Overall Accuracy

OBJ-ONLY ModelNet40

7 3 7 88.28 92.86
3 7 7 88.79 93.09
7 7 3 89.51 93.51

Table 5: Evaluation of different masking strategy. Short RandM
represents global random mask, RandBM represents random block
mask, CSeM represents semantic-correlated random mask.

Prompt MaxP Concat Overall Accuracy

OBJ-ONLY ModelNet40

7 7 7 88.98 93.08
3 7 7 89.35 93.24
3 7 3 89.93 93.66
3 3 3 90.30 93.78

Table 6: Evaluation of CSeP. Short Prompt represents that adopt
prototypes as prompts, MaxP represents that perform maxpooling
before concatenate prototypes with classification head’s input, Con-
cat represents concatenate prototypes with head’s input.

gies with the same backbone, the origin masking strategy
(Global Random Mask) randomly mask local structures (Ran-
dom Block Mask) and random mask based on local semantics
(Ours). As shown in Table 5, without local prototypes guid-
ance, random block mask in the point cloud is ineffective, as
it fails to address the issue of residual local structures. Mean-
while, unlike the global random mask which overlooks dif-
ferences between various components of the point cloud, our
masking strategy improves the performance by enabling the
model to extract local-representative features. This enhances
the pre-trained model’s ability to capture local semantics and
improves models performance. As shown in Figure 5, we
present the visualization of components segmented by pre-
trained model, our approach can obtain point cloud compo-
nents that show strong semantic relevance.

Effect of CSeP. We conduct ablation experiments on the
CSeP. As shown in Table 6, we first use randomly initial-
ized prototypes during finetuning without pre-training, which
only adds random noise to the input without providing mean-
ingful information. After employing pre-trained prototypes,
which introduces useful local semantic information, the per-
formance saw only a marginal improvement. after prototypes
are updated by the encoder in finetune, we concatenate them
into the input of the classification head after max-pooling

5 Conclusion
In this paper, we propose the PCSM and the CSeM, which
enable model to mask complete point cloud components, ef-
fectively improving the effectiveness of pre-trained models in
downstream tasks. Additionally, on the top of local semantic-
enhanced portotypes, we adopt these prototypes as prompts
to improve the performance in downstream tasks. Extensive
experiments demonstrate the effectiveness of our approach.
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