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Abstract— Learning universal representations of 3-D point
clouds is essential for reducing the need for manual annotation of
large-scale and irregular point cloud datasets. The current modus
operandi for representative learning is self-supervised learning,
which has shown great potential for improving point cloud
understanding. Nevertheless, it remains an open problem how to
employ auto-encoding for learning universal 3-D representations
of irregularly structured point clouds, as previous methods
focus on either global shapes or local geometries. To this end,
we present a cascaded self-supervised point cloud representation
learning framework, dubbed Curriculumformer, aiming to tame
curriculum pre-training for enhanced point cloud understanding.
Our main idea lies in devising a progressive pre-training strategy,
which trains the Transformer in an easy-to-hard manner. Specif-
ically, we first pre-train the Transformer using an upsampling
strategy, which allows it to learn global information. Then, we fol-
low up with a completion strategy, which enables the Transformer
to gain insight into local geometries. Finally, we propose a Multi-
Modal Multi-Modality Contrastive Learning (M4CL) strategy
to enhance the ability of representation learning by enriching
the Transformer with semantic information. In this way, the
pre-trained Transformer can be easily transferred to a wide
range of downstream applications. We demonstrate the supe-
rior performance of Curriculumformer on various discriminant
and generative tasks, outperforming state-of-the-art methods.
Moreover, Curriculumformer can also be integrated into other
off-the-shelf methods to promote their performance. Our code is
available at https://github.com/Fayeben/Curriculumformer.

Index Terms— 3-D representation learning, curriculum learn-
ing, point clouds, self-supervised learning, transformer.

I. INTRODUCTION

POINT clouds play an indispensable role in 3-D com-
puter vision [1], [2] and are attracting growing attention

due to their flexibility in representing arbitrary geometries
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Fig. 1. Illustration of curriculum pre-training. Pre-training the Transformer
in an easy-to-hard manner is akin to gradually excavating the tip of an
iceberg. When pre-training the Transformer in a facile way, the model acquires
less information and weaker representative capabilities. By progressively
increasing the difficulty of self-supervised training, the network can obtain
abundant knowledge, leading to superior representation learning and benefiting
downstream tasks.

and memory efficiency. Similar to 2-D images, there has
been significant research in recent years focused on learn-
ing representations for 3-D point clouds [3]. The research
field of 3-D representation learning shares many similarities
with its 2-D counterpart, including the use of auto-encoder
architecture [4] and self-reconstruction-based supervision [5].
Recent progresses in both natural language processing (NLP)
[6] and 2-D computer vision [7] have promoted numerous
developments in 3-D representation learning, including point
cloud Transformer (PCT) [8], Point-BERT [5], and Point-
M2AE [9]. However, a pressing question remains on how to
pre-train networks on large-scale raw data, endowing them
with universal representation abilities and benefiting down-
stream tasks with fine-tuning.

The question mentioned above poses two main challenges
to enhancing the transfer capability of pre-trained models:
fully exploiting global structures and local geometries [4],
and boosting pre-training accuracy by integrating semantic
information [10]. To address the former challenge, previous
methods such as Point-BERT [5] and 3-D auto-encoder [4]
have employed self-reconstruction as supervision to focus
on either global structures or local parts of the input point
clouds. However, a single self-reconstruction architecture
often causes models to focus solely on either local parts
or global structures, rather than effectively balancing both
aspects [11]. To tackle the latter challenge, several methods
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utilize contrastive learning between point clouds and images
as a self-supervised pre-training strategy [12]. However, even
after augmentation, point clouds and images are still easily
aligned, weakening the representative learning ability of the
pre-trained model.

This article aims to learn a powerful representation of point
clouds that does not require manually annotated supervision.
To address the aforementioned challenges, we focus on the
pre-training stage and propose a novel curriculum pre-training
framework named Curriculumformer. Our framework con-
sists of two essential components: a progressive pre-training
tactic and a multi-modal multi-modality contrastive learning
(M4CL) module (Fig. 1). Specifically, the progressively harder
pre-training setting can be divided into the upsampling pre-
task, the completion pre-task, and the M4CL module. The
upsampling strategy guides the network in upsampling a sparse
point cloud into a denser one, thereby enabling the models to
learn global shapes [13]. This initial pre-training stage serves
as a warm-up, allowing the model to develop a basic under-
standing of the underlying structure of the input data. Then
the completion pre-task follows, which focuses on completing
partial or missing information in the input data, allowing
the model to gain insight into the local geometries [1]. The
advanced course in Curriculumformer is the M4CL task, which
concentrates on learning semantic information at the object
level [14], [15]. Through the cascaded pre-training strategy of
Curriculumformer, the obtained model can learn hierarchical
information from both global structures and local geometries.

To enhance the accuracy of the self-reconstruction-based
strategy, we must reconsider the previously mentioned M4CL
strategy, which was developed with a “Kill Two Birds with
One Stone” purpose. In detail, the M4CL strategy involves
embedding both the reconstructed point cloud and the rendered
2-D image into a feature space that is close to each other.
In real-world applications such as robotics and autonomous
driving, it has been shown that models that understand the
3-D–2-D correspondence can greatly facilitate a full under-
standing of 3-D world [16]. The M4CL module follows a joint
objective of embedding augmented versions of the same point
cloud into a close feature space while maintaining 3-D–2-D
correspondence between them and the rendered 2-D image
of the original 3-D point cloud, which can be treated as
the third stage and the most difficult course of pre-training.
Unlike existing methods that employ data augmentation of
3-D point cloud [12], M4CL uses a reconstructed point cloud
as the output of a Transformer-based 3-D branch in 3-D–
2-D correspondence. This not only enables the model to
align the reconstructed point cloud with greater accuracy
to learn more meaningful representatives but also enhances
the difficulty of the last pre-training phase. By leveraging
the merits of our curriculum pre-training framework and the
M4CL module, we obtain a powerful pre-trained model whose
trained encoder can be transferred to various downstream
tasks. Our experiments demonstrate the superior performance
of Curriculumformer, which outperforms widely used methods
on several benchmarks.

The contributions of this article are summarized as follows.
1) We introduce a novel curriculum pre-training framework

dubbed Curriculumformer. Unlike previous single-task

pre-training strategies, Curriculumformer designs an
asymmetrical encoder–decoder Transformer architecture
that is pre-trained in an easy-to-hard manner. This allows
the model to learn local and global patterns step-by-step,
leading to enhanced point cloud understanding.

2) The M4CL module, devised as the hardest stage in the
pre-training, aims to align the reconstructed point cloud
and the corresponding image while fully exploiting the
representative capability of the Transformer backbone.

3) With the aid of the curriculum pre-training tactic and the
M4CL module, the well-trained encoder can be easily
transferred to a variety of downstream applications.
We demonstrate the superiority of Curriculumformer in
five different downstream tasks, achieving the most com-
petitive performance compared to other pre-training or
train-from-scratch methods. Our curriculum pre-training
tactic can also promote the performance of the existing
self-supervised methods.

II. RELATED WORK

A. Curriculum Learning

Curriculum learning [17] is a learning paradigm inspired
by human learning that involves starting from simple tasks
and gradually increasing to more difficult ones. Many studies
show that this training approach leads to better generaliza-
tion and faster convergence in various tasks in 2-D vision
and NLP [18], [19]. Several methods feed training samples
to the network from easy to hard to improve the neural
network’s performance for image classification [18], question-
answer [20], and machine translation [21]. Recent studies
focus on exploiting the curriculum learning tactic at the task
level, demonstrating that a set of well-designed curriculums
can benefit learning complex knowledge. For example, cur-
riculum learning for natural answer generation (CL-NAG) [19]
progressively increases the degrees of parallelism from easy
to hard, resulting in remarkable accuracy improvements over
previous non-autoregressive methods in neural machine trans-
lation. Another example is multi model curriculum learning
(MMCL) [22], which utilizes curriculum learning to transfer
well-learned knowledge to a target task.

Curriculum learning is now emerging as a promising
approach in the field of 3-D vision. For instance, a differ-
entiable template matching strategy with curriculum learning
has enabled an automatic 3-D annotation model [23]. Addi-
tionally, curriculum learning has been integrated into 3-D
self-supervised learning, as seen in the case of PointSmile,
which incorporates curriculum data augmentation (CDA) of
point clouds. PointSmile utilizes CDA to learn from easy-to-
hard samples, dynamically affecting the latent space to create
better embeddings. However, PointSmile only applies curricu-
lum learning at the data level, whereas our Curriculumformer
takes a step further by incorporating curriculum learning at
the task level.

B. Representation Learning on Point Clouds

Due to irregular structure and permutation invariance during
point cloud manipulation, learning point cloud representation
is more challenging than other modalities [24], [25]. Pioneered
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Fig. 2. Overview of the pre-training strategy of the Curriculumformer. The elementary courses consist of three pre-training objectives: 1) DMPM; 2) BMPM;
and 3) M4CL strategy.

TABLE I
SHAPE CLASSIFICATION ON MODELNET40. [ST] AND [T] ARE DENOTED

AS THE STANDARD TRANSFORMERS AND TRANSFORMER-BASED
METHODS, RESPECTIVELY

by PointNet [26] and PointNet++ [27], recent contributions
directly process point cloud without any pre-preparation and
have facilitated boosting many advances in point cloud-based
tasks, including 3-D object classification [27], 3-D object
detection [28], and 3-D point cloud synthesis [3]. Whereas, the
performance of such representation learning works still largely
relies on the annotated point cloud. Furthermore, cTree [29]
has been introduced to learn point cloud representations in

TABLE II
COMPARISON OF SHAPE CLASSIFICATION PERFORMANCE ON SCANOB-

JECTNN. THE ACCURACY (%) ON THREE SPLITS SETTINGS OF
SCANOBJECTNN IS LISTED

a label-efficient setting such as few-shot learning. By com-
parison, our Curriculumformer pays attention to learning
transferable point cloud representations with an absence of
annotations, benefiting various downstream tasks.

C. Self-Supervised Learning on 3-D Vision

In recent years, 3-D representation learning has been
widely studied, yet without annotations [30], [31]. Most of
the studies mainly devise various pre-tasks to recover the
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TABLE III
COMPARISON OF FEW-SHOT CLASSIFICATION PERFORMANCE ON MODEL-

NET40. FOR A FAIR COMPARISON, THE AVERAGE ACCURACY (%) AND
STANDARD DEVIATION (%) OF TEN EXPERIMENTS ARE REPORTED

augmented input point cloud on the basis of latent vec-
tors, including rotation [32], deformation [33], rearranged
parts [34], and occlusion [35]. On the other hand, con-
trastive learning can be regarded as a powerful tactic to
learn representations. For instance, PointContrast [36] employs
contrastive learning on features of the same point cloud from
different views to learn discriminative 3-D representations.
Further, DepthContrast [37] devises the contrast for depth
maps undergoing various augmentations. CrossPoint [12] per-
forms cross-modality contrastive learning between rendered
images and point clouds to obtain abundant self-supervised
signals. For the first time, Point-BERT [5] introduces BERT
into 3-D point clouds pre-training and achieves remarkable
results on several downstream tasks. GrowSP [38] proposes
a straightforward strategy that enables the progressive growth
of superpoints throughout the training process, facilitating the
gradual acquisition of meaningful semantic elements. More-
over, PointDC [39] is a self-supervised framework designed
for 3-D semantic segmentation. It consists of two main com-
ponents: cross-modal distillation and super-voxel clustering.
However, a single pre-task might not unleash the full potential
of pre-trained models, and our Curriculumformer is proposed
to tackle this issue in a curriculum learning framework.

III. CURRICULUMFORMER

In this article, we revisit self-supervised point cloud rep-
resentation learning by presenting a curriculum pre-training
objective. We begin by introducing the preliminaries of
the proposed method (see Section III-A). Following that,
we present curriculum pre-training formulated in both upsam-
pling and completion pre-tasks (see Section III-B) and M4CL

(see Section III-C) settings. At last, we present our overall
training objective (see Section III-D). Overview of the devised
framework is depicted in Fig. 2.

A. Preliminaries

In the former two stages of pre-training, the given dataset
S = {Pi }

|S|

i=1 will undergo downsampling masked points mod-
eling (DMPM) and block masked points modeling (BMPM) to
obtain spare point clouds Ui and partial ones Bi , respectively.
The objective of these two pre-tasks is to upsample and
complete the masked point clouds in a cascaded way. In the
last stage of pre-training, given a dataset S = {(Pi , Ii )}

|S|

i=1 with
Pi ∈ RN×3 and Ii ∈ RH×W×3, where Ii denotes a rendered
2-D image modality of point cloud Pi [40]. Curriculumformer
trains a Transformer-based point cloud rebuilder FθT (·), a point
cloud feature learner FθD (·), and an image feature learner
FθI (·) in a self-supervised manner, where multi-layer per-
ceptron (MLP) projection heads hφT (.), hφD (.), and hφI (.)
are devised for reconstructed point cloud, point cloud, and
image, respectively. After these three stages of pre-training,
the Transformer backbone could be effectively and efficiently
transferred to downstream tasks.

B. Curriculum Pre-Training Framework

Given a point cloud, the tokenization of each point in a
naive approach is computationally expensive, as it treats each
point as a separate token. This is because the point-wise recon-
struction task involves quadratic complexity of self-attention in
Transformers. Following the patch embedding approach used
in Vision Transformers [7], we group each point cloud into
multiple local patches or sub-clouds, which is a simple and
efficient strategy. Specifically, to obtain point patch embed-
dings, we follow Point-BERT [5] to train a discrete variational
auto-encoder (dVAE) to get point embeddings as input of
the Transformer. Specifically, when given input point cloud,
it is first divided into l local patches with ci as center points,
which will be projected into point embeddings ei through a
PointNet [26]. After that, positional embeddings PEi of each
patch are obtained via applying an MLP on the corresponding
center point ci . The input embeddings are defined as xi ,
regarded as a union of point embeddings ei , and positional
embeddings PEi , which will be fed into the Transformer
backbone. Encouraged by Devlin et al. [6], class token [cls] is
appended to input spaces. In this way, the input sequence of
the Transformer can be written as H 0

= Concat{cls, xi }. The
output of final layer H F

= {hF
cls, hF

1 , . . . , hF
l } represents the

combination of global feature and encoded representation of
input point patches.

In detail, the masked positions are denoted as M ∈

{1, . . . , k}
⌊rk⌋ with r as the ratio of the mask, which is set to

0.25–0.45 in all pre-training stages. Following that, all masked
point embeddings are replaced with learnable pre-defined
mask embeddings E[M] and maintain their positional embed-
dings. At last, the input embeddings OM

= {xi |i /∈ M}
l
i=1 ∪

{E[M] + PEi |i ∈ M}
l
i=1 can be regarded as the input of

Transformer encoder.
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TABLE IV
COMPARISON OF PART SEGMENTATION PERFORMANCE ON THE SHAPENETPART. THE MIOU ACROSS ALL INSTANCE MIOU (%) AND THE IOU (%) FOR

EACH CATEGORIES ARE COMPARED

1) Upsampling Pre-Task: On the one hand, the goal of
upsampling task is to upsample a dense object on the basis of
a sparse one. The pre-trained dVAE encodes each local patch
into discrete point tokens, standing for geometric information.
After that, DMPM is leveraged to mask point patches into
a sparse point cloud, which is shown in Stage 1 in Fig. 2.
Therefore, those informative tokens can be directly applied as
surrogate supervision signals to pre-train the backbone. With
the objective of un-sampling, the Transformer will be enriched
with global information due to this pre-text task focuses more
on the whole shape. Noted that curriculum learning in this
article aims to pre-train the Transformer from easy to hard.
As shown in the Supplementary Material, the DMPM strategy
is the easiest to be trained, where pre-training loss converged
fastly while the accuracy of pre-training is the highest. There-
fore, the DMPM strategy is carried out first to endow the
Transformer with a certain ability of representative learning.

2) Completion Pre-Task: On the contrary, the target of point
cloud completion pre-text task is to endow the Transformer
to infer local geometric details of missing parts given the
remaining ones. Unlike the DMPM pre-text task, point patches
will go through BMPM module, from which partial point
clouds could be obtained. The reason for the BMPM strategy
in point cloud completion pre-text task can be found in the
Supplementary Material, from which we can conclude that the
BMPM tactic is much more difficult than the DMPM tactic.
If we train the Transformer with BMPM and DMPM in a
cascaded way, the Transformer will be initialized from a better
state, with an even faster converge speed and lower loss of
pre-training.

C. Multi-Modal Multi-Modality Contrastive Learning

Furthermore, after being trained with upsampling and com-
pletion pre-text tasks, the model is strengthening at exploiting
both local and global information. However, the supervision of
reconstruction might not be enough to recover a high-fidelity
point cloud. Therefore, by the merits of the modality of images
and feature alignment from the same point cloud, the accuracy
of reconstruction can be enhanced greatly, which could also
be regarded as the last course of curriculum pre-training due
to the hardness of this task (see Fig. 3).

Fig. 3. Overview of M4CL strategy of our Curriculumformer.

1) Multi-Modal Intra-Modality Instance Discrimination:
To promote the reconstruction accuracy and exploit the
cross-model learning, we propose multi-model intra-modality
instance discrimination (MIID). Different from intra-modal
instance discrimination in CrossPoint [12], which enforces
invariance to a collection of point cloud geometric transfor-
mations to feed augmented point cloud into dynamic graph
convolutional neural network (DGCNN) [41], we utilize the
Transformer and DGCNN as our two 3-D backbones. In our
setting, given an input point cloud Pi , point cloud does not
need to be transformed, while the recovered point cloud
PT

i from the Transformer can be naturally regarded as a
transformed point cloud.

Furthermore, DGCNN-based [41] point cloud feature
extractor FθD maps Pi to a feature embedding space, while
Transformer FθT recover the incomplete point cloud and then
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map the reconstructed PT
i into the feature embedding space.

After that, the resulting feature vectors will be projected to an
invariant space Rd , where the contrastive loss can be applied,
leveraging the projection head hφD and hφT , respectively. The
projected vectors of PD

i and PT
i are denoted as m t1

i and m t2
i ,

respectively. The target is to maximize the similarity between
m t1

i and m t2
i while minimizing the similarity among other pro-

jected vectors in the mini-batch. The NT-Xent loss presented in
SimCLR [42] is utilized as an instance discriminator in MIID,
where the loss function for positive pair can be calculated as
follows:

l(i, t1, t2)

= − log
exp

(
s
(

mt1
i ,mt2

i

)
τ

)
∑N

k=1
k ̸=i

exp
(

s
(

mt1
i ,mt1

k

)
τ

)
+

∑N
k=1 exp

(
s
(

mt1
i ,mt2

k

)
τ

)
(1)

where N stands for the size of mini-batch, τ denotes as
the temperature co-efficient, and s(·) is the cosine similarity
function. Therefore, the MIID loss function LMIID can be
formulated as

LMIID =
1

2N

N∑
i=1

[l(i, t1, t2) + l(i, t2, t1)]. (2)

2) Multi-Modal Multi-Modality Instance Discrimination:
Apart from feature alignment between the reconstructed point
cloud and original point cloud modality, an additional con-
trastive objective between point clouds and images is also
proposed to learn discriminative information, resulting in
higher accuracy of the reconstruction and enhancing rep-
resentation learning capability of point clouds. Therefore,
specifically, the rendered 2-D image Ii of Pi is first embedded
to a feature space by utilizing ResNet34-based [52] backbone
FθI , followed by projection of feature vectors into invariant
space Rd through image projection head hφI . In this way,
the projected image feature can be written as m t3

i . Further,
multi-modal multi-modality instance discrimination (MMID)
is performed between the modalities of point clouds and
images for an enhanced point cloud understanding.

The aim is to maximize the similarity between m t1
i and m t3

i
in invariance space since they come from the same objects.
Cross-modality alignment enables the network to learn from
harder positive and negative data, thus enhancing representa-
tion ability compared to solely learning from intra-modality
alignment. Overall, the loss function for the positive pair is
computed as follows:

c(i, t1, t3)

= − log
exp

(
s
(

mt1
i ,mt3

i

)
τ

)
∑N

k=1
k ̸=i

exp
(

s
(

mt1
i ,mt1

k

)
τ

)
+

∑N
k=1 exp

(
s
(

mt1
i ,mt3

k

)
τ

)
(3)

where s, N , τ represent for same parameters as in (1). The
MMID loss function LMMID is then described as

LMMID =
1

2N

N∑
i=1

[c(i, t1, t3) + c(i, t3, t1)]. (4)

D. Overall Objectives

During the pre-training phases with upsampling and com-
pletion pre-text tasks, reconstruction loss and contrastive loss
are leveraged at the same time.

To increase the difficulty of our Curriculumformer’s pre-
training with reconstruction loss, we applied a well-defined
auxiliary task of mixed token prediction, inspired by Cut-
Mix [67]. The normalization process has removed the absolute
position information of each sub-cloud, allowing for easy
generation of virtual samples through the combination of
two sub-cloud groups without the need for complex patch
alignment techniques [68]. Additionally, as part of the pre-
training process, each virtual sample is expected to predict
the tokens produced by the original corresponding sub-cloud,
which facilitates the DMPM and BMPM tasks. We generate
the same number of virtual samples as real samples to increase
the difficulty of pre-training tasks. By doing so, the training
potential of Transformers in low-data regimes is enhanced.

DMPM task aims to reconstruct the point tokens that cor-
respond to the downsample-masked locations, while BMPM
tries to recover partial-masked locations. Therefore, the
pre-training objectives of both two pre-text tasks are to max-
imize the log-likelihood of the correct point tokens vi when
presented with the masked input embeddings UM

Lr = max
∑
U∈D

EM

[∑
i∈M

logP
(
vi

∣∣UM)]
. (5)

The DMPM and BMPM tasks encourage the prediction
of the masked geometric structure of point clouds. However,
relying solely on these tasks for transformer training results
in inadequate comprehension of the point clouds’ higher-
level semantics. Hence, to enhance the transformer networks’
acquisition of high-level semantics, we utilized MoCo [69],
a popular contrastive learning technique. Combined with the
point patch mixing technique, the model is encouraged to
focus on the high-level semantics of point clouds through the
optimization of contrastive loss, ensuring that the features of
virtual samples are closely aligned with those of the original
samples. Consider a mixed sample feature w derived from
two other samples’ features, denoted as g+

1 and g+

2 ({gi }.
The contrastive loss, which depends on the mixing ratio r ,
is expressed as

Lw = −r log
exp

(
wg+

1 /τ
)∑K

i=0 exp(wgi/τ)

− (1 − r) log
exp

(
wg+

2 /τ
)∑G

i=0 exp(wgi/τ)
(6)

where τ refers to temperature and G is the memory bank size.
By combining DMPM and BMPM objectives with contrastive
loss, our Curriculumformer can capture both local geometric
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TABLE V
COMPARISON OF CURRICULUMFORMER FINE-TUNED ON SHAPENET55, SHAPENET34, AND SHAPENETUNSEEN21 AND OTHER NETWORKS REGARDING

CD-ℓ1 × 103 , CD-ℓ2 × 103 , AND THE AVERAGE F-SCORE@1%. THREE DIFFICULT DEGREES INCLUDING CD-S, CD-M, AND CD-H ARE
LEVERAGED TO VALIDATE THE COMPLETION PERFORMANCE, STANDING FOR THE Simple, Moderate, AND Hard SETTINGS

TABLE VI

COMPARISON OF CURRICULUMFORMER FINE-TUNED ON MVP DATASET WITH OTHER TRAIN-FROM-SCRATCH NETWORKS REGARDING CD-ℓ1 × 103 ,
CD-ℓ2 × 103 , AND AVERAGE F-SCORE@1%

structures and high-level semantic patterns simultaneously,
enabling critical point cloud representation learning.

Therefore, the overall objective for the former two stages is

L = Lr + Lw. (7)

For the last stage of pre-training, the final objective
should additionally include two M4CL losses mentioned in
Section III-C, which could be formulated as follows:

L = Lr + Lw + LMIID + LMMID. (8)
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IV. EXPERIMENTS

In this section, the transfer ability of Curriculumformer is
evaluated on five widely used downstream applications, includ-
ing classification, segmentation, and completion. We first show
the implementation details of the pre-training and fine-tuning
stages and then present the performance of Curriculumformer
on the five downstream tasks.

A. Pre-Training Setups

1) Data Setups: ShapeNet [70], which contains more than
50 000 CAD models from 55 object categories, is utilized to
pre-train our model. 1024 points from each 3-D instance are
sampled and divided into 64 point patches, where each patch
contains 32 points. A PointNet [26] is employed to project
each patch into point embeddings, which is utilized as input
of Curriculumformer. In the last pre-train stage, the rendered
RGB images are collected from [40], owing 43 783 images
from 13 classes. When given a point cloud, a 2-D image is
randomly chosen among all rendered images, rendered from
an arbitrary viewpoint. Further, we conduct data augmentation
on the rendered image, including random crop, color jittering,
and random horizontal flips.

2) Pre-Training Setups: In the pre-training experiments,
the depth of the Transformer is set to 12, while the feature
dimension is set to 384. The head’s number is set to 6.
A random depth of rate 0.1 is utilized in the encoder of
the Transformer. In the pre-training stage, the weight of the
Tokenizer learned by dVAE is fixed. Input embedding points
are masked according to the pre-training stage. Then, the
model is trained to predict the expected point labels for these
masked tokens. On the MoCo, the size of the repository is
set to 16 384, the temperature is set to 0.07, and the weight
momentum is set to 0.999. AdamW optimizer is utilized
with a 0.0005 initial learning rate and a 0.05 weight decay.
Our model is pre-trained with 20, 20, and 10 epochs with
128 batch sizes for three pre-training stages, respectively.
The total pre-training time is 19 h. On the other hand, the
other existing self-supervised methods all need 300 epochs
to pre-train the models. Noted that, in the last stage, the
architecture of FθD is provided by Afham et al. [12], while the
network FθI is from TorchVision [71] accompanied by an MLP
serving as the head. FθD and FθI will be randomly initialized
and trained during the last stage. Moreover, our experiments
are mostly conducted on NVIDIA GeForce RTX 3090 GPU.
Part segmentation and indoor segmentation experiments are
performed on NVIDIA TITAN RTX.

B. Fine-Tuning Setups

1) Shape Classification: The Curriculumformer is
fine-tuned on two datasets to validate the performance of shape
classification. The most widely utilized ModelNet40 [72]
contains synthetic 3-D objects of 40 classes, where
9843 samples are used for training with 2468 samples
utilized for validation. Further, the more difficult dataset
ScanObjectNN [53] consists of 11 416 samples for training
and 2902 samples for validation from 15 classes, all of them
are collected from the noisy real-world scans, determining the

Fig. 4. Visualization of part segmentation results. Different colors can be
ascribed to different parts of the objects. The top row depicts results predicted
by Curriculumformer, while the bottom row shows the ground truth.

TABLE VII
SEMANTIC SEGMENTATION RESULTS ARE PRESENTED FOR AREA 5 OF

THE S3DIS DATASET. THE EVALUATION METRICS INCLUDE MACC
AND MIOU ACROSS ALL CATEGORIES. TWO TYPES OF INPUT FEA-

TURES ARE UTILIZED: xyz, WHICH REPRESENTS POINT CLOUD
COORDINATES, AND xyz + rgb, WHICH INCORPORATES

BOTH COORDINATES AND RGB COLOR INFORMATION

domain gaps with the pre-trained ShapeNet [72]. Specifically,
ScanObjectNN is divided into three settings: OBJ-BG,
OBJ-ONLY, and PB-T50-RS. In detail, 1024 and 2048 points
are evenly sampled from each 3-D object of ModelNet40
and ScanObjectNN, respectively. The fine-tuning on the
two datasets adopts the same settings, where the network is
fine-tuned for 300 epochs together with a 32 batch size, a
5 × 10−4 learning rate, and a 5 × 10−2 weight decay. The
other hyperparameters are kept the same as in the stage of
pre-training.

2) Part Segmentation: In this experiment, ShapeNet-
Part [73] dataset consists of 16 881 synthetic 3-D objects
of 16 classes and 50 part classes. The training set and
validation set contain 14 007 and 2874 instances, respectively.
2048 points are evenly sampled from each instance as the input
of Curriculumformer, and the part categories will be predicted.
Curriculumformer is fine-tuned for 300 epochs with a 16 batch
size, a 2 × 10−4 learning rate, and a 0.1 weight decay. Other
settings of training just keep the same with the experiments
of shape classification.

3) Few-Shot Classification: Following the previous works
[35], [37], “K -way N -shot” settings are carried out on
ModelNet40 [5] for few-shot classification. And K out of
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Fig. 5. Visualization comparison of point cloud completion on PCN, MVP, ShapeNet55, and ShapeNetUnseen21 datasets.

Fig. 6. Visualization of feature distributions. We visualize the features
of test sets in ModelNet40 using t-distributed stochastic neighbor embed-
ding (t-SNE). (a) Curriculumformer pre-trained on ShapeNet, (b) fine-tuning
learned encoder of Curriculumformer on ModelNet40, and (c) ScanObjectNN.

40 categories and N + 20 3-D objects per category are
randomly selected, where N is for training and 20 for testing.
The Curriculumformer is evaluated on four few-shot scenarios:
five-way ten-shot, five-way 20-shot, ten-way ten-shot, and ten-
way 20-shot, respectively. Further, ten independent runs under
each setting are performed, and average accuracy together with
standard deviations are reported to minimize the influence
of the variance of random sampling. The fine-tuning settings
are still just same as 3-D shape classification, but the epochs
decrease to 150 epochs.

4) Point Cloud Completion: We utilize a standard Trans-
former encoder and a powerful Transformer-based decoder
devised in SnowflakeNet [62]. We fine-tune our model on the
point cloud completion benchmarks for 200 epochs.

PCN dataset [59], as the widely used benchmark, consists
of 30 974 objects from eight classes. For each 3-D instance,
16 384 points are evenly sampled from the shape surface, and
eight partial point clouds are collected via back-projecting 2.5-
D depth images from eight views into 3-D. We utilize the same
train/test split settings of PCN. MVP dataset [74] is a newly
proposed dataset, where partial 3-D shapes are obtained from
26 uniformly distributed camera poses for each CAD model
chosen from ShapeNet. The ground truth is collected through
Poisson disk sampling (PDS) methods. And the multi-view
partial point cloud dataset consists of 16 categories, with
62 400 pairs for training and 41 600 pairs for testing. The
ShapeNet55 dataset, proposed by Yu et al. [61], leverages all
objects from 55 categories in ShapeNet to ensure the diversity
of objects. At the same time, ShapeNet34 dataset [61] is used
to validate the generalization capabilities. ShapeNet34 can be
divided into 34 seen classes and 21 unseen classes. Our model
is fine-tuned on the seen classes and tested on both seen
and unseen classes to verify the generalization performance.
In detail, 8192 points are uniformly sampled from the object
surface to obtain complete ground truth for each object in
ShapeNet34/55 [61]. The viewpoints are arbitrarily set to
enrich diversity, and n furthest points from each viewpoint are
discarded to get the partial input. In the fine-tuning stage, n is
randomly chosen from 2048 to 6144 (25%–75% of ground
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TABLE VIII
3-D OBJECT DETECTION RESULTS ARE REPORTED ON THE VALI-

DATION SET OF SCANNET V2. OUR PRE-TRAINING MODEL AND
POINT-BERT ADOPT 3DETR AS THE BACKBONE ARCHITEC-

TURE. IN CONTRAST, OTHER METHODS UTILIZE VOTENET
AS THE BACKBONE FOR FINE-TUNING. ONLY GEOMETRY

INFORMATION IS UTILIZED AS INPUT FOR THE DOWN-
STREAM TASK. THE “INPUT” COLUMN INDICATES

THE INPUT TYPE DURING THE PRE-TRAINING
STAGE, WHERE “xyz” REPRESENTS GEOME-

TRY INFORMATION

truth), and the remaining points will be downsampled to
2048 points as inputs. In the evaluation stage, eight viewpoints
are selected, and n is selected as 2048, 4096, or 6144 for
convenience. In terms of the value of n, the test samples can
be divided into three difficulties, including simple, moderate,
and hard. We adopt ℓ1, ℓ2 Chamfer Distance, and F-score@1%
for evaluation.

5) Indoor Segmentation: The S3DIS dataset, also known
as the Stanford Large-Scale 3-D Indoor Spaces dataset [75],
offers instance-level semantic segmentation for six expansive
indoor areas. These areas consist of a total of 271 rooms
and encompass 13 distinct semantic categories. Consistent
with established conventions, we designated area 5 specifically
for testing purposes, while utilizing the remaining areas for
training our models.

6) Indoor Detection: The benchmark widely recognized for
3-D object detection is ScanNet V2 [76], which comprises
1513 indoor scenes and encompasses 18 distinct object classes.
To ensure consistency, we adopt the evaluation procedure
established by VoteNet [63], which calculates the mean aver-
age precision for two threshold values: 0.25 (mAP@0.25) and
0.5 (mAP@0.5). These metrics allow us to effectively evaluate
the performance of our Curriculumformer.

C. Downstream Tasks

1) 3-D Object Classification: The Curriculumformer is
fine-tuned the widely used ModelNet40 [72] and the chal-
lenging real-world ScanObjectNN [53]. Following Point-
BERT [5], the voting tactic is utilized for fair comparison
on ModelNet40 and ScanObjectNN. As shown in Table I,
Curriculumformer achieves 93.6% accuracy on ModelNet40,
surpassing Point-BERT fine-tuned by +0.4%. For ScanOb-
jectNN in Table II, Curriculumformer performs better than
the state-of-the-art Point-BERT by a great margin, +2.07%,

+0.35%, and +1.45%, respectively, under the three settings,
demonstrating the superiorities of Curriculumformer under
complex circumstances. Moreover, due to the real-world
scans of ScanObjectNN having large domain gaps with the
pre-trained synthetic datasets, Curriculumformer also achieves
a satisfactory transfer performance to understand point clouds
from another domain.

Moreover, motivated by recent advancements in the field,
such as the utilization of different Transformer backbones in
approaches like MaskPoint [51], Point-MAE [11], and Point-
M2AE [9], we aim to ensure a fair comparison by pre-training
these methods within our Curriculumformer framework.
Leveraging the benefits of our pre-training strategy, we are
able to further enhance the performance of MaskPoint, Point-
MAE, and Point-M2AE by 0.2, 0.2, and 0.1, respectively,
on the ModelNet40 dataset. On the ScanObjectNN dataset,
the effectiveness of our pre-training strategy in improving the
performance of various backbones is demonstrated in Table II.
Consequently, when using the same backbone, our pre-training
strategy enables the acquisition of more comprehensive repre-
sentations compared to relying solely on mask strategies.

2) Few-Shot Object Classification: Encouraged by the
excellent performance on 3-D object classification, the experi-
ments on few-shot classification [29], [35] are also conducted
on ModelNet40 to validate the performance of Curriculum-
former under the scenarios of limited fine-tuning samples.
As we can see from Table III, Curriculumformer fulfills the
best performance for three few-shot settings and outperforms
Point-BERT by +2.4%, +1.5%, and +2.1%, respectively.
Additionally, our pre-training strategy can further enhance the
existing backbones, such as MaskPoint [51], Point-MAE [11],
and Point-M2AE [9], which is shown in Table III. Further-
more, Curriculumformer also fulfills more minor deviations
than other transformer-based methods, indicating the inherent
universal 3-D representations of Curriculumformer for adapt-
ing well to the few-shot downstream tasks.

3) 3-D Object Part Segmentation: Apart from the clas-
sification tasks, the Curriculumformer is further evaluated
for part segmentation on ShapeNetPart [73], which aims to
predict per-point labels and needs a detailed understanding
of local information. A straightforward segmentation head
is employed to verify the effectiveness of our proposed
pre-training tactic for well-capturing both high-level seman-
tics and fine-grained local details. As reported in Table IV,
Curriculumformer fulfills the best 85.9% instance mean inter-
section over union (mIoU), outperforming the second-best
Point-BERT by +0.3%. Furthermore, the visualization of our
segmentation performance is shown in Fig. 4, demonstrating
that Curriculumformer can obtain satisfactory predictions with
a very narrow difference from the ground truth. However,
when combining our Curriculumformer and newly proposed
methods, as shown in Table IV, it is found that the improve-
ments of these backbones on the part segmentation task
are marginal. The main reason can be ascribed to that our
newly proposed upsampling and M4CL tasks all focus on
global representations of objects compared to these methods,
while the part segmentation task needs local representations.
Therefore, when integrating the pre-training strategy focusing
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TABLE IX
ABLATION STUDY ON VARIOUS PRE-TRAINING TASKS. WE VALIDATE

THE EFFECTS OF DIFFERENT PRE-TRAINING DESIGNS AND REPORT
THE CLASSIFICATION ACCURACY (%) AND PART SEGMENTA-

TION (MIOU) AFTER FINE-TUNING ON MODELNET40 AND
SHAPENETPART

on local representations could further enhance the performance
of part segmentation.

4) Point Cloud Completion: The reason because nearly all
of the previous self-supervised learning methods solely con-
centrated on the discriminant capabilities of the representation
learned by the network and evaluated it by transferring the
pre-trained model to classification applications. The generative
capability of the model is rarely studied [9], [77], [78],
[79]. Therefore, we verify the transfer learning ability of
Curriculumformer to point cloud completion. The Curriculum-
former is evaluated on four datasets: PCN [59], MVP [74],
ShapeNet55 [61], and ShapeNet34 [61], all of them are pro-
posed to evaluate the performance on point cloud completion.
The PCN is a widely used dataset with eight categories, while
MVP is presented with more classes and viewpoints. The
ShapeNet55 dataset utilizes all categories of the ShapeNet,
and ShapeNet34 is usually performed to test the generalization
capability. As shown in Fig. 5, the Curriculumformer is
able to complete well all partial point clouds from the four
datasets, superior to nearly all other supervised methods, such
as PCN [59], GRNet [56], TopNet [55], even the state-of-
the-art PoinTr [61], and SnowflakeNet [62]. Moreover, the
quantitative results are shown in Tables V and VI and Table I in
the Supplementary Material, the Curriculumformer fulfills the
lowest CD-ℓ1, CD-ℓ2, and highest F-score@1% in all datasets,
indicating the curriculum pre-training framework endows the
Curriculumformer with excellent completion ability under
various classes, viewpoints, and defect levels, as well as the
generalization ability on unseen objects. Furthermore, our
pre-training strategy can also tame MaskPoint [51], Point-
MAE [11], and Point-M2AE [9] for the better point cloud
completion since they are designed with robust backbones.

5) Indoor 3-D Semantic Segmentation: Moreover, we assess
the performance of our proposed Curriculumformer in the
context of 3-D semantic segmentation of large-scale scenes.
This task is particularly challenging as it necessitates compre-
hension of both global semantics and local geometric details.
The results of our experiment are presented in Table VII.
Notably, our Curriculumformer exhibits a significant improve-
ment compared to the Transformer trained from scratch, with a
performance gain of 2.9% in mean accuracy (mAcc) and 3.7%
in mIoU. This result serves as evidence that our Curriculum-

TABLE X
ABLATION STUDY ON VARIOUS PRE-TRAINING TASKS. WE VALIDATE THE

EFFECTS OF DIFFERENT PRE-TRAINING DESIGNS AND REPORT CD-ℓ1 ,
CD-ℓ2 , AND F-SCORE@1% AFTER FINE-TUNING ON PCN

TABLE XI
ABLATION STUDY ON THE SHUFFLE OF PRE-TRAINING TASKS

TABLE XII
PERFORMANCE OF INCORPORATING OTHER PRE-TRAINING METHODS

INTO OUR FRAMEWORK

TABLE XIII
PERFORMANCE OF INCORPORATING CLIP-BASED SSL METHODS INTO

OUR FRAMEWORK

TABLE XIV
ABLATION STUDIES ON APPLYING TWO STAGES OF PRE-TRAINING

SIMULTANEOUSLY. THE PERFORMANCE ON DOWNSTREAM MODEL-
NET40 AND SCANOBJECTNN (OBJ-BG) IS REPORTED

former effectively enhances the Transformer’s capabilities in
addressing such demanding downstream tasks. Moreover, our
Curriculumformer outperforms other self-supervised methods,
achieving the highest performance by improving the mAcc and
mIoU by 1.0% and 0.2%, respectively, in comparison to the
second-best result obtained by Point-MAE. Even when com-
pared to approaches that rely on scene geometric features and
colors (as depicted in the top four methods in Table VII), our
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Curriculumformer demonstrates comparable or even superior
performance.

6) Indoor 3-D Object Detection: Furthermore, we proceed
to evaluate the performance of our Curriculumformer on the
3-D object detection task, which necessitates methods with a
robust understanding of large-scale scenes. To accomplish this,
we conducted an experiment on the widely used real-world
dataset, ScanNet V2. The results, presented in Table VIII,
are measured in terms of AP25 and AP50. Comparing the
performance of both the methods trained from scratch and
the pre-training methods, our approach achieves the highest
AP25 and AP50 scores. Notably, our model outperforms the
second-best method by attaining a 0.2% gain in AP25 and a
0.2% gain in AP50.

V. ABLATION STUDY AND ANALYSIS

A. Visualization Results

In order to further gain insight into the effectiveness of
Curriculumformer, the learned features are visualized through
t-SNE [80]. Fig. 6(a) shows our learned features before fine-
tuning, where features are well separated, even trained with the
absence of annotations, determining it is suitable for the initial-
ization of the model. Fig. 6(b) and (c) gives the visualization of
features fine-tuned on ModelNet40 and ScanObjectNN, where
features form multiple clusters are quite separate from each
other, demonstrating the effectiveness of Curriculumformer.

B. Effects on the Pre-Training Strategy

In order to gain a better understanding of the impact of
pre-training tasks on the Transformer model, we conducted a
thorough ablation study. The results of this study, as presented
in Tables IX and X, demonstrate that Model 1, Model 2, and
Model 3 were trained using self-supervised methods on single
stages, resulting in relatively lower accuracy when compared
to the Curriculumformer. When Model 4 is pre-trained on
an upsampling pre-task followed by the completion task,
it demonstrates superior performance compared to solely
using the completion task. The results presented in Table XI
demonstrate that pre-training the backbone in an easy-to-hard
manner yields the best performance on downstream tasks.
This highlights the importance of a cascaded pre-training
approach in enhancing the representative learning ability of
the Curriculumformer.

C. Versatility of Our Framework

1) Promoted Existing SOTA Methods via Our Pre-Training
Framework: Since the recently proposed MaskPoint [51],
Point-MAE [11], and Point-M2AE [9] own excellent perfor-
mance, we systematically compare them with our method.
Performance comparisons on ModelNet40, ModelNet40-FS,
and ScanObjectNN are shown in Tables I–III, where the best
methods are bold. Our method can obtain the second-best
results under “five-way 20-shot” and “ten-way 20-shot” set-
tings on the ModelNet40-FS dataset and OBJ-ONLY setting on
ScanObjectNN compared with Point-MAE and Point-M2AE.
The main reason for these results lies in that Point-MAE and

TABLE XV
ABLATION STUDY ON LOSS TERM Lw

TABLE XVI
COMPUTATIONAL AND TIME COSTS OF PRE-TRAINING

Point-M2AE directly apply MAE on the tokenized point cloud,
while our Curriculumformer follows Point-BERT to tokenize
the point cloud by dVAE, leading to the less comparable
performance. However, to validate the effectiveness of our
curriculum pre-training pipeline, we integrate our pre-training
framework into MaskPoint, Point-MAE, and Point-M2AE
and test the results on the ModelNet40, ScanObjectNN,
and ModelNet40-FS datasets. As expected, our M4CL can
further promote the performance of existing self-supervised
methods (see Tables I–III), demonstrating our curriculum
pre-training pipeline can enhance representation learning of
existing reconstruction-based methods.

2) Incorporating Existing Pre-Training Methods Into Our
Framework: In addition to promoting existing methods
through our pre-training framework, we can also integrate
other pre-training tactics such as OcCo [35], masked auto-
encoder (MAE) [81], and M4CL-Depth, which is derived from
CLIP2Point [82] and DepthContrast [37]. In our framework,
we perform pre-training on these tactics and subsequently
fine-tune the pre-trained models using ModelNet40 and
ScanObjectNN (OBJ-ONLY) datasets. As demonstrated in
Table XII, our method (Model I) achieves superior perfor-
mance compared to Model II, which is pre-trained using
OcCo, MAE, and our M4CL in a cascaded manner. This
improvement can be attributed to the fact that while OcCo and
MAE primarily emphasize local representations, our upsam-
pling pre-text task focuses on capturing global information.
Additionally, we incorporated contrastive learning between
point clouds and depth images, which we refer to as M4CL-
Depth. However, due to the limited information content of
depth images compared to RGB images, specifically in terms
of edge information, the performance of downstream tasks
(Model I, II versus Model III, IV) experienced a decline.

D. Incorporating Existing CLIP-Based SSL Methods Into
Our Framework

Given the growing popularity of large foundation models,
they offer a valuable means of transferring extensive knowl-
edge to various domains. Consequently, this section aims
to provide a comprehensive examination of the distinctions
between our approach and other CLIP-based methods. As a
pioneer work, PointCLIP [83] projected point clouds onto 2-D
images and designed an inter-view adapter to better extract the
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global feature and adaptively fuse the 3-D few-shot knowledge
into CLIP pre-trained in 2-D. Building upon this progress,
PointCLIP V2 [84] took a further step by integrating CLIP and
GPT-3. This integration facilitated the transfer of pre-trained
vision-language knowledge into 3-D domains. The primary
advantage of our Curriculumformer is its ability to enhance
the representation learning of our 3-D backbone by adopting
their knowledge transfer methods. In other words, it has
the capacity to continuously acquire knowledge similar to a
human. As a means of verification, we ensemble PointCLIP
into our framework following [83]. The findings are presented
in Table XIII, indicating that the insights from PointCLIP can
effectively enhance the performance of our Curriculumformer.
This outcome highlights the versatility and synergy between
our method and PointCLIP.

Additionally, ULIP [85] is another CLIP-based approach
that aims to learn a 3-D representation space aligned with
the shared image-text space. It achieves this by leveraging
CLIP and a limited set of automatically generated triplets.
One notable advantage of ULIP is its compatibility with
various 3-D backbone networks, allowing seamless integration
into any 3-D architecture. Thus, we integrate ULIP into our
framework as the final task. As illustrated in Table XIII, the
integration of ULIP greatly improves the performance of our
Curriculumformer, thereby confirming the versatility of our
approach.

E. Effects of Simultaneously Applying Pre-Training Strategies

To gain insights into the effects of concurrently employing
pre-training strategies, additional ablation studies were con-
ducted. However, it is important to note that the application
of both upsampling and completion methods simultaneously
is not feasible due to their reliance on the masking strategy.
Hence, as depicted in Table XIV, we devised Model V, which
was pre-trained using completion and M4CL, and Model VI,
which was pre-trained using upsampling and M4CL. However,
when fine-tuning these models on ModelNet40 and ScanOb-
jectNN (OBJ-BG), they were unable to achieve performance
comparable to our Curriculumformer. The primary reason for
this phenomenon can be attributed to the need for careful
exploration of loss combination when pre-training a model
using multi-task learning [86].

F. Ablation Study on Loss Term Lw

To conduct a thorough ablation study, we conducted further
investigation into the effectiveness of the MoCo term Lw.
The results are presented in Table XV. When MoCo Lw is
not utilized, Model VII exhibits a decline in performance
when transferred to the ModelNet40, ScanObjectNN, and
PCN datasets. This decline can be attributed to the fact that
MoCo Lw aids the Transformers in acquiring a more proficient
understanding of high-level semantics.

G. Analysis on Computational Costs

Since our Curriculumformer involves three stages of
pre-training, the computational cost might be a main con-
cern. Therefore, we detailedly list trainable parameters and
pre-training time of three stages in Table XVI. The model ini-
tialization from the previous stage is excellent, thus requiring

only a few iterations to train the model further in the current
pre-training stage. Specifically, the parameters of pre-training
models in the first two stages are both 21.1 M, while the
pre-training time is also 6.5 h for 20 epochs. Further, the last
pre-training stage only takes 6 h for 10 epochs and slightly
improves the pre-training parameters due to the auxiliary
2-D and 3-D features extractor. In summary, we only need
50 epochs for pre-training in total, greatly less than existing
methods [9], [11].

VI. CONCLUSION

In this article, we introduced Curriculumformer, a cur-
riculum pre-training framework designed to enhance point
cloud understanding by addressing the challenges of previous
single pre-tasks that were incapable of learning both local
and global geometries as well as 3-D–2-D correspondence.
We conducted comprehensive experiments on various datasets
and downstream tasks to validate the performance of Cur-
riculumformer. The results demonstrate that Curriculumformer
outperforms previous work across all downstream applica-
tions and becomes a new state-of-the-art method for point
cloud completion. Our ablation studies also confirm that our
cascaded pre-training strategy is a strength in transferring
knowledge learned from unlabeled data to downstream tasks,
highlighting the significant potential of Curriculumformer in
point cloud understanding.

REFERENCES

[1] B. Fei et al., “Comprehensive review of deep learning-based 3D point
cloud completion processing and analysis,” IEEE Trans. Intell. Transp.
Syst., vol. 23, no. 12, pp. 22862–22883, Dec. 2022.

[2] B. Fei, J. Xu, R. Zhang, Q. Zhou, W. Yang, and Y. He, “3D Gaussian
splatting as new era: A survey,” IEEE Trans. Vis. Comput. Graphics,
early access, 2024.

[3] P. Achlioptas, O. Diamanti, I. Mitliagkas, and L. Guibas, “Learning
representations and generative models for 3D point clouds,” in Proc.
35th Int. Conf. Mach. Learn., vol. 80, Jul. 2018, pp. 40–49.

[4] J. Zhou et al., “3D-OAE: Occlusion auto-encoders for self-supervised
learning on point clouds,” 2022, arXiv:2203.14084.

[5] X. Yu, L. Tang, Y. Rao, T. Huang, J. Zhou, and J. Lu, “Point-BERT:
Pre-training 3D point cloud transformers with masked point modeling,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2022, pp. 19313–19322.

[6] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training
of deep bidirectional transformers for language understanding,” 2018,
arXiv:1810.04805.

[7] A. Dosovitskiy et al., “An image is worth 16×16 words: Transformers
for image recognition at scale,” 2020, arXiv:2010.11929.

[8] M.-H. Guo, J.-X. Cai, Z.-N. Liu, T.-J. Mu, R. R. Martin, and S.-M. Hu,
“PCT: Point cloud transformer,” Comput. Vis. Media, vol. 7, no. 2,
pp. 187–199, Jun. 2021.

[9] R. Zhang et al., “Point-M2AE: Multi-scale masked autoencoders for
hierarchical point cloud pre-training,” 2022, arXiv:2205.14401.

[10] K. He, R. Girshick, and P. Dollár, “Rethinking ImageNet pre-training,”
in Proc. IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct. 2019,
pp. 4918–4927.

[11] Y. Pang, W. Wang, F. E. H. Tay, W. Liu, Y. Tian, and L. Yuan, “Masked
autoencoders for point cloud self-supervised learning,” in Proc. Eur.
Conf. Comput. Vis., 2022, pp. 604–621.

[12] M. Afham, I. Dissanayake, D. Dissanayake, A. Dharmasiri,
K. Thilakarathna, and R. Rodrigo, “Crosspoint: Self-supervised
cross-modal contrastive learning for 3D point cloud understanding,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., Sep. 2022,
pp. 9902–9912.

[13] D. W. Shu and J. Kwon, “Hierarchical bidirected graph convolutions
for large-scale 3-D point cloud place recognition,” IEEE Trans. Neural
Netw. Learn. Syst., early access, 2023.

Authorized licensed use limited to: Nanyang Technological University Library. Downloaded on February 17,2026 at 02:43:32 UTC from IEEE Xplore.  Restrictions apply. 



FEI et al.: CURRICULUMFORMER: TAMING CURRICULUM PRE-TRAINING 7329

[14] C.-Q. Huang, F. Jiang, Q.-H. Huang, X.-Z. Wang, Z.-M. Han, and
W.-Y. Huang, “Dual-graph attention convolution network for 3-D point
cloud classification,” IEEE Trans. Neural Netw. Learn. Syst., vol. 35,
no. 4, pp. 4813–4825, Apr. 2022.

[15] A.-D. Nguyen et al., “Single-image 3-D reconstruction: Rethinking point
cloud deformation,” IEEE Trans. Neural Netw. Learn. Syst., vol. 35,
no. 5, pp. 6613–6627, Nov. 2022.

[16] A. Prakash, K. Chitta, and A. Geiger, “Multi-modal fusion transformer
for end-to-end autonomous driving,” in Proc. IEEE/CVF Conf. Comput.
Vis. Pattern Recognit. (CVPR), Jun. 2021, pp. 7077–7087.

[17] Y. Bengio, J. Louradour, and R. Collobert, “Curriculum learning,” in
Proc. Int. Conf. Mach. Learn., Aug. 2009, pp. 41–48.

[18] S. Guo et al., “Curriculumnet: Weakly supervised learning from large-
scale web images,” in Proc. Eur. Conf. Comput. Vis. (ECCV), 2018,
pp. 135–150.

[19] C. Liu et al., “Curriculum learning for natural answer generation,” in
Proc. Int. Joint Conf. Artif. Intell., 2018, pp. 4223–4229.

[20] A. Graves, M. G. Bellemare, J. Menick, R. Munos, and K. Kavukcuoglu,
“Automated curriculum learning for neural networks,” in Proc. Int. Conf.
Mach. Learn., 2017, pp. 1311–1320.

[21] J. Guo, X. Tan, L. Xu, T. Qin, E. Chen, and T.-Y. Liu, “Fine-tuning by
curriculum learning for non-autoregressive neural machine translation,”
in Proc. AAAI Conf. Artif. Intell., vol. 34, no. 5, 2020, pp. 7839–7846.

[22] C. Gong, D. Tao, S. J. Maybank, W. Liu, G. Kang, and J. Yang, “Multi-
modal curriculum learning for semi-supervised image classification,”
IEEE Trans. Image Process., vol. 25, no. 7, pp. 3249–3260, Jul. 2016.

[23] S. Zakharov, W. Kehl, A. Bhargava, and A. Gaidon, “Autolabeling 3D
objects with differentiable rendering of SDF shape priors,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2020,
pp. 12221–12230.

[24] B. Fei, W. Yang, L. Ma, and W.-M. Chen, “DcTr: Noise-robust point
cloud completion by dual-channel transformer with cross-attention,”
Pattern Recognit., vol. 133, Jan. 2023, Art. no. 109051.

[25] B. Fei, W. Yang, W.-M. Chen, and L. Ma, “VQ-DcTr: Vector-quantized
autoencoder with dual-channel transformer points splitting for 3D point
cloud completion,” in Proc. 30th ACM Int. Conf. Multimedia, 2022,
pp. 4769–4778.

[26] C. R. Qi, H. Su, K. Mo, and L. J. Guibas, “PointNet: Deep learning on
point sets for 3D classification and segmentation,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017, pp. 652–660.

[27] C. R. Qi, L. Yi, H. Su, and L. J. Guibas, “PointNet++: Deep hierarchical
feature learning on point sets in a metric space,” in Proc. Adv. Neural
Inf. Process. Syst., vol. 30, 2017, pp. 1–10.

[28] Y. Li, R. Bu, M. Sun, W. Wu, X. Di, and B. Chen, “PointCNN:
Convolution on x-transformed points,” in Proc. Adv. Neural Inf. Process.
Syst., vol. 31, 2018, pp. 1–11.

[29] C. Sharma and M. Kaul, “Self-supervised few-shot learning on point
clouds,” in Proc. Adv. Neural Inf. Process. Syst., vol. 33, 2020,
pp. 7212–7221.

[30] B. Fei, Y. Li, W. Yang, L. Ma, and Y. He, “Towards unified representa-
tion of multi-modal pre-training for 3D understanding via differentiable
rendering,” 2024, arXiv:2404.13619.

[31] B. Fei et al., “Self-supervised learning for pre-training 3D point clouds:
A survey,” 2023, arXiv:2305.04691.

[32] O. Poursaeed, T. Jiang, H. Qiao, N. Xu, and V. G. Kim, “Self-supervised
learning of point clouds via orientation estimation,” in Proc. Int. Conf.
3D Vis. (3DV), Nov. 2020, pp. 1018–1028.

[33] I. Achituve, H. Maron, and G. Chechik, “Self-supervised learning for
domain adaptation on point clouds,” in Proc. IEEE Winter Conf. Appl.
Comput. Vis. (WACV), Jan. 2021, pp. 123–133.

[34] J. Sauder and B. Sievers, “Self-supervised deep learning on point clouds
by reconstructing space,” in Proc. Adv. Neural Inf. Process. Syst., vol. 32,
2019, pp. 1–11.

[35] H. Wang, Q. Liu, X. Yue, J. Lasenby, and M. J. Kusner, “Unsupervised
point cloud pre-training via occlusion completion,” in Proc. IEEE/CVF
Int. Conf. Comput. Vis. (ICCV), Oct. 2021, pp. 9762–9772.

[36] S. Xie, J. Gu, D. Guo, C. R. Qi, L. Guibas, and O. Litany, “Point-
Contrast: Unsupervised pre-training for 3D point cloud understanding,”
in Proc. Eur. Conf. Comput. Vis. Cham, Switzerland: Springer, 2020,
pp. 574–591.

[37] Z. Zhang, R. Girdhar, A. Joulin, and I. Misra, “Self-supervised pretrain-
ing of 3D features on any point-cloud,” in Proc. IEEE/CVF Int. Conf.
Comput. Vis. (ICCV), Oct. 2021, pp. 10232–10243.

[38] Z. Zhang, B. Yang, B. Wang, and B. Li, “Growsp: Unsupervised
semantic segmentation of 3D point clouds,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., Sep. 2023, pp. 17619–17629.

[39] Z. Chen et al., “PointDC: Unsupervised semantic segmentation of 3D
point clouds via cross-modal distillation and super-voxel clustering,” in
Proc. IEEE/CVF Int. Conf. Comput. Vis., Oct. 2023, pp. 14290–14299.

[40] C. Xu et al., “Image2Point: 3D point-cloud understanding with 2D image
pretrained models,” 2021, arXiv:2106.04180.

[41] Y. Wang, Y. Sun, Z. Liu, S. E. Sarma, M. M. Bronstein, and
J. M. Solomon, “Dynamic graph CNN for learning on point clouds,”
ACM Trans. Graph., vol. 38, no. 5, pp. 1–12, 2019.

[42] T. Chen, S. Kornblith, M. Norouzi, and G. Hinton, “A simple framework
for contrastive learning of visual representations,” in Proc. Int. Conf.
Mach. Learn., 2020, pp. 1597–1607.

[43] H. Zhao, L. Jiang, C.-W. Fu, and J. Jia, “PointWeb: Enhancing
local neighborhood features for point cloud processing,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2019,
pp. 5565–5573.

[44] Y. Xu, T. Fan, M. Xu, L. Zeng, and Y. Qiao, “SpiderCNN: Deep learning
on point sets with parameterized convolutional filters,” in Proc. Eur.
Conf. Comput. Vis., 2018, pp. 87–102.

[45] H. Thomas, C. R. Qi, J.-E. Deschaud, B. Marcotegui, F. Goulette, and
L. J. Guibas, “KPConv: Flexible and deformable convolution for point
clouds,” in Proc. IEEE Int. Conf. Comput. Vis. (ICCV), Oct. 2019,
pp. 6411–6420.

[46] Y. Rao, J. Lu, and J. Zhou, “Global–local bidirectional reasoning for
unsupervised representation learning of 3D point clouds,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2020,
pp. 5376–5385.

[47] Y. Liu, B. Fan, G. Meng, J. Lu, S. Xiang, and C. Pan, “DensePoint:
Learning densely contextual representation for efficient point cloud
processing,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., Oct. 2019,
pp. 5239–5248.

[48] C. Zhang, H. Wan, X. Shen, and Z. Wu, “PVT: Point-voxel transformer
for point cloud learning,” 2021, arXiv:2108.06076.

[49] H. Zhao, L. Jiang, J. Jia, P. Torr, and V. Koltun, “Point trans-
former,” in Proc. IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct. 2021,
pp. 16259–16268.

[50] S. Huang, Y. Xie, S.-C. Zhu, and Y. Zhu, “Spatio-temporal self-
supervised representation learning for 3D point clouds,” in Proc.
IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct. 2021, pp. 6535–6545.

[51] H. Liu, M. Cai, and Y. J. Lee, “Masked discrimination for self-supervised
learning on point clouds,” in Proc. Eur. Conf. Comput. Vis. (ECCV),
Oct. 2022, pp. 657–675.

[52] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for
image recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.
(CVPR), Jun. 2016, pp. 770–778.

[53] M. A. Uy, Q. Pham, B. Hua, T. Nguyen, and S. Yeung, “Revisiting point
cloud classification: A new benchmark dataset and classification model
on real-world data,” in Proc. IEEE/CVF Int. Conf. Comput. Vis. (ICCV),
Oct. 2019, pp. 1588–1597.

[54] Y. Xia, Y. Xia, W. Li, R. Song, K. Cao, and U. Stilla, “ASFM-Net:
Asymmetrical Siamese feature matching network for point completion,”
in Proc. 29th ACM Int. Conf. Multimedia, Oct. 2021, pp. 1938–1947.

[55] L. P. Tchapmi, V. Kosaraju, H. Rezatofighi, I. Reid, and S. Savarese,
“TopNet: Structural point cloud decoder,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), Long Beach, CA, USA,
Jun. 2019, pp. 383–392.

[56] H. Xie, H. Yao, S. Zhou, J. Mao, S. Zhang, and W. Sun, “GRNet: Grid-
ding residual network for dense point cloud completion,” in Proc. Eur.
Conf. Comput. Vis. Cham, Switzerland: Springer, 2020, pp. 365–381.

[57] Y. Yang, C. Feng, Y. Shen, and D. Tian, “FoldingNet: Point cloud auto-
encoder via deep grid deformation,” in Proc. IEEE/CVF Conf. Comput.
Vis. Pattern Recognit., Jun. 2018, pp. 206–215.

[58] X. Wang, M. H. Ang, and G. H. Lee, “Cascaded refinement network
for point cloud completion with self-supervision,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 44, no. 11, pp. 8139–8150, Nov. 2022.

[59] W. Yuan, T. Khot, D. Held, C. Mertz, and M. Hebert, “PCN: Point
completion network,” in Proc. Int. Conf. 3D Vis. (3DV), Sep. 2018,
pp. 728–737.

[60] L. Pan, “ECG: Edge-aware point cloud completion with graph convolu-
tion,” IEEE Robot. Autom. Lett., vol. 5, no. 3, pp. 4392–4398, Jul. 2020.

[61] X. Yu, Y. Rao, Z. Wang, Z. Liu, J. Lu, and J. Zhou, “PoinTr: Diverse
point cloud completion with geometry-aware transformers,” in Proc.
IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct. 2021, pp. 12498–12507.

Authorized licensed use limited to: Nanyang Technological University Library. Downloaded on February 17,2026 at 02:43:32 UTC from IEEE Xplore.  Restrictions apply. 



7330 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 36, NO. 4, APRIL 2025

[62] P. Xiang et al., “SnowflakeNet: Point cloud completion by snowflake
point deconvolution with skip-transformer,” in Proc. IEEE/CVF Int.
Conf. Comput. Vis. (ICCV), Sep. 2021, pp. 5499–5509.

[63] C. R. Qi, O. Litany, K. He, and L. Guibas, “Deep Hough voting for 3D
object detection in point clouds,” in Proc. IEEE/CVF Int. Conf. Comput.
Vis. (ICCV), Oct. 2019, pp. 9277–9286.

[64] S. Yan et al., “Implicit autoencoder for point-cloud self-supervised
representation learning,” in Proc. IEEE/CVF Int. Conf. Comput. Vis.,
Oct. 2023, pp. 14530–14542.

[65] Y. Rao, B. Liu, Y. Wei, J. Lu, C.-J. Hsieh, and J. Zhou, “RandomRooms:
Unsupervised pre-training from synthetic shapes and randomized layouts
for 3D object detection,” in Proc. IEEE/CVF Int. Conf. Comput. Vis.
(ICCV), Oct. 2021, pp. 3263–3272.

[66] I. Misra, R. Girdhar, and A. Joulin, “An end-to-end transformer model
for 3D object detection,” in Proc. IEEE/CVF Int. Conf. Comput. Vis.
(ICCV), Oct. 2021, pp. 2906–2917.

[67] S. Yun, D. Han, S. Chun, S. J. Oh, Y. Yoo, and J. Choe, “CutMix:
Regularization strategy to train strong classifiers with localizable fea-
tures,” in Proc. IEEE/CVF Int. Conf. Comput. Vis. (ICCV), Oct. 2019,
pp. 6023–6032.

[68] J. Zhang et al., “PointCutMix: Regularization strategy for point cloud
classification,” Neurocomputing, vol. 505, pp. 58–67, Sep. 2022.

[69] K. He, H. Fan, Y. Wu, S. Xie, and R. Girshick, “Momentum contrast for
unsupervised visual representation learning,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), Jun. 2020, pp. 9729–9738.

[70] A. X. Chang et al., “ShapeNet: An information-rich 3D model reposi-
tory,” 2015, arXiv:1512.03012.

[71] S. Marcel and Y. Rodriguez, “Torchvision the machine-vision pack-
age of torch,” in Proc. 18th ACM Int. Conf. Multimedia, Oct. 2010,
pp. 1485–1488.

[72] Z. Wu et al., “3D ShapeNets: A deep representation for volumetric
shapes,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2015, pp. 1912–1920.

[73] L. Yi et al., “A scalable active framework for region annotation in 3D
shape collections,” ACM Trans. Graph. (ToG), vol. 35, no. 6, pp. 1–12,
2016.

[74] L. Pan et al., “Variational relational point completion network,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2021,
pp. 8524–8533.

[75] I. Armeni et al., “3D semantic parsing of large-scale indoor spaces,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2016,
pp. 1534–1543.

[76] A. Dai, A. X. Chang, M. Savva, M. Halber, T. Funkhouser, and
M. Nießner, “ScanNet: Richly-annotated 3D reconstructions of indoor
scenes,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jul. 2017, pp. 5828–5839.

[77] X. Zhao, B. Zhang, J. Wu, R. Hu, and T. Komura, “Relationship-based
point cloud completion,” IEEE Trans. Vis. Comput. Graphics, vol. 28,
no. 12, pp. 4940–4950, Dec. 2022.

[78] Z. Zhu et al., “CSDN: Cross-modal shape-transfer dual-refinement net-
work for point cloud completion,” IEEE Trans. Vis. Comput. Graphics,
2023.

[79] Z. Yan, Z. Yi, R. Hu, N. J. Mitra, D. Cohen-Or, and H. Huang,
“Consistent two-flow network for tele-registration of point clouds,”
IEEE Trans. Vis. Comput. Graphics, vol. 28, no. 12, pp. 4304–4318,
Dec. 2022.

[80] L. Van der Maaten and G. Hinton, “Visualizing data using t-SNE,” J.
Mach. Learn. Res., vol. 9, no. 11, pp. 1–27, 2008.

[81] K. He, X. Chen, S. Xie, Y. Li, P. Dollár, and R. Girshick, “Masked
autoencoders are scalable vision learners,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), Jun. 2022, pp. 16000–16009.

[82] T. Huang, “CLIP2Point: Transfer clip to point cloud classification with
image-depth pre-training,” in Proc. IEEE/CVF Int. Conf. Comput. Vis.,
Oct. 2023, pp. 22157–22167.

[83] R. Zhang et al., “PointCLIP: Point cloud understanding by CLIP,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2022, pp. 8552–8562.

[84] X. Zhu et al., “PointCLIP V2: Prompting CLIP and GPT for powerful
3D open-world learning,” in Proc. IEEE/CVF Int. Conf. Comput. Vis.,
Oct. 2023, pp. 2639–2650.

[85] L. Xue et al., “ULIP: Learning a unified representation of lan-
guage, images, and point clouds for 3D understanding,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2023,
pp. 1179–1189.

[86] R. Cipolla, Y. Gal, and A. Kendall, “Multi-task learning using uncer-
tainty to weigh losses for scene geometry and semantics,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2018,
pp. 7482–7491.

Ben Fei (Graduate Student Member, IEEE) received
the M.S. degree from the Department of Mate-
rial Science, Fudan University, Shanghai, China,
in 2021, where he is currently pursuing the Ph.D.
degree with the School of Computer Science.

His research interests include generative models,
point cloud processes, transformers, and 3-D vision.

Mr. Fei is an IEEE Young Professional.

Tianyue Luo received the B.S. degree from the Soft-
ware School, Fudan University, Shanghai, China,
in 2021, where she is currently pursuing the M.S.
degree with the School of Computer Science.

Her research interests include point cloud under-
standing and 3-D reconstruction.

Weidong Yang (Member, IEEE) received the Ph.D.
degree in software engineering from Xidian Univer-
sity, Xi’an, China, in 1999.

He was a Post-Doctoral Researcher with the
School of Computer Science, Fudan University,
Shanghai, China, from 1999 to 2001, where he is
currently a Professor. His research interests include
big data, knowledge engineering, database and data
mining, and software engineering.

Liwen Liu received the B.S. degree in soft-
ware engineering from Northeast Forestry University
(NEFU), Harbin, China, in 2021. She is currently
pursuing the master’s degree in computer science
with Fudan University, Shanghai, China.

Her research interests include point cloud comple-
tion.

Rui Zhang (Graduate Student Member, IEEE)
received the bachelor’s degree from the School of
Management, Jilin University, Changchun, China,
in 2020. He is currently pursuing the M.S. degree
with the School of Computer Science, Fudan Uni-
versity, Shanghai, China.

His research interests include point cloud comple-
tion, 3-D reconstruction, and 3-D generation.

Ying He (Member, IEEE) is currently an Associate
Professor with the College of Computing and Data
Science and serves as the Director of the Centre for
Augmented and Virtual Reality, Nanyang Techno-
logical University, Singapore. His research primarily
focuses on geometric computing and analysis.

Dr. He is an active member of the technical
program committees of major conferences in geo-
metric modeling and has held positions on the
editorial boards of leading journals, including IEEE
TRANSACTIONS ON VISUALIZATION AND COM-

PUTER GRAPHICS, Computer Graphics Forum, and Computational Visual
Media. His leadership roles have included the General or Program Co-Chair
for several prominent conferences, such as the Shape Modeling International
Conference in 2022, the Symposium on Solid and Physical Modeling in
2022 and 2023, the Geometric Modeling and Processing Conference in
2014 and 2021, and the Conference on Computational Visual Media in 2020.

Authorized licensed use limited to: Nanyang Technological University Library. Downloaded on February 17,2026 at 02:43:32 UTC from IEEE Xplore.  Restrictions apply. 


