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Self-supervised learning via disentangled
representation and self-distillation for 3D
terracotta warriors
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The restoration of the TerracottaWarriors faces challenges due to the lack of large-scale, high-quality
annotateddatasets.Wepresent PointDecoupler, a novel contrastive learning framework that explicitly
disentangles augmentation-invariant representations (AIR) and augmentation-variant representations
(AVR) to improve efficiency and generalization. Ourmethod includes two core components: (1) a novel
decoupling architecture with an adaptive loss function that systematically disentangles and utilizes
AVR information to optimize downstream adaptability; (2) a cross-layer contrastive mechanism
inspired by self-distillation, enabling intermediate layers to acquire discriminative features from the
final layer. This dual strategy improves feature quality and supports early-exit subnetworks that reduce
computational cost without sacrificing performance. Experiments on standard point cloud
benchmarks demonstrate consistent gains in classification and segmentation. We further applied
PointDecoupler to the TerracottaWarriors dataset, achieving promising results and demonstrating its
potential in cultural heritage restoration.

The Terracotta Warriors, as a symbol of Chinese civilization and national
identity, have suffered severe fragmentation due to natural erosion and
human activities, posing significant challenges for their conservation and
restoration1.Traditionalmanual restorationmethods are laborious and slow
for large-scale projects2, making advanced digital preservation crucial. Laser
scanning technology now offers new ways to digitally preserve and restore
these artifacts. Accurate fragment classification is key for effectivematching
and assembly, while precise segmentation helps overcome the lack of
annotateddata and supports structural and feature analysis of theTerracotta
Warriors. Traditional feature extraction methods predominantly rely on
handcrafted descriptors requiring substantial domain expertise3,4. Recent
deep learning approaches like PointNet5, PointNet++6, and DGCNN7

demonstrate strong performance but depend heavily on large annotated
datasets. The annotation process for 3D point clouds remains particularly
challenging due to structural complexity and interface limitations, resulting
in scarce high-quality real-world data. While synthetic datasets partially
mitigate this issue, domain shift between synthetic and real data persists as a
major performance limitation.

Self-supervised learning (SSL), successful in NLP and 2D vision, pre-
sents a promising alternative by extracting discriminative features without
labels8. Through pretraining on unlabeled data followed by targeted fine-
tuning, this paradigm provided robust model initialization and enhanced
downstream performance. In recent years, self-supervised representation
learning has emerged as a mainstream approach for point cloud

representation learning. Numerous reconstruction-based self-supervised
methods have been proposed, such as FoldingNet9, MAP-VAE10, and
3DCapsuleNet11, which employ self-reconstruction as a means for feature
learning. Current 3D self-supervised methods typically employ encoder-
decoder architectures with reconstruction objectives9,12. Self-supervised
methods utilizing Transformers also have gained significant attention. For
instance, Point-BERT13 predicts discrete tokens using a masked modeling
task, while Point-MAE14 learns representations by randomly masking pat-
ches of point clouds and reconstructing themissing parts. Similarly, OcCo15

conducts self-supervised pretraining by reconstructing intentionally
occluded regions of point clouds, facilitating the learning of geometric-
aware representations. To further improve robustness against geometric
transformations, RI-MAE16 introduces a rotation-invariant masked auto-
encoder that enhances generalization under spatial rotations. Fan et al.17

propose a method that predicts masked patch positions instead of recon-
structing fine-grained geometry, improving semantic learning efficiency. In
parallel, diffusion-basedmodels have emerged as promising alternatives for
point cloud modeling and generation. DiffPMAE18 leverages denoising-
based reconstruction to improve large-scale point cloud representation,
while PointDif 19 reconstructs complete 3D shapes by progressively
denoising from Gaussian noise, without relying on label supervision. Sun
et al.20 further extend diffusionmodels to tasks such as shape reconstruction
and pose estimation, demonstrating their broader applicability in 3Dvision.
However, due to the sparse and discrete nature of point cloud data,
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reconstructing 3D objects is not only computationally expensive and inef-
ficient, but also difficult to capture fine geometric details.

Contrastive Learning’s success in 2Dvision has inspired its application
to point cloud self-supervised representation learning. Unlike reconstruc-
tionmethods, it emphasizes learning discriminative features byminimizing
distances between positive pairs and maximizing those between negative
pairs via contrastive loss21. However, most current 3D point cloud con-
trastive learningmethods are adapted from2Dvisionandoftenoverlook the
unique characteristics of 3D data. For instance, PPKT22 transfers image pre-
trained models to point clouds through transformations, Jigsaw3D adapts
the 2D jigsaw puzzle task to 3D, PointContrast23 focuses on multi-view
consistency for high-level scene understanding, and CrossPoint24 combines
3D point clouds with 2D images for cross-modal learning. STRL25 extends
BYOL26 to 3D, using online and target network interactions. To enhance
positive and negative pair design, Du et al27. propose using self-similar
patcheswithin a point cloud. Additionally, Zhang et al.28 explore integrating
contrastive learning with online clustering.

Disentangled Representation Learning (DRL) aims to decompose
latent generative factors into semantically meaningful components, thereby
improving model interpretability, controllability, robustness, and general-
ization. DRL has been widely applied across domains such as image gen-
eration, video analysis, NLP, multimodal learning, and recommendation
systems. Existingmethods can be categorized bymodel type, representation
structure, supervision signal, and independence hypothesis. From the per-
spective ofmodel types, generativemodels have proven to be powerful tools
for disentangled representation learning. For instance, Variational
Autoencoders29 are classical examples that learn latent representations by
maximizing the Evidence Lower Bound. VAEs and their variants (e.g.,
β-VAE,DIP-VAE)30 promotedisentanglement via regularized latent spaces,
whileGAN-basedmethods such as InfoGAN31 leveragemutual information
maximization. Recent diffusion models like DisDiff 32 further advance dis-
entanglement by minimizing mutual information between latent variables.
Beyond generative models, discriminative SSL approaches have recently
explored representation decoupling within the contrastive learning para-
digm. For instance, FactorCL33 and DeCUR34 decompose representations
based on data augmentations or modality differences using mutual infor-
mation bounds and redundancy reduction. From the perspective of repre-
sentation structure, DRL methods can be classified as dimensional-wise or
vector-wise (based on factor granularity) and flat or hierarchical (based on
structural organization). Generative models like VAEs and InfoGANs are
often used for fine-grained disentanglement tasks, while vector-wise
approaches like DR-GAN35 and MAP-IVR36 target complex real-world
tasks. Hierarchical disentanglement has been explored via hierarchical
VAEs37, specialized loss functions38, and partial activation hypotheses.
Supervision strength also influences disentanglement quality: unsupervised
models rely on reconstruction or adversarial loss; weakly supervised ones
(e.g., DisUnknown39, ML-VAE])40 incorporate partial labels or sample
grouping; and fully supervised methods (e.g., DC-IGN41, DNA-GAN)42

control variation in latent variables or align them with label semantics.
Additionally, independence-based approaches like CausalVAE43 and
DEAR44 employ Structural Causal Models to achieve causal disentangle-
ment, with DEAR further incorporating weak supervision losses. While
disentangled representation learning has achieved remarkable progress in
areas like image and video generation, its application in contrastive learning
remains in an exploratory stage,with even fewer studies focusing on thefield
of 3D point clouds.

Knowledge Distillation, introduced by Hinton et al.45, transfers
knowledge from a complex teacher model to a compact student model to
reduce computational and storage demandswhile enhancing studentmodel
performance. Traditional offline distillation involves pre-training a teacher
model to guide the student model via soft labels or intermediate repre-
sentations. However, this approach is computationally expensive. Online
distillation addresses this by synchronously training teacher and student
models together. Self-distillation methods have recently been explored,
where student models extract knowledge from their own multilayer

representations. Li et al.46 proposed a self-distillation framework for long-tail
recognition tasks using mixed supervision from soft and hard labels. Xu
et al.47 introduced a self-distillation approach for 2D images by leveraging
structured knowledge from auxiliary tasks in SSL. These methods reduce
reliance on external teacher models. Although knowledge distillation has
made progress in 2D image tasks, its application to 3Dpoint clouds remains
underexplored. The unique challenges of 3D point cloud data necessitate
new knowledge distillation approaches. Some studies have attempted to
extend distillation to 3D point cloud tasks. For example, PointDistiller uses
local distillationand reweighted learning to compress 3D inspectionmodels,
significantly improving inspection performance. However, these methods
mainly focus on model compression for point cloud tasks and lack
exploration of self-supervised representation learning for 3D data.

Contemporary 2D vision research demonstrates that explicit char-
acterization of AVR complements AIR to enhance downstream perfor-
mance. Current point cloud methods predominantly focus on AIR while
neglecting AVR from geometric transformations (rotation, translation, and
noise), thereby limitingmodel generalization. For instance, STRL’s exclusive
AIR supervision through loss functions induces oversensitivity to specific
augmentation strategies. Building on DDCL’s 2D insights48, we posit that
unsupervised AVR causes feature entanglement with AIR in representation
space, ultimatelydegradingmodel capacity.Thismotivates our explicitAIR-
AVR decoupling strategy.

We propose PointDecoupler, a novel SSL framework that explicitly
disentangles augmentation-invariant representation (AIR) and
augmentation-variant representation (AVR) to enhance feature learning
and downstream performance. The main contributions of this paper are
summarized as follows: (1) we present PointDecoupler, a streamlined
contrastive learning framework that eliminates reconstruction complexity
while enhancing representational capacity through exclusive use of positive
sample pairs; (2) we propose the orthogonality-constrained decoupling loss
that systematically disentangles invariant and variant representations in
contrastive learning paradigms, enabling independent AVR learning while
jointly supervising both representations (Fig. 1); and (3) we pioneer the
integration of self-distillation with representation decoupling, enabling
efficient hierarchical feature learning from positive samples alone. This
approach achieves representation alignment from intermediate to final
layers by integrating self-distillation (Fig. 2). Unlike conventional self-
distillation methods that match final outputs, our approach aligns hier-
archical features to ensure early-exit subnetworks achieve full-network
performance levels, thereby enhancing feature discriminability and task
performance. The framework eliminates negative sampling dependencies
while maintaining positive-sample exclusivity. By maximizing similarity
between augmented variants anddisentanglingAVR,we enhancemid-layer
representations for improved instancediscrimination.Ourmethod achieves
state-of-the-art performance without cross-modal data or reconstruction
objectives. Comprehensive evaluations on ModelNet, ScanObjectNN,
ShapeNetPart, and S3DIS demonstrate significant improvements in shape
classification, part segmentation, and semantic segmentation tasks, with
direct applications to Terracotta Warrior restoration.

Methods
Deep neural networks efficiently transfer learned representations across
datasets and target tasks, but the traditional supervised learning paradigm
encounters significant limitations when data or labels are scarce. To address
this, SSL has gained traction for its label-free training and strong perfor-
mance. Among SSL strategies, contrastive learning has shifted from using
numerous positive and negative samples to relying solely on positive pairs.
Recent study49 highlights that improving a model’s sensitivity to specific
data characteristics can significantly enhance the quality of its representa-
tions. Focusing on point cloud data, we revisit positive-only contrastive
learning and emphasize the need to disentangle AIR andAVR.We propose
PointDecoupler, a novel self-supervised framework that avoids decoders
and negative samples. As shown in Fig. 3, it comprises: (1) augmentation
decoupling module: separates AIR and AVR in feature space to learn more
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discriminative and generalizable representations. (2) Self-distillation mod-
ule: aligns intermediate and final layer outputs, enabling early-exit sub-
networks to perform comparably to full models and improving feature
extraction.

Specifically, given a set of point cloud data P ¼ Pi 2 RN × 3� �jPj
i¼1g, we

applydata augmentationoperations, suchas rotation, scaling, anddithering,
to each sample p to generate augmented samples x and x’. These are fed into
the feature extractor f θ to extract high-dimensional feature representations.
As shown in Fig. 3, the framework consists of two key modules: (1)
enhanced decoupling module (blue box): the feature extractor f θ maps the
input x to a feature y, which is subsequently decoupled into the augmented
invariant representation yI and the augmented variable representation yV .
These are projected into the embedding space using the projection heads gI
and gV to obtain: zI ¼ gIðf ðx; θf Þ;ψgÞ, zV ¼ gV ðf ðx;θf Þ;ψg Þ. Here, θf and
ψg denote the trainable parameters of the feature extractor and projection
head, respectively. Next, the augmented invariant embedding zI is passed
through the predictor qI to predict the corresponding z

0
I output of the lower

branch network, while the augmented variable embedding zV is passed
through the predictor qV to compute the orthogonal loss with the corre-
sponding z0V output of the lower branch network. (2) The self-distillation
module (orange dashed box): to enhance the feature extractor f θ , Inter-
mediate layer features are extracted from each sub-layer after x was input
into f θ . These intermediate layer features are decoupled and subsequently
mapped into the embedding space via their respective projection heads,
resulting in the representations zl for each layer, where l denotes the layer
index of the feature extractor. As shown in Fig. 3, zl and pl are abbreviations
for the intermediate representations and predictors, respectively. Taking zl
as an example, it is further decoupled into zlI and zlV , and passed through
corresponding predictors to produce plI and plV , which are then used to
compute the loss with the final outputs z0I and z

0
V of the student network.

By aligning the intermediate layer representations with the final output
representations, the self-distillation module ensures strong model perfor-
mance at various depth truncations. The core objective of PointDecoupler is
to train thepoint cloud feature extractor f θ in a self-supervisedmanner, such
that all projection heads and predictors can be discarded in down-
stream tasks.

Representation decoupling
Some research demonstrates that model performance in downstream
tasks is influenced by both augmentation sensitivity and task speci-
ficity. Existing contrastive learning methods often require hand-
crafted architectures or losses tailored to specific augmentations,
limiting their generality. The representation decoupling module
introduced in this section enables the extraction of AVR without the
need for augmentation-specific adaptations. Rather than excluding
augmentations, it captures the variations induced by transformations
(e.g., rotation and deformation), thereby improving the model’s
robustness and generalization to unseen data. During the model
training process, AVR explicitly reflects the impact of augmentation
operations, which enhances the model’s generalization ability to non-
augmented data and facilitates learning more robust and generalized
feature representations. To enable the model to effectively learn
augmentation-related information, this section splits the output
features of the last layer of the point cloud feature encoder into two
components: AIR and AVR. These two components are supervised
simultaneously by their respective loss functions, namely AIR loss

Fig. 1 | Simplified diagram of PointDecoupler.
Unlike traditional methods that only pull positive
pairs (orange) closer in the representation space,
PointDecoupler further enforces orthogonality
between augmentation-variant components (green
and purple), enabling explicit disentanglement of
AIR and AVR.

Fig. 2 | Representations on a hypersphere. The student’s lower layer and the
teacher’s output are projected onto the hypersphere. The intermediate self-
distillation loss explicitly aligns the representations of the student’s lower layer with
those of the teacher’s output, effectively guiding the lower-layer representations
toward the output representations and enhancing feature consistency.
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and AVR loss, to ensure effective learning of distinct characteristics.
The specific decoupling formula is as follows (taking the upper
branch as an example):

yI ¼ Matrixn;I � f 1:n�1 xð Þ ð1Þ

yV ¼ Matrixn;V � f 1:n�1 xð Þ ð2Þ

y ¼ cat yI ; yV
� � ð3Þ

Matrixn;IϵR
DR�d ×Cn ; Matrixn;VϵR

ð1�DRÞ�d ×Cn

Here, Matrixn represents the weight matrix of the final layer in the
feature extractor, while f 1:n�1 xð Þ denotes the output of the preceding layers
of the feature extractor, excluding thefinal layer. The operator cat(·) refers to
the feature concatenation operation, and DR stands for the Disentangling
Ratio, which controls the balance between AIR and AVR to enable effective
disentanglement. In this context, d represents the dimensionality of the
point cloud feature vector output byf 1:n�1 xð Þ, and Cn is the dimensionality
of the final layer of the network.

For the supervision of theAIR component, to ensure that the distances
between features of differently augmented point cloud data in the feature
space remain consistent, this section utilizes the Euclidean distance to
measure the degree of similarity between positive sample pairs. Meanwhile,
feature learning is achieved by optimizing the prediction error between the
teacher network and the student network. The specific loss function is

defined as follows:

LAIR ¼ 1
2
S pI ; sg z0I

� �� �þ 1
2
S p0I ; sg zI

� �� � ð4Þ

S p; z0
� � ¼ jjp� z0jj22 ¼ 2� 2 � p; z0

� �

jjpjj2jjz0jj2
ð5Þ

Where pI and p0I ‘are the output of the prediction head, zI and z0I are the
output of the projection head, sg represents the gradient stop operation, and
〈⋅,⋅〉 represents the dot product of the vector.

For the supervision of AVR, we propose a novel loss function called
AugmentedDecoupling Loss. The design objective of this loss function is to
ensure that the projection vectors generated by the same set of point cloud
data under different augmented versions are orthogonal to each other.
Taking point cloud data augmentation as an example, translation opera-
tions and scaling operations, respectively, cause changes in the position and
scale of the point cloud, resulting in significantly different features generated
by these two augmentation methods. By constraining the orthogonality of
AVR features, the model is encouraged to separately learn the feature
information introducedby these distinct augmentationmethods.Moreover,
the orthogonality of AVR features provides the model with greater adapt-
ability. Since different augmentation strategies affect data characteristics in
different ways, this property allows the model to effectively learn and dis-
tinguish these changes, thereby enhancing its robustness and generalization
ability under various augmentation scenarios. The formula for augmented

Fig. 3 | The architecture of PointDecoupler. The blue part is the representative decoupling module, and the orange dotted box area in the lower left corner is the self-
distillation decoupling module.
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decoupling loss is as follows:

D zv; z
0
v

� �
≜

zv � z0v
jjzvjj2jjz0vjj2

� ξ

����
���� ð6Þ

LAVR≜
1
2
D pV ; sg z0V

� �� �þ 1
2
D p0V ; sg zV

� �� � ð7Þ

The hyperparameter ξ is set to 0 by default, and sg indicates that the
gradient stops the operation. Therefore, we can give the final decoupling
loss:

Lddl ¼ γLAVR þ LAIR ð8Þ

Here, γ is set to 1 by default. Only the parameters of the student
network and the predictor are updated during each training round. In
contrast, the parameters of the teacher network are updated using the
exponentialmoving average (EMA) after each training round. This strategy,
similar to the approach used inBYOL, is adopted in ourmethod butwill not
be elaborated upon here.

Self-distillation
To further enhance the representational capacity of themodel, we introduce
self-distillation technology on the basis of distortion decoupling. The net-
work framework is illustrated in Fig. 3. The overall network consists of two
branches: the teacher network and the student network. Both branches
share the same core structure; however, the key difference lies in the fact that
the output of each layer in the student network is projected through an
independent projection head, while the output of the teacher network is
predicted by a predictor. It is worth noting that the output of each layer in
the student network is also decoupled and combined with the decoupling
loss for calculation. Here, we describe the approach from a macro per-
spective and do not delve into these details.

Inspired by self-distillation methods in supervised learning, we extend
this concept by enabling the intermediate layer representations of the stu-
dent network to learn from the final layer representations through con-
trastive loss. By introducing a self-distillation mechanism, we guide the
intermediate layer representations of the student network to mimic the
output representations of the teacher network, thereby providing an explicit
learning signal to the intermediate layers. This design reduces the perfor-
mance loss when the student network exits early through a subnetwork,
narrowing the gap between the subnetwork’s performance and that of the
full network. At the same time, this approach alleviates the burden on the
final layer to perform the pretext task, resulting in overall better feature
representations. Moreover, the self-distillation loss provides an additional
supervisory signal to the intermediate layers, which significantly benefits
model training.On the onehand, it acceleratesmodel convergence, allowing
themodel to achieve ideal performance in fewer training iterations, thereby
saving computational resources and time costs. On the other hand, this
additional supervisory signal improves training stability, reducing fluctua-
tions and instability during the training process, and thus further enhancing
the reliability of the model.

The intermediate layer self-distillation loss Lisd is first given, which
attempts tomaximize themutual informationof the intermediate layer l and
the final layer L output, as follows:

Lisd ¼
1

L� 1

XL�1

l¼1

Lddl pl; sg zL
� �� � ð9Þ

Among them, pl is the representation of the L-layer of the student
encoder, which is obtained by the feature projection of the corresponding
predictor. zL is theoutput result of the teachernetwork encoderafter passing
the projection head. The stop gradient operator sg zL

� �
means that the

gradient does not propagate through zL, so the intermediate layer loss does
not affect zL when backpropagated.

Overall joint objectives
Building on the self-distillation loss of the intermediate layers, it works in
conjunction with the original contrastive loss Lddl to guide the model in
learning effective features. Specifically,Lddl is responsible for optimizing the
network from a global perspective to ensure the quality of the final layer
representation, whileLisd focuses on enhancing the instance discrimination
capability of the intermediate layers. This ensures that the final layer can
learn more robust and meaningful feature representations. Based on the
above analysis, the objective function can be defined as follows:

LSDSSL ¼ Lddl pL; zL
� �þ αLisd ð10Þ

Among them, α is used to control the weight of self-distillation losses.
At the same time, it can be observed that for frameworks with pre-

dictors, the direct use of formula (10) can bring some performance
improvement, but there remains potential for further optimization. This is
because the mid-tier predictor is updated solely using gradients from Lisd ,
whereas the feature encoderbenefits frombothLisd andLddl . Consequently,
the optimality of the mid-tier predictor cannot be fully guaranteed, even
though it is a critical component of SSL training, as discussed in ref. 26.
Furthermore, simply increasing α (the weight of Lisd) leads to suboptimal
performance in the final layer of the encoder. This adjustment inadvertently
impacts themiddle layers of the backbone network, which negatively affects
overall performance. To address this issue, we introduce an additional loss
function,Lisd , to furtheroptimize theperformance of themid-tier predictor.
The formulation of this loss function is as follows:

Lpred ¼
XL

l¼1

Lddlðpredðsg hl
� �

; sgðzLÞÞ ð11Þ

Where h is the representation of layer l after the student passes through the
projector, and inorder toupdate only thepredictor, the sg(∙) operator is used
for h. By doing so, a better distillation predictor can be obtained, finally
giving the final objective function:

Ltotal ¼ Lddl pL; zL
� �þ αLisd þ βLpred ð12Þ

Here, β is set to 1 by default.

Ethics approval and consent to participate
Written informed consent has been obtained from the School of Informa-
tion Science and Technology of Northwest University and all authors for
this article, and consent has been obtained for the data used.

Results
Pre-training
For pre-training, we utilized the ShapeNet dataset, a comprehensive repo-
sitory of synthetic 3D shapes comprising over 50,000 unique models across
55 common object categories. To ensure comparability, we adhered to the
training protocol established by STRL. This procedure involved randomly
sampling 2048 points from eachmodel in the dataset. The visualized results
of thedata augmentation techniquesweemployedare shown inFig. 4below.
These augmentation techniques can be broadly categorized into two types.
The first category is synthetic sequence generation augmentation, which
applies global transformations to the point cloud by combining multiple
augmentation techniques. Specifically, each technique within this category
is applied with a probability of 0.5. For example, random rotation is per-
formed by sampling a random angle for each axis within ±15° and rotating
the point cloud accordingly. Random translation is achieved by globally
shifting the entire point cloud within 10% of its dimensional bounds.
Additionally, random scaling is applied by multiplying the point cloud by a
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random scaling factor uniformly sampled in the range [0.8, 1.25]. These
operations collectively enable the generation of synthetic sequences that
represent global transformations of the point cloud. The second category is
spatial augmentation, which focuses on altering the local geometry of the
point cloud to enhance the model’s ability to learn spatial structure repre-
sentations. This includes operations such as random cropping, where a 3D
cuboid patch is cropped from the point cloud. The volume of this patch is
uniformly sampled between 60% and 100% of the original point cloud, and
the aspect ratio is controlled within the range [0.75, 1.33]. Random exca-
vation removes a cuboid section from the point cloud, with the dimensions
of the removed region sampled within the range [0.1, 0.4] of the original
point cloud’s dimensions. Random jitter perturbs the 3Dpositions of points
by adding random offsets uniformly sampled within the range [0, 0.05].
Randomdiscard removes a subset of points from the point cloud based on a
discard ratio that is uniformly sampled in the range [0, 0.7], while sub-
sampling reduces the point cloud to a fixed size by randomly selecting the
required number of points to match the encoder’s input dimensions. For
synthetic data, normalization is applied to scale thepoint cloud tofitwithin a
unit sphere. Among these operations, random cropping and random
excavation introducemore significant changes to the spatial structure of the
point cloud. To leverage their impact effectively, we apply these two
operations with a probability of 0.5. These augmentation strategies collec-
tively ensure that the model learns robust and diverse feature representa-
tions, improving its performance across various tasks.

For fair comparison, we employ PointNet andDGCNNas point cloud
feature extractors. The projection head and predictor in PointDecoupler are
designed as multi-layer perceptrons. Each projection head consists of two
fully connected (FC) layers, with output dimensions of [4096/2048, 256],
including batch normalization and ReLU activation layers. Specifically, the
hidden dimension of the projection head for the final layer is set to 4096,
while for the middle layer, it is set to 2048. The input to the first FC layer of
the projection head is derived from the encoder’s output. For the projection
head gI the input dimension is Sencoder ×DR, while for gV, the input

dimension is Sencoder × ð1� DRÞ, where Sencoder represents the output size of
the point cloud feature extractor. The predictor has the same structure as the
projection head, with a fixed output dimension of [4096, 256]. We use the
LARS optimizer along with a cosine decay learning rate schedule. The
learning rate schedule includes a warm-up phase lasting 10 epochs, and no
restart is required. The parameters of the teacher network are updatedusing
an EMAmechanism. The EMA coefficient τ is updated using the formula:
τ ¼ 1� ð1� τstartÞ � ðcos πk

K

� �þ 1Þ=2, where k is the current training step
and K is the total number of training steps. The learning rate is initialized at
0.001 and follows the cosine decay strategy. Additionally, the weight para-
meter α is scheduled using a cosine strategy, gradually increasing from 0 to
1.0. Training is conducted end-to-end. For PointNet, we train with a batch
size of 32 for 50 epochs; for DGCNN, a batch size of 4 for 100 epochs. At the
end of pre-training, all projection heads gð�Þ and predictors pð�Þ are dis-
carded, retaining only the encoder f ð�Þ of the student network for sub-
sequent downstream tasks.

3D object classification
The 3D object classification task aims to classify the given point cloud data
and accurately predict the specific object class to which each point cloud
belongs.We evaluate the shape understanding ability and the generalization
performance of pre-trained models using two widely-used benchmark
datasets:ModelNet40 and ScanObjectNN.ModelNet40 is a synthetic object
dataset consisting of 40 categories and 12,311CADmodels, whichwe use to
evaluate the classification performance on synthetic objects. ScanObjectNN
is a highly challenging, realistic 3D point cloud dataset collected from real
indoor scenes, which we use to evaluate the performance in real natural
scenes. The dataset contains 15 categories with a total of 2880 objects, of
which 2304 are used for training and 576 for testing. We evaluate two
mechanisms, linear classification and fine-tuning, to verify the effectiveness
of the proposed approach. For the linear classification task, we adopt the
protocol outlined in previous works25,50. Specifically, we train a linear Sup-
port Vector Machine on the global features extracted from the training sets

Fig. 4 |Visualization of different data augmentation.
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of ModelNet40 and ScanObjectNN and evaluate its performance on the
corresponding test sets. For thefine-tuning task,we conduct experiments on
the ModelNet40 dataset. During the fine-tuning process, the parameter
settings follow the scheme proposed in ref. 5, with the training epochs
reduced from 250 to 125. This adjustment is made because pre-trained
weights accelerate the convergence of supervised training, thereby reducing
the computational time and resources required for training.

Table 1presents the experimental results of the linear classification task
on the ModelNet40 dataset. Regardless of whether PointNet or DGCNN is
used as the backbone network, the methods proposed in this study out-
perform the state-of-the-art approaches on the ModelNet40 dataset.
Notably, while CrossPoint relies on multimodal data, the proposed Point-
Decoupler is based solely on single-modal point cloud data. Despite this,
PointDecoupler achieves classification accuracy improvements of 0.2% and
0.3% over CrossPoint when using PointNet and DGCNN as backbone
networks, respectively. Furthermore, even with a simpler backbone like
PointNet, PointDecoupler outperforms many SSL methods built on more
complex architectures.

Figure 5 illustrates the feature visualization results after pre-training the
model in a self-supervisedmanner using thePointNet backbonenetwork. In
this analysis, we apply the t-SNE technique to reduce the dimensionality of
features extracted from the test set of the ModelNet10 dataset for visuali-
zation. As shown in Fig. 5, the design of representational decoupling and
self-distillation enables effective categorization, even without explicit
supervised training using labeled data. This demonstrates that the SSL
approach proposed in this study can effectively capture discriminative
features between categories, exhibiting strong generalization capabilities in
scenarios with unlabeled data. We further evaluate the learned point cloud
representation model through supervised fine-tuning. Specifically, on the
ModelNet40 dataset, the encoder weights of the pre-trainedmodel are used
as the initial weights for the point cloud feature extractor. The DGCNN
network isfine-tunedusing thedataset labels. The results, presented inTable
2, show that the proposed PointDecoupler improves the final classification
accuracy by 1.2% compared to DGCNN initialized with random weights.

Table 1 | Comparison of the linear SVM classification on
ModelNet40

Method ModelNet40

3D-GAN51 83.3

Latent-GAN 85.7

SO-Net52 87.3

RotationNet53 90.4

FoldingNet9 88.4

MRTNet54 86.4

3D-PointCapsNet11 88.9

MAP-VAE10 88.4

VIP-GAN55 90.2

DepthContrast56 85.4

ClusterNet57 86.8

Jigsaw50+ PointNet 87.3

Rotation58+ PointNet 88.6

OcCo15+ PointNet 88.7

STRL25+PointNet 88.3

CrossPoint24+ PointNet 89.1

PointDecoupler (ours)+ PointNet 89.3

Self-Contrast+DGCNN 89.6

Jigsaw+DGCNN 90.6

Rotation+DGCNN 90.8

STRL+DGCNN 90.9

OcCo+DGCNN 89.2

CrossPoint+DGCNN 91.2

PointDecoupler (ours)+DGCNN 91.5

The linear classifier is fitted on the training set of ModelNet40 using the pre-trained model, and the
model performance is evaluated on the test set.

Fig. 5 |PointDecoupler’s t-SNE feature visualization
on ModelNet10.
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Additionally, even without leveraging the Transformer framework, Point-
Decoupler achieves classification accuracy comparable to that of
Point-BERT.

We also demonstrate the effectiveness of the proposed pre-training
model in semi-supervised learning scenarios, particularly in cases with
limited labeled samples, where significant improvements in classification
performance are observed. Specifically, experiments are conducted by
randomly selecting different proportions of labeled training data while
ensuring that at least one sample is included for each category. The pre-
trained model is then fine-tuned on these limited samples using supervised
training, and its classification performance is evaluated on the full test set.
The experimental results, shown in Fig. 6, indicate thatwhen the proportion
of labeled training samples is 1% and 20%, the proposed model improves
classification accuracy by 2.5% and 2.3%, respectively. These findings sug-
gest that the SSL method proposed in this study can more effectively
enhance the performance of downstream tasks, particularly in scenarios
with fewer labeled samples.

To assess practical feasibility, we report parameter counts and FLOPs
on the ModelNet40 object classification task (Table 3). PointDecoupler
achieves 93.4% accuracy with only 4.2M parameters and 2.3 G FLOPs,
without relying on Transformer architectures. Its self-distillation-based
design enables the model to achieve competitive performance with sub-
stantially reduced computational complexity, highlighting its potential for
efficient deployment.

To validate the effectiveness of the proposed method on real-world
point cloud data, we evaluated the classification task on the ScanObjectNN

dataset. Table 4 reports the linear classification results on this dataset.
Compared to state-of-the-art self-supervised methods, the classification
accuracy of the proposed PointDecoupler improves significantly by 0.8%
when DGCNN is used as the backbone network. This result demonstrates
that the feature representations learnedbyPointDecoupler canbe effectively
transferred from synthetic data to real-world point cloud scenarios, show-
casing strong generalization capabilities.

3D object part segmentation
Object part segmentation is an important and challenging 3D recognition
task, where the goal is to assign a part class label to each point, such as a table
leg or a car tire. We conducted experiments on the ShapeNetPart dataset,
which contains 16,991 objects from 16 categories, with a total of 50 parts
distributed among2–6parts perobject.As awidelyusedbenchmarkdataset,
ShapeNetPart can effectively evaluate the performance of object part seg-
mentationmethods.We usedDGCNNas the backbone network in the pre-
training phase and applied fine-tuning to optimize the performance of our
method. To evaluate the performance of our method, we used the mean
intersection over union (mIoU) metric, which is highly accurate and
commonly used.

As shown in the experimental results in Table 5, the proposed Point-
Decoupler method achieves significant improvements in component seg-
mentationperformance, surpassingmany state-of-the-artmethods in terms
of the mIoU metric. Moreover, compared to other SSL methods, Point-
Decoupler performs consistently well on both the PointNet and DGCNN
backbone networks. This demonstrates that the joint design of the self-
distillationmodule and the representational decouplingmodule enables the
model to effectively learn more discriminative feature representations.

Further analysis of the results reveals that the proposed model can
capture fine-grained local features, thereby achieving more precise part
segmentation. Figure 7 illustrates the part segmentation results, highlighting
the exceptional performance of the proposed method in handling fine

Table 2 | Classification results of PointDecoupler on
ModelNet40 using fine-tuning strategy

Method Supervised OA

PointNet5 √ 89.2

PointNet++6 √ 90.7

PointCNN59 √ 92.2

DGCNN7 √ 92.2

ShellNet60 √ 93.1

PointTransformer61 √ 93.7

Transformer-OcCo15 × 92.1

Point-Bert13 × 93.2

OcCo × 93.0

Point-MPP17 × 93.3

PointDecoupler × 93.4

Fig. 6 | Classification accuracy of different proportionsof labeled data.

Table 4 | Comparison of classification on ScanObjectNN

Encoder Method Acc.

PointNet OcCo15 69.5

Jigsaw50 55.2

STRL25 74.2

CrossPoint24 75.6

PointDecoupler (ours) 75.8

DGCNN OcCo15 78.3

Jigsaw50 59.5

STRL25 77.9

CrossPoint24 81.7

PointDecoupler (ours) 82.5

PointDecoupler achieves improvements compared to other self-supervised methods on both
PointNet and DGCNN, which illustrates the effectiveness of our method in real-world scene
classification.

Table3 |Computational efficiencycomparisononModelNet40
for object classification

Method Params. (M) FLOPs (G) OA (%)

PointNet5 3.5 0.5 89.2

PointNet++6 1.5 1.7 90.7

DGCNN7 1.8 2.4 92.2

PCT 2.9 2.3 93.2

PointMAE14 22.1 2.4 93.2

Point-Bert13 22.1 2.4 92.7

PointDecoupler (ours) 4.2 2.3 93.4
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details across different categories. For instance, the model is able to clearly
distinguish the wheels of a motorcycle and the tail of an aircraft from other
parts, fully showcasing its ability to capture detailed features and deliver
superior segmentation performance.

As introduced in Pre-training, our framework combines global
transformations (synthetic sequence generation) and local geometric
changes (spatial augmentation). To evaluate their roles, we ablate each
augmentation during pretraining on ModelNet40 and assess frozen fea-
tures via linear SVM (Table 6). Removing global transformations (e.g.,
rotation and scaling) leads to minor drops, while removing local aug-
mentations (e.g., crop and excavation) results in larger declines, con-
firming their importance for robust, occlusion-invariant features. We
hypothesize that these augmentations, introducing more significant
changes to the point cloud’s spatial structure, result in more distinct
feature signals for the AVR. Consequently, our decoupling mechanism
can more effectively separate these signals under the orthogonality con-
straint. This process forces the model to learn a deeper understanding of
the object’s core identity by successfully disentangling it from these drastic
variations.

3D object semantic segmentation
Semantic segmentation is a challenging task that aims to assign a
semantic label to each point in a point cloud, enabling the grouping of
regions with meaningful significance. This task is particularly important
in complex indoor and outdoor scenes, which are often characterized by

substantial background noise. To evaluate the representational capacity
and generalization capability of our model, we conducted semantic
segmentation experiments on the Stanford Large-Scale 3D Indoor Spaces
(S3DIS) dataset. S3DIS is a widely used 3D indoor scene dataset that
comprises scanned data from 272 rooms across 6 zones, covering a total
area of approximately 6000 square meters. The dataset defines
13 semantic categories and provides fine-grained, point-wise semantic
labels, where each point is annotated with comprehensive 9-dimensional
feature information, including spatial coordinates (XYZ), color attributes
(RGB), and normalized positional coordinates.

In this study,DGCNNisutilizedas the backbonenetwork, and thepre-
trained model is transferred to the 3D semantic segmentation task on the
S3DIS dataset for evaluation. The experimental setup follows the approach
of Qi5 et al. and Wang7 et al., where each room is divided into 1m× 1m
blocks. During the fine-tuning phase, the pre-trained model is trained for
100 epochs on each region of the S3DIS dataset, as outlined in5. The opti-
mizer employed is SGDwith an initial learning rate of 0.1, and the learning
rate is adjusted using a cosine decay strategy. Additionally, 4096 points are
randomly sampled from each block for training throughout the fine-tuning
process.

We further focus on evaluating the semi-supervised learning per-
formance of the proposedmethod in scenarios with limited labeled data.
Specifically, the experiment fine-tunes the pre-trainedmodel on a single
region from regions 1 to 5 and evaluates its performance on region 6.
The experimental results, presented in Table 7, demonstrate that the
pre-trained model outperforms the DGCNN model trained from
scratch under all experimental settings. Notably, the performance
improvement is particularly significant when the number of labeled
samples is limited.

Fig. 7 | Visualization of PointDecoupler’s segmentation results on the ShapeNetPart.

Table 5 | Part segmentation results on the ShapeNetPart
dataset

Encoder Method mIoU

PointNet Jigsaw3D50 82.2

OcCo15 83.4

CrossPoint24 82.7

PointDecoupler 83.1

DGCNN Jigsaw3D50 84.3

OcCo15 85.0

CrossPoint24 85.3

PointDecoupler 85.4

PointDecoupler outperforms supervised learning methods with random initial weights and other
SSL methods with pre-trained weights.

Table 6 | Ablation study: data augmentation

Data augmentation Accuracy

Full 89.3%

Remove rotation 88.7%

Remove scaling 89.0%

Remove translation 88.5%

Remove crop 88.2%

Remove excavation 87.9%

Remove crop+ excavation 87.7%
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Ablations and analysis
As described in the last part, to optimize representation learning, we inte-
grate a decoupling module with a self-distillation module. The decoupling
module enhances robustness to augmentation operations by learning their
associated information, while the self-distillation module further optimizes
the learning process of shallow representations by improving their linear
separability and enhancing their synergywithhigh-level representations. To
assess their individual and combined contributions, we conduct ablation
studies across four settings: main path only, self-distillation only (excluding
the AVR component from the decoupling loss and replacing it with the
traditional forward-contrastive learning loss function), decoupling only
(removing all components related to self-distillation and retaining only the
decoupling loss), and full joint learning. Pre-training is performed with
PointNetandDGCNNbackbones, followedbySVM-based classificationon
ModelNet40 and ScanObjectNN.

Results (Fig. 8) show that the performance of using only themain path
was significantly lower thanwhen any additionalmodule was incorporated.
The combined framework consistently outperforms both modules used in
isolation, validating the superiority of the joint learning strategy.

TheDR is used to describe the proportion of AIR toAVR in the overall
representation. This ratio plays a critical role in determining whether the
decoupling loss can function effectively. Therefore, we further investigate
the impact of different DR settings on the performance of downstream
classification tasks. Specifically, we use PointNet as the point cloud feature
encoder for pre-training under various DR settings and evaluate the SVM-
based classification performance on the ModelNet40 and ScanObjectNN
datasets.

As illustrated in Fig. 9, the overall classification performance of the
model improves as the proportion of AIR gradually increases. However,
when the proportion of AIR exceeds 0.8, the classification performance
begins to decline. Based on these observations, DR is typically set to 0.8
during the pre-training phase to achieve optimal classification results.

During training, we applied a ratio annealing strategy for both Eqs.
(10 and 12). Figure 10 shows the performance change across ranges of α and
β. For both parameters, the performance generally increases until their
values reach 1. As discussed, α, which controls Lisd, has a greater impact on
the performance than β.

Fig. 8 | Ablation study of individual framework components.

Table 7 | PointDecoupler’s segmentation results in different
regions of S3DIS using a fine-tuning strategy

Area Method OA mIoU

Area 1 (3687 samples) From scratch 84.57 57.85

PointDecoupler 85.96 59.97

Area 2 (44,40 7samples) From scratch 70.56 38.86

PointDecoupler 71.45 39.67

Area 3 (16,507 samples) From scratch 77.68 49.50

PointDecoupler 79.16 51.88

Area 4 (36,627 samples) From scratch 73.55 38.50

PointDecoupler 74.51 41.60

Area 5 (68,527 samples) From scratch 76.85 48.63

PointDecoupler 78.95 51.10 Fig. 9 | Graph of sensitivity comparison experiment results of DR.
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Terracotta warriors dataset
The Terracotta Warriors, renowned as one of the Eight Wonders of the
World, represent a significant ceramic cultural relic in China. Their virtual
restoration holds great importance for cultural heritage preservation and
transmission. This study focuses on the 3D digitization and processing of
TerracottaWarrior fragments for neural network analysis. Our dataset was

acquired using a Creaform VIU 718 handheld 3D scanner in the Visuali-
zation Laboratory. Due to the high resolution of the resulting point clouds,
which poses challenges for direct neural network input, we employed a
preprocessing step. The Clustering Decimation method, available in the
Meshlab tool, was utilized to downsample the point cloud data. This
approach effectively preserves structural information while reducing each
fragment to auniform2048points.Thedatasetwas categorized according to
the anatomical parts of the Terracotta Warriors: arms, heads, legs, and
bodies (as illustrated in Fig. 11). The sample distribution across these
categories is presented in Table 8. For our experimental protocol, we
adopted an 80–20 split, allocating 80% of the data for training and the
remaining 20% for testing.

Classification of terracotta warrior fragments
Accurate and efficient classification of cultural relic fragments is crucial for
improving the efficiency and precision of cultural relic restoration, thereby
providing robust technical support for cultural heritage professionals. To
verify the effectiveness of the pre-trained model proposed in this study in
terms of its representation capability, we apply themethod to the Terracotta
Warriors fragment dataset and conduct experimental evaluations.

Fig. 11 | Illustration of the terracotta warrior dataset
categorized by anatomical parts.

Fig. 10 | Hyperparameter sweeping.We vary α and β to see their effect. When
sweeping for a parameter, the other parameter is fixed to 1.0.

Table 8 | Number of fragments for each class in the terracotta
warriors fragments dataset

Label Arm Body Head Leg Total

Train 4178 4738 2430 4274 15,620

Test 1045 1185 607 1068 3905
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In the experiment, DGCNN is employed as the backbone network for
fine-tuning and testing on the Terracotta Warriors fragment dataset. The
results in Table 9 demonstrate that the proposed method significantly
improves fragment classification, particularly excelling over supervised
methods when labeled data is scarce.

Segmentation of the terracotta warriors
Segmentation of TerracottaWarriors plays a crucial role in the effective and
accurate restoration of cultural relics, particularly in the virtual recon-
struction of ceramic artifacts. Unlike the Terracotta fragment classification
task, our segmentation study utilizes complete Terracotta Warrior models.
We compiled a dataset of 150 complete Terracotta models using 3D scan-
ners and data augmentation techniques, and all terracotta warrior models

were uniformly downsampled into 4096 point clouds. Traditionally, the
three-dimensional model of a Terracotta Warrior is divided into six parts:
head, body, left arm, right arm, left leg, and right leg. However, to enhance
the restoration process and rigorously evaluate our method’s performance,
we manually annotated the original Terracotta models into eight distinct
segments: head, body, left hand, left arm, right hand, right arm, left leg, and
right leg. We employed an 8–2 split for our dataset, allocating 80% for
training and 20% for testing.

We use a pre-trained DGCNN model to fine-tune the Terracotta
Warriors segmentation dataset and evaluate its performance. The seg-
mentation results are presented in Table 10. Compared with existing
unsupervised segmentationmethods specifically designed for theTerracotta
Warriors, the proposed method achieves superior performance.

Figure 12 illustrates the visualized results of the segmentation task. It
can be observed that the proposed method accurately identifies the eight
main parts of the TerracottaWarriors and achieves precise segmentation of
intricate details, such as the boundary between the hand and the arm. These
results demonstrate that the proposed method not only excels in overall
segmentation performance but also effectively captures fine-grained fea-
tures of complex components. This further validates the effectiveness of the
proposed method in practical application scenarios.

Discussion
In this paper, we propose PointDecoupler, a novel SSL framework for point
clouds, and demonstrate its effectiveness across various downstream tasks,
including the restoration of the Terracotta Warriors. Unlike traditional
contrastive methods that focus solely on semantic consistency via AIR,
PointDecoupler explicitly models the interaction between AIR and AVR
features through a decoupling loss, enhancing robustness to augmentation
and sensitivity to geometric structures. It also employs self-distillation to
guide low-level features using high-level representations, improving feature
discrimination.While these achievements highlight themethod’s strengths,
we acknowledge the need for deeper investigation into the interpretability of
learned AVR and their precise impact on model behavior. Specifically, due
to the random combination of data augmentations, the current design
cannot attribute the learned variant representations to individual aug-
mentation operations, which makes a fine-grained analysis challenging.
Future research directions include developing explainable analysis tools to

Table 9 | Fragment classification accuracy compared with
other methods on the 3D Terracotta Warrior Fragment
Datasets

Method Supervised Acc.

Method in2 √ 87.64

PointNet5 √ 88.93

Method in1 √ 91.41

UMA-NET62 × 93.90

PointDecoupler (Ours) × 94.12

Table 10 | Comparison of segmentation performance with
different methods on the terracotta warriors dataset

Method mIoU

SRG63+DGCNN 65.6

SRG63+ PointNet 54.4

EGG64+DGCNN 68.6

EGG64+ PointNet 62.4

PointDecoupler (ours) 74.3

Fig. 12 | Segmentation results of PointDecoupler on
the terracotta warriors dataset.
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elucidate feature contribution mechanisms, exploring structured augmen-
tation strategies to enable a clearer analysis of disentanglement, optimizing
the architecture for enhanced computational efficiency, and extending the
framework to multi-modal settings by incorporating complementary data
modalities such as RGB imagery. The framework’s potential extensions to
broader 3D understanding tasks—including large-scale scene reconstruc-
tion andfine-grainedobject detection—promise to advanceboth theoretical
foundations and practical applications in cultural heritage preservation.

Data availability
Data underlying the results presented in this paper can be obtained from the
internet. The Terracotta Warriors data will be available upon reasonable
request.

Code availability
The code used in the current research is available from the corresponding
author upon request.
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