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Abstract

Self-supervised pre-training is essential for 3D point cloud representation learning,
as annotating their irregular, topology-free structures is costly and labor-intensive.
Masked autoencoders (MAEs) offer a promising framework but rely on explicit
positional embeddings, such as patch center coordinates, which leak geometric
information and limit data-driven structural learning. In this work, we propose
Point-MaDi, a novel Point cloud Masked autoencoding Diffusion framework for
pre-training that integrates a dual-diffusion pretext task into an MAE architecture
to address this issue. Specifically, we introduce a center diffusion mechanism in
the encoder, noising and predicting the coordinates of both visible and masked
patch centers without ground-truth positional embeddings. These predicted centers
are processed using a transformer with self-attention and cross-attention to capture
intra- and inter-patch relationships. In the decoder, we design a conditional patch
diffusion process, guided by the encoder’s latent features and predicted centers
to reconstruct masked patches directly from noise. This dual-diffusion design
drives comprehensive global semantic and local geometric representations during
pre-training, eliminating external geometric priors. Extensive experiments on
ScanObjectNN, ModelNet40, ShapeNetPart, S3DIS, and ScanNet demonstrate that
Point-MaDi achieves superior performance across downstream tasks, surpassing
Point-MAE by 5.50% on OBJ-BG, 5.17% on OBJ-ONLY, and 4.34% on PB-T50-
RS for 3D object classification on the ScanObjectNN dataset. Codes are available
at https://github.com/YangParky/Point-MaDi.

1 Introduction
Driven by advances in LiDAR and depth-sensing technologies, point clouds have become a fundamen-
tal data representation in applications such as autonomous driving, robotics, and virtual reality, owing
to their ability to capture fine-grained geometric details of objects and environments. More recently,
supervised learning has significantly advanced 3D computer vision by introducing 3D-centric meth-
ods that directly operate on raw point clouds for tasks such as object classification [34, 35, 51, 11],
semantic segmentation [34, 25], and object detection [33, 26]. These approaches typically rely on
large-scale annotated datasets to achieve high performance. However, unlike 2D images arranged in
regular grids, point clouds lack a consistent topology, making the annotation process both expensive
and labor-intensive. Labeling 3D data [4, 56, 2, 6, 60, 47] often requires expert knowledge to accu-
rately capture complex geometrical structures, which limits the scalability and generalization ability
of supervised approaches. Self-supervised learning (SSL) [29, 7, 54, 14] has emerged as a promising
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Figure 1: Comparison between different pretext tasks. (a) Masked autoencoders reconstruct masked
point patches. (b) PointDif uses a conditional point generator to guide the point-to-point generation
from noisy input. (c) Our Point-MaDi denoises noisy masked patches and reconstruct their centers.

alternative, enabling the extraction of generalizable representations from unlabeled point clouds
through the design of various pretext tasks, including generative- and contrastive-based objectives.

Among them, diffusion probabilistic models (DPMs) [15, 28, 32] have recently emerged as a powerful
paradigm for 3D point cloud representation learning, owing to their ability to model complex data
distributions through iterative denoising processes. Unlike contrastive learning [57, 69, 1, 61]
aligns views of a point cloud via maximizing the similarities of positive pairs to capture global
semantic consistency, or reconstruction-based methods [31, 65, 9, 13, 67, 36, 37] like masked
autoencoders (MAEs) [14, 31], which mask patches and reconstruct geometry using an encoder-
decoder architecture. DPMs generate data step-wise from Gaussian noise and learn to reverse this
process, potentially capturing rich semantic and geometric structures across scales. Despite their
strengths, existing diffusion-based methods mainly rely on global context aggregation or predefined
conditioning mechanisms, such as class labels or auxiliary features, to guide the denoising process.
Recent studies [70, 19] have begun to address these challenges by integrating diffusion frameworks
into MAEs; this structure naturally complements diffusion models: the encoder can operate on
partially observed data, while the decoder can progressively recover masked content from latent
noise, aligning well with the denoising objective of DPMs. Nonetheless, directly combining MAE
and diffusion remains nontrivial, as current MAEs inject geometric priors, such as patch center
embeddings, that leak explicit positional information into the encoder, hindering the objective of
learning structure purely from data-driven cues [42, 49, 3]. This motivates our central question: How
can we design a diffusion-based pre-training framework that mitigates geometric information
leakage while enhancing the modeling of local geometric structures for faithful reconstruction?

Intuitively, if positional embeddings are particularly provided or noised, the model is forced to
infer global spatial relationships solely from the visual and contextual content of the point cloud,
encouraging a deeper understanding of its structure and semantics. Considering this, we propose
Point-MaDi, a novel Point cloud Masked autoencoding Diffusion framework. It introduces a dual-
diffusion pretext task that applies diffusion to both centers and local patches, predicting centers and
reconstructing patches to enforce robust modeling of comprehensive representations without external
geometric cues. Fig. 1 illustrates how Point-MaDi contrasts with existing pretext tasks: while MAEs
reconstruct masked patches using provided positional embeddings, PointDif advances this paradigm
by formulating pre-training as a conditional point-to-point generation task. Our proposed Point-MaDi
further instantiates this by performing center denoising in the encoder and patch reconstruction in the
decoder, enabling geometry-aware self-supervised learning without positional cues.

To this end, we first group the point cloud into patches and apply random masking strategies to create
visible and masked regions, as in traditional MAEs. In the encoder, a center diffusion process applies
noise to visible and masked patch centers and tasks the model with denoising them, eliminating
reliance on ground-truth positional embeddings. This process, implemented via iterative sampling,
forces the encoder to model global spatial relationships by inferring center positions from partial
observations. Visible patches undergo self-attention to capture intra-patch relationships, while masked
patches leverage cross-attention with visible patches to model inter-patch dependencies, refining the
predicted centers. In the decoder, a patch diffusion process reconstructs masked patches from latent
noise, conditioned on the encoder’s latent representations of visible patches and the predicted centers.
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This reconstruction is optimized using Chamfer Distance, ensuring high-�delity recovery of local
structures, particularly in sparse point clouds. By integrating center diffusion for global modeling
and patch diffusion for local reconstruction, Point-MaDi encourages the encoder to learn robust,
context-aware representations while enabling the decoder to focus on �ne-grained geometric details.

Our main contributions of this work are as follows:

• We propose Point-MaDi, a novel self-supervised pre-training framework for point clouds
that disentangles positional encoding and geometry modeling via two dedicated diffusion
processes, effectively mitigating positional shortcut leakage.

• The center diffusion process adds noise to both visible and masked patch centers and predicts
clean coordinates, replacing explicit positional embeddings and promoting high-level spatial
understanding; the patch diffusion process, conditioned on visible features and predicted
centers, reconstructs noisy masked patches via step-wise denoising to recover local geometry.

• Extensive experiments on ScanObjectNN, ModelNet40, ShapeNet, S3DIS, and ScanNet
demonstrate that Point-MaDi signi�cantly outperforms existing methods in classi�cation,
segmentation, and detection tasks, validating its effectiveness and generalizability.

2 Related Work
Self-supervised point cloud representation learning.Self-supervised Learning (SSL) has achieved
remarkable success in many �elds such as NLP and computer vision. It aims to learn useful
representations from the massive unlabeled data by de�ning a pre-text task [29, 17, 54] through
image/patch operations, with no external labels. Recent methods have explored the potential and
strengths of SSL in the point cloud domain. A prominent approach in SSL [57, 69] is contrastive
learning, which encourages representations of augmented versions of an instance to be more similar
compared to different inputs. PointContrast [57] pioneers contrastive learning by performing point-
level invariant mapping learning. Several recent works integrate point cloud representations with
other modalities, such as vision [1, 20, 46, 61] and language [66, 63, 59, 23] to facilitate the learning
of transferable 3D point cloud representations. CrossPoint [1] combines intra-modal and cross-modal
contrastive learning, enforcing invariance to point cloud augmentations and aligning 2D image
features with point cloud prototypes. More recently, masked prediction [14] has re-attracted attention
trying to recover the original input from a masked version since the introduction of the Vision
Transformer (ViT) [10]. Point-Bert [62] extends the BERT-style [7] pre-training strategy to point
cloud transformers via discrete Variational Autoencoder [39]. Point-MAE [31] brings the masked
autoencoder idea to point cloud tasks by randomly masking input point patches and reconstructing
them. Afterward, PointM2AE [65] and I2P-MAE [67] adopt hierarchical MAE transformers to
extract �ne-grained and higher-level semantic features of 3D shapes. Subsequent works [9] mainly
enrich the model's comprehension of point cloud geometric structures using cross-modal knowledge.
For instance, ACT [9] utilized a pre-trained ViT as a teacher model to acquire knowledge from other
modalities. Joint-MAE [13] proposes a 2D-3D joint MAE framework to reconstruct the masked
two modalities. ReCon++ [37] is similar to ReCon [36], both employing a generative framework
(MAE-based) and incorporating contrastive learning through ensemble distillation. Our Point-MaDi
leverages masked autoencoding with diffusion, and by progressively denoising noised positional
centers, it reduces reliance on positional shortcuts while enhancing geometric awareness.

Diffusion probabilistic models. Diffusion probabilistic models [15, 8], also known as score-based
models [43, 44], have gained signi�cant attention in computer vision for their ability to generate
high-�delity images. DPMs begin by using an evolving Stochastic Differential Equation (SDE) to
gradually add Gaussian noise to real data, turning complex data into a Gaussian distribution. Then, a
time-reversed SDE maps Gaussian noise back into high-quality samples, guided by a network using
the score function [45] with multiple steps. It has demonstrated superior performance in various
generative �elds, including image generation [28, 40, 32, 71, 18, 64], video generation [41, 12],
and speech generation [21]. However, when adopted in the 3D domain, a number of works focus
on 3D generation [24, 58, 27, 30, 55, 19]. Applying DPMs to 3D point cloud pre-training remains
underexplored due to the challenges posed by the irregular sampling patterns of point clouds in
3D space. [24] proposed an autoencoder architecture with a DPM as a decoder. DiffPMAE [19]
introduces a two-stage architecture that denoises the masked regions conditioned on the latent
representation from the �rst stage. The most related work to ours is PointDif [70], which aggregates
latent features via a condition aggregation network to guide iterative denoising of noisy point
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