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Abstract

Recent advancements in Diffusion Transformer (DiT) models have significantly improved 3D point cloud generation. However, existing methods primarily
focus on local feature extraction while overlooking global topological information, such as voids, which are crucial for maintaining shape consistency and
capturing complex geometries. To address this limitation, we propose TopoDiT-3D, a Topology-Aware Diffusion Transformer with a bottleneck structure for 3D
point cloud generation. Specifically, we design the bottleneck structure utilizing Perceiver Resampler, which not only offers a mode to integrate topological
information extracted through persistent homology into feature learning, but also adaptively filters out redundant local features to improve training efficiency.
Experimental results demonstrate that TopoDiT-3D outperforms state-of-the-art models in visual quality, diversity, and training efficiency. Furthermore,
TopoDiT-3D demonstrates the importance of rich topological information for 3D point cloud generation and its synergy with conventional local feature learning.

Research Gap

Gap 1: How to extract and utilize the rich topological Gap 2: How to effectively integrate these topological features to

information inherent in point clouds ? enhance point cloud generation task while improving efficiency ? Our Contributions
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As the filtration radius r increases, simplices are incrementally added to [l
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* Connected components (0D) and loops (1D) appear and vanish at * Fuses topological features from persistent homology

specific values of r. into representation learning.

* Both topology and bottleneck
design matter—ablation confirms

Bottleneck
Structure Adaptively prunes redundant patch tokens via Perceiver
Resampler.

Their lifespans are encoded as persistence barcodes (a) or,

equivalently, as points in a persistence diagram (b)

Applying a transformation T, the diagram is converted into each is criti-cal for capturing gIObal

persistence images (c, d), yielding grid-based, vectorizable
representations of 0D and 1D persistent features.

Boosts training efficiency without sacrificing multiscale
structure.

structure and local detail.

To address those limitations, we propose TopoDiT-3D, a Topology-Aware T()p()l()g ical Guidance in Generation

Diftusion Transformer with a bottleneck structure for 3D point cloud generation.
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Figure 4: The illustration depicts the architecture of TopoDiT-3D.
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