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« Detect all objects in a 3D scene, including both seen objects and

novel objects unseen during training.

Methodology

3D Object Discovery Cross-modal Mixture of Experts Fusion
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class-agnostic 3D classification is ineffective.

Open-vocabulary 3D models for class-agnostic detection faces
significant challenges due to vocabulary expansion and semantic
overlap in hand-crafted text prompts.

enhancing 3D objectness learning in an open world.

« Cross-modal Mixture of Experts Fusion: selectively route 2D semantic, 3D geometric,
and fused multi-modal features to enable dynamic uni-modal and multi-modal fusion,




