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Why Continual 3D Segmentation? Results & Insights

» Evolving 3D environments with naturally long-tailed classes
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§ M - ||||| ‘|||| ||| Baseline: Standard Mask3D fine-tuning without Class-Balanced Reweighting (CBR).
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» Concept: Extend class-incremental learning [1] to continual 3D instance Noive ER PLG
segmentation
» Goal: Segment new object categories while retaining prior segmentation Fask 1 == Task 2 8 Task s
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Continually segmenting new classes while preserving past knowledge. e
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Built on Mask3D [2] as the segmentation backbone. ER [3], PLG, and CBR together g
enable continual 3D segmentation on evolving, long-tailed data with minimal forgetting. s

CI-3DIS Scenarios
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background Improved segmentation continuity and stability across incremental phases.
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