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€ Overview
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» 3D-Dynamic Anchor Boxes (3D-DAB):

 Embed spatial priors (projected bboxes, depths) into queries to align with perturbed label
features.

*  Query Formulation: pPTo] (projected bbox), d (depth), ¢ (class)
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By utilizing bP"% and d, the model constraints the search space to geometrically

meaningful regions.

€ Our Goal

» Learn robust geometric representations for objects by explicitly
modeling instance-level detection difficulty and providing strong
geometry supervision.

€ Key Idea
» Difficulty-Adaptive Denoising: Inject difficulty-adaptive perturbations

> Stage 1: Difficulty-Aware Perturbation (DAP):
 DAP adaptively scales perturbation strength based on estimated instance-level detection
difficulty

» Difficulty-Scoring: Estimates aleatoric (m e
uncertainty log(a") as a difficulty proxy to
compute a normalized difficulty score cl €

into 3D ground-truth(GT) labels based on the predicted uncertainty and [0,1].
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* Adaptive Strategy:
Hard instances (High ")
— Weaker perturbations (preserve geometry)
Easy instances (Low o)
— Stronger perturbations (regularization)

= Enable robust & geometry-aware representation learning.
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DAP for projected bounding box.
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Results

€ Quantitative Results € Ablation Study
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