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Motivation

◆ Problem 

➢ Monocular 3D object detection is inherently ill-posed due to the lack 

of explicit depth cues.

➢ Localization Error: Auxiliary single-image depth estimation has been 

introduced to mitigate this issue. 

     → yet it remains insufficient to resolve 3D localization errors.

➢ Overlooked Difficulty: Object detection difficulty in monocular 

settings is inherently multi-factor (scale, distance, truncation, 

occlusion). 

      Ignoring instance level difficulty degrades stability & representation      

         quality.

Method

Results

◆ Our Goal 

➢ Learn robust geometric representations for objects by explicitly 

modeling instance-level detection difficulty and providing strong 

geometry supervision.

◆ Contributions

➢ MonoDLGD introduces label perturbation and reconstruction 

guided by prediction uncertainty, effectively leveraging explicit 

geometry supervision.

➢ Demonstrates that modeling instance-level uncertainty significantly 

enhances monocular 3d detection accuracy.

➢ Achieve SOTA on KITTI benchmark without any additional inference 

overhead.

➢ 3D-Dynamic Anchor Boxes (3D-DAB): 
• Embed spatial priors (projected bboxes, depths) into queries to align with perturbed label 

features.

• Query Formulation: 𝑏
𝑝𝑟𝑜𝑗

(projected bbox), 𝑑 (depth), 𝑐 (class)

• By utilizing 𝑏
𝑝𝑟𝑜𝑗

 and 𝑑 , the model constraints the search space to geometrically 

meaningful regions.

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

difficulty

◆Overview

• Difficulty-Scoring: Estimates aleatoric 

uncertainty log(𝜎𝑣) as a difficulty proxy to 

compute a normalized difficulty score ෢𝒄𝒗 ∈
[𝟎, 𝟏]. 

• Adaptive Strategy:

Hard instances (High 𝜎𝑣) 

→ Weaker perturbations (preserve geometry)

Easy instances (Low 𝜎𝑣)

 → Stronger perturbations (regularization)

◆ Key Idea 

➢Difficulty-Adaptive Denoising: Inject difficulty-adaptive perturbations 

into 3D ground-truth(GT) labels based on the predicted uncertainty and 

to learn reconstruct them during training.

 Explicit geometric supervision. 

 Enable robust & geometry-aware representation learning.

◆ Quantitative Results ◆ Ablation Study

➢ Stage2: Difficulty-Aware Reconstruction
• The shared decoder simultaneously performs 3D object prediction and label reconstruction to 

provide explicit geometric supervision.

• Uncertainty-adaptive training → Employ the Laplacian aleatoric uncertainty loss

Detection loss

Depth reconstruction loss: Bbox reconstruction loss: 

Class reconstruction loss

◆ Computational Cost

UN: Uniform Noise

LU: Laplacian Uncertainty

DAP for projected bounding box.

Total label reconstruction loss: Total loss:
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