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Current Success is Driven By Large
Datasets
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Not All Data Can Be Collected
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Long Tail of Data Distribution

How Can We Tackle Such Cases? 



Current Pipelines
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Main Idea: Retrival Augmentation
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RAD: Retrieval-Augmented Monocular Metric 
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“Long Tail” in Depth Estimation
• SOTA networks fail on underrepresented classes due to lack of strong priors.



Retrieval

Strong cues about the object geometry



How Can We Build a Retrieval-Augmented
Depth (RAD) Estimation Pipeline?



1. Retrieve Context Samples



Uncertainty-Aware Context Retrieval



2. Find Corresponding Geometry



Spatial Correspondence

• Purpose: Precise spatial links between Input and Retrievals.

• Method: Off-the-shelf point matching algorithm.

• Goal: These correspondences guide the information transfer.



3. Integrate the Retrieved Information:
Dual-Stream Depth Estimation Network



Dual Stream Depth Estimation Network
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Matched Cross-Attention

Concatenation



Full Pipeline (Inference)



Full Pipeline (Training)



Quantitative Results: Underrepresented 
Classes



• NYU Depth v2: 29.2% reduction in Relative Absolute Error.

• KITTI: 13.3% reduction in Relative Absolute Error.

• Cityscapes: 7.2% reduction in Relative Absolute Error.

• Conclusion: RAD significantly outperforms SoTA on 
underrepresented classes.

Quantitative Results: Underrepresented 
Classes
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MV-RAG: Retrieval Augmented Multiview 
Diffusion

Yosef Dayani, Omer Benishu, Sagie 

Benaim
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3D Training Mode



2D Training Mode
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Retrieval Augmentation For 3D Long Tail

Depth Estimation 3D Generation

• General Framework.

• Other 3D Tasks? 3D Tracking, 3D Reconstruction, World Models … 

Questions?


