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Overview

• Our core idea is a “learning-to-optimize” paradigm that iteratively indexes a plane-
sweeping cost volume and regresses the depth map via a convolutional GRU.  
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Motivation
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Existing CNN-based MVS Pipeline
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Existing CNN-based MVS Pipeline
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Our Approach

• Constructing a good cost volume:
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• Constructing a good cost volume:
1) To break the symmetry of the Siamese network by introducing a transformer 
block to the reference image (but not to the source images) 
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Our Approach

• A new paradigm to predict the depth via learning the proposed 
index filed to recurrently index an asymmetric plane-sweeping 
cost volume via GRUs
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Background - Ours vs RAFT (ECCV'20)
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• We borrowed ideas from RAFT for learning to optimize via GRU:
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constraints à Ours use plane-sweeping cost volume for MVS (Fig. a,b&c)
• We propose index field that serves as a new design to bridge cost volume 

optimization and depth map estimation (Fig. e)



Background - Ours vs IterMVS (CVPR’22)
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• IterMVS iteratively predicts a depth and reconstructs a new plane-
sweeping cost volume using the updated depth planes (Fig. d)

• Ours learns to index the cost volume by approaching the “correct” 
depth planes per pixel via an index field (Fig. e)



Our RIAV-MVS

• Our proposed RIAV-Net iteratively refines index fields and retrieve 
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domain.
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Architecture: Residual Pose Net
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Experimental Results
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Experimental Results
• Qualitative results on ScanNet (top two rows) and DTU test set 

ScanNet
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Experimental Results
• More depth results and 3D point clouds on ScanNet
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Thank You!
Code coming soon 

https://github.com/oppo-us-research/riav-mvs


