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Overview

Robust to 
appearances changes 

Preserve distinctive 
geometry & semantics

the right abstraction
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Learn optimal neural maps from millions of posed street-view images

Ground-level encoder = multi-view fusion + strong monocular priors

Architecture

Space of neural maps
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Self-supervised training

Results after training on 2k scenes

t-SNE of neural maps

Tiny 
CNN
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Supervised fine-tuning

Effective pre-training for semantic mapping

Large scale: 11 cities, 5 continents

Visual positioning with challenging views

MLP
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Semantic maps3D SfM point clouds Neural maps

What makes a good map for humans and machines to navigate the world?

Map with 36 ground images – 64m x 16m

ground truth negative
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How to mine hard negative poses? with RANSAC!
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Single-image localization
Sequence-to-sequence alignment

SfM+SIFT    SfM+SuperGlue    Semantic maps (OrienterNet)    SNAP

Single-image localization recall [%]

position error [m] orientation error [deg]
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