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In this video

What are current approaches?

How does OrienterNet work?

How well does it work?
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Positioning
Recover the 6-DoF pose of the device 
• 3D translation + rotation
• global reference frame

8

pose

Meta Aria, Microsoft HoloLens, Magic Leap 2
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• Low accuracy

• Only 3 DoF

• Commonly unreliable: 
urban canyon, 
metal structures

Google Maps

GPS+compass 
is not enough
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Semantic 2D maps
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Build
& update

Storage

Privacy Risk of inversion

Mapping fleet
Frequent updates

Very large

3D maps 2D maps

Public
No appearance updates

Compact
Transfer on-device

No private info



Simplifying assumptions
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3-DoF pose 
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• Known gravity direction

• Unnecessary vertical position



GPS

Problem setup
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1. Bird’s Eye View inference
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1. Bird’s Eye View inference
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1. Bird’s Eye View inference
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2. Map encoding
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Training a single strong model

● Publicly-available data from Mapillary

● 760k images from 12 cities across Europe & US

● Hand-held, car, bike
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Driving data – KITTI
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AR data – Aria glasses
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Failure cases
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sequence likelihoodinput image single-frame likelihood

Sequence localization

ground truth position 32



Sequence localization – Aria Seattle

final trajectoriesinput image single-frame likelihood
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Sequence localization – Aria Detroit

final trajectoriesinput image single-frame likelihood
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Quantitative results
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