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Humans use simple 2D maps

where am 1?




inputs Humans use 2D maps

I gravity

Existing algorithms:
3D point clouds
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Humans use 2D maps Existing algorithms:
3D point clouds
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Humans use 2D maps Existing algorithms:
3D point clouds
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/ero-shot generalization
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Positioning

Recover the 6-DoF pose of the device
3D translation + rotation
» global reference frame

Meta Aria, Microsoft HoloLens, Magic Leap 2 &



GPS+compass
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6-DoF Localization
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6-DoF Localization
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6-DoF Localization

Structure-from-Motion
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Limitations of 3D maps

Build Mapping fleet
@J’ & update Frequent updates

Google StreetView

Mapillary
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Limitations of 3D maps

Build

@J’ & update

Storage Very large



Limitations of 3D maps
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Limitations of 3D maps

Build Mapping fleet

@J’ & update Frequent updates Compression

& Quantization

g Storage Very large
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content-concealing
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Privacy-preserving descriptors
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Semantic 2D maps
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Build

@7 & update

o
Storage
—

@ Privacy

3D maps

Mapping fleet
Frequent updates

Very large

Risk of inversion

2D maps

Public
No appearance updates

Compact
Transfer on-device

No private info
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Simplifying assumptions
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Problem setup
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The
OrienterNet
architecture

1. Bird's-Eye 2. Map encoding
View inference

OpenStreetMap
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3-DoF pose

1. Bird's-Eye 2. Map encoding
View inference - (X, v, 6)
>
é 0 argmax
op) X
(-
S
@)

The CNN

OrienterNet > ohme
architecture

pool + CNN
neural BEV

pose likelihood

LW

rotate + correlate

3. BEV-map
matching

confidence

20



(x, v, 0)

1. Bird's-Eye 2. Map encoding 3-DoF pose

View inference <
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1. Bird's
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1. Bird's
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1. Bird's Eye View inference

pixel scales o
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1. Bird's Eye View inference
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Training a single strong model )0
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input image raster map ikelihood
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likelihood

7
A=0.7m/0.1°
« N A=1.9m/0.4°
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A=0.9m/1.7° lateral=0.3m long.=0.9m

building ®area and ®outline, ®road, ®footway, ®cycleway, = grass, ®park, ®playground, parking, ®fence
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T 9’ ARdata - Aria glasses

building ®area and ®outline, ®road, ®footway, ®cycleway, = grass, ®park, ®playground, = parking, ®fence
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Sequence localization

Fuse successive predictions assuming known relative poses

P(&;1{1;}, map) = Hp(fz' D éijllj,map)
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Sequence localization

Fuse successive predictions assuming known relative poses

P(&;1{1;}, map) = Hp(fz' @éij‘ljvmap)
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Sequence localization
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input image single-frame likelihood sequence likelihood
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