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Humans use simple 2D maps
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IN this video

What are current approaches?
How does OrienterNet work?

How well does it work?



Positioning
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Limitations of 3D maps
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Semantic 2D maps

. e



Semantic 2D maps

@ | Planimetric




Rich semantics

25



Rich semantics building boundary

v’“ﬁ“['E :
el IS 'u *Ja - tiCket
B, machine
e ) pharmacy
trash can - - bench
s ilf
H US(@r,S ’ess'; [ Us
bike parking p \ post box
restrooms  tree pedestrian path

26



Rich semantics building boundary

ticket
machine

Ochsner

/]
y
by
/
0 JF_
Sport
SO 1
Bahnhatcry
= ]
Import [+] t
~a Parfumerie

Bahnhbfstrasse

pharmacy

trash can & bench

B htx) 2 Hil
& Feldpausc!
& Kuoni Haus
L )
ili PKZ Womer
U,
P ’asss IE 1-5 2 / -
bike parkin \ ¥ .o
p g 1 pITIND )
W8 ' post box
Bayajd =
r:‘r,!l r: .éb 82a Bank Frey
(v
& & Co
<

restrooms  tree pedestrian path

27



Rich semantics building boundary

ticket
machine

pharmacy

Bahnhbfstrasse

= bench

Hil
Feldpausc!
Haus

trash can

Pestalozzis
Denkmal
' By post box
ParisecbRinnen =
82a Bank Frey
& Co

restrooms  tree pedestrian path

bike parking

28



Build

@ & update

C__J
o
o | Storage
o

@ 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

17



Simplitying assumptions

« Known gravity direction
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Simplitying assumptions
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2. Map encoding
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Training a single strong model

o Publicly-available data from Mapillary
o /60k images from 12 cities across Europe & US
o Hand-held, car, bike
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likelihood
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AR data — Aria glasses
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Sequence localization

Fuse successive predictions assuming known relative poses
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