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Task: Visual localization on 2D maps AutoCompass: Supervision with noisy pseudo-GT Sharper features, finer localization
Camera position and orientation g ? Standard neural-map matcher OrienterNet AutoCompass
BEV features _1 Pose probabilities, p ”!
C
O
© X
- ©
= £
S 3
B+ |
O \
G
I How should we supervise Neural map
Map raster Neural map this distribution? ;"' ....'..‘:':. :
Problem: Large-scale datasets are noisy -
as pseudo ground-truth ’ must be automated Standard 3-DoF supervision AutoCompass 2-DoF supervision
> 5m away from sidewalk max p(GT pose) max p(chunk)
« T e Not robust Robust
Treats GT up-to the size
. Speerues as exact of the chunk
f}__ 4 Needs 3-DoF Needs 2-DoF
—> After optimization (z, y,0) labels (z, y) labels AutoCompass learns to focus on keypoints, such
as building corners, rather than on broad regions
Current models AutoCompass Relative poses supervision
learn and Py 4 Why?: Relative poses are invariant to shift errors in the GT. How: AutoCompass sets a new state-of-the-art
replicate
th;)se errors : — marginalize @ cross-correlate 2-DoF labels are enough! Rel. Pose labels work best
& _ 2-DoF Rel. poses
GPS B OrienterNet supervision L] supervision
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by using tolerances & relative poses 2nd datapoint marginalize zy circularly cross-correlate Single-image evaluation 1 #images 50
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