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everyday

* Most navigation algorithms
struggle to do so
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e Agent observations are panoramic images

 [Jake actions to navigate to the goal location
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e Take the stop’ action at the goal location



Image Goal Task

Source Image (IS) Goal Image (IG)
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e Agent observations are panoramic images
 [Jake actions to navigate to the goal location
e Take the stop’ action at the goal location

e Sequential goals
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Topological Maps
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Topological Graph Representation



Topological Graph Representation
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Topological Graph Representation
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Four learnable functions

F ~(l;) = Geometric Prediction: Free directions

F o1, 1,) = Semantic Prediction: Closeness to target
F (1, 1,) = Localization
F

»(l, I,) = Relative Pose Prediction
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Geometric Prediction

F ~(l;) = Geometric Prediction: Free directions
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Semantic Prediction

F (1, 1,) = Semantic Prediction: Closeness to target
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Relative Pose Prediction



Relative Pose Prediction
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Neural Topological SLAM
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Single supervised learning model
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Single supervised learning model

Direction labels F
o o [ o [ o WA o o

Inter-node

Different Predictions 0 0 005005 0 091087 0 021016 0 0

node Score predictions

BN ResNetl8 . X > %
Encoder ;

Same Direction label F
node intra-node
AizelElets

Image Representations Score predictions F

 No reinforcement learning, no interaction needed
e Can be trained completely with static data
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Demo video
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Learning Semantic Priors
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Results
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RGB  RGBD  (No Noise) (No Stop)
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SPL

Sequential Goals and Ablations
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SPL

Sequential Goals and Ablations

Semantic score function
Improves efficiency when no
prior experience with
environment is available.

|
S @ NTS H NTSw\o Graph € NTS w/o Score Function  As experience in environment
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0.40 A
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time, importance of
the topological
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