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Spatial Scene Understanding
Navigable Space Detection
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Spatial Scene Understanding
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Semantic Scene Understanding
Object Detection




Spatial Scene Understanding
Navigable Space Detection
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Semantic Scene Understanding
Object Detection

Semantic Exploration Priors
Where is a toilet more

likely to be found?




Spatial Scene Understanding
Navigable Space Detection

Semantic Exploration Priors

Where is a toilet more
likely to be found?
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Classical Navigation
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[A Frontier-based Approach for Autonomous Exploration. Yamauchi, CIRA 1997]



na-to-end Learning
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Modular Learning
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Modular Learning
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[Object Goal Navigation Using Goal-Oriented Semantic Exploration. Chaplot et al., NeurlPS 2020]
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Empirical Evaluation
3 Approaches
6 Unseen Homes




Results
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SPL: 0.74, 78 steps

Goal: couch

SPL: 0.0, 121 steps

SPL: 0.33, 181 steps
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Modular Learning is Reliable

Success Rate SPL
B Sim " Real World
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Classical vs Modular Learning

Success Rate SPL
B Sim " Real World
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Classical vs Modular Learning

SPL: 0.90, 98 steps Goal: bed SPL: 0.52, 152 steps
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End-to-end fails to Transfer

Success Rate SPL
B Sim " Real World
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Modular vs End-to-end Transfer

Success Rate SPL
B Sim " Real World
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Predicted Segmentation Model Segmentation Model
Semantic Map Trained in Real World Trained in Simulation
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Modular Learning Sim vs Real

Success Rate SPL
B Sim " Real World
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Modular Learning Sim vs Real

Success Rate
B Sim _ Real World

Visual Physical
Reconstruction Errors Reconstruction Errors
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Real-world Depth Sensor Errors

Door approach at an angle
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Real-world Depth Sensor Errors

Mirror reflection

- .
L g )
L.

e

Reflected depth

-

Hallucinated
bed mapped

“\\

Collisions
IN Mirror

~

S




Takeaways
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For practitioners:
 Modular learning can reliably navigate to objects with 90%

SUCCESS
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For researchers:

* Models relying on RGB images are hard to transfer from sim
toreal = leverage modularity and abstraction in policies

e Disconnect between sim and real error modes = evaluate

semantic navigation on real robots
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Webpage: https://theophilegervet.github.io/projects/real-world-object-navigation
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