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Spatial Planning

e |nput

= spatial obstacle map

= goal location

= starting location

(@) Navigation (b) Manipulation

e QOutput

= Shortest path to the goal.
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Map images from the Gibson dataset (Xia et al. CVPR 2018)






Why Transformers?
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Why Transformers?
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Goal Obstacles

[terations

Why Transformers?

=2
E E E local value propagation using CNNs

 VIN [1]: CNNs with tied weights
Local Value Propagation

e GPPN [2]: Convolutional LSTMs

| ong distance value propagation

* \alue can be propagated
between two distant points
with no obstacle between them

e TJransformers are well suited,
Long distance Value Propagation can attend to arbitrary cells

[1] Value Iteration Networks (VIN) [Tamar et al. NeurlPS 2016]
[2] Gated Path-Planning Networks (GPPN) [Lee et al. ICML 2018]
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Spatial Planning Transformer (SPT)
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Spatial Planning Transformer (SPT)
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Spatial Planning Transformer (SPT)
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Spatial Planning Transformer (SPT)
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Training SPT with synthetic data
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Training SPT with synthetic data
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Training SPT with synthetic data
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Planning with unknown maps
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Planning with unknown maps
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Planning with unknown maps
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EXperiments

e Baselines:
e Value lteration Networks (VIN) [Tamar et al. NeurlPS 2016]
e Gated Path-Planning Networks (GPPN) [Lee et al. ICML 2018}
e Metric: Planning accuracy
e Datasets
e |n-distribution (0-5 obstacles)
e Qut-of-distribution
e More obstacles (15-20 obstacles)
e Real-world maps (Gibson dataset) [Xia et al. CVPR 2018])
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In-distribution

Results
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Results

Out-of-distribution
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Results

Unknown maps
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