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Motivation

* Robot paths for repetitive tasks are
typically manually programmed

* We need an approach for generating
paths with the following attributes

— Handle complex obstacles without failure
— High-quality paths
— Fast planning time

https://giphy.com/gifs/internet-of-things-X7iepbZ2WCCHe
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* Deterministic graph-search methods do not scale well in high-
dimensions
— A* graph search with worst case time-complexity 0(b%)
— Require specialized heuristics to accelerate search
— Faill to produce paths in reasonable time

« Sampling-based methods scale well in high-dimensions, but face
challenges like
— Narrow-passages (can occur due to complex obstacles)
— Path quality is not very good
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Approach Overview

Heavy configuration
. space sampling + Light
— e workspace sampling
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workspace

oath space sampling + Heavy

workspace path
sampling

-- to quickly traverse
0 large spaces

After a solution is found, we revert back to heavy focusing along
workspace path.

We can do this as we have at least a solution. And now, we can
Invest rest of the time attempting to improve solution quality.
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Using Learning to Guide Search

Search state

S
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Dynamic Strategy Sequence
A(S)

Initially, try using workspace hints

After collision queries exceeds a
certain threshold

After a solution is found, revert to
using workspace hints till timeout
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Ars = {prs, = 0,prg, = 1}

ANs = {PNSA = 0.5, pns, = 0-5}
Aras = {Pras, = 0.5,pras, = 0.5}

)\FS = {pp_gA = U.-’-l,pFSH = [].6}

Ars = {prs, = 0,prs, = 1}
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 Test suite contains

— problems that vary in
difficulty

— problems motivated by
real life applications in
cluttered environments

— problems with both
Informative and un-
Informative workspace
cues

All the tested methods are
given deadline of 7.5
seconds to solve the
problem

Missing deadline => Failure
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https://www.youtube.com/watch?v=jim2Y4lleP8



https://www.youtube.com/watch?v=jjm2Y4lleP8

Results on 30-problem test suite
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Our method CODESS is able to solve tough problems quickly with better path quality
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