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ABSTRACT
This work des ribes a s alable method for parallelizing samplingbased motion planning algorithms. It subdivides on guration spa e (C-spa e) into (possibly overlapping) regions
and independently, in parallel, uses standard (sequential)
sampling-based planners to onstru t roadmaps in ea h region. Next, in parallel, regional roadmaps in adja ent regions are onne ted to form a global roadmap. By subdividing the spa e and restri ting the lo ality of onne tion
attempts, we redu e the work and inter-pro essor ommuniation asso iated with nearest neighbor al ulation, a ritial bottlene k for s alability in existing parallel motion planning methods.
We show that our method is general enough to handle
a variety of planning s hemes, in luding the widely used
Probabilisti Roadmap (PRM) and Rapidly-exploring Random Trees (RRT) algorithms. We ompare our approa h
to two other existing parallel algorithms and demonstrate
that our approa h a hieves better and more s alable performan e. Our approa h a hieves almost linear s alability on
a 2400 ore LINUX luster and on a 153,216 ore Cray XE6
petas ale ma hine.
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1. PROBLEM AND MOTIVATION

The need for solving large problems within an a eptable
time frame has been at the enter of demand for parallel
omputing. Numerous areas of omputing and various appliations now require su h solutions. One su h area is motion
or path planning. Motion planning, whi h is traditionally
a roboti s problem, now nds appli ations in other areas
of s ienti
omputing; from protein folding and drug design[21, 5, 22℄ to virtual prototyping and omputer-aided design [16, 3, 9, 4℄. These new appli ation areas test the limit
and apability of existing sequential motion planners[20℄.
Sampling-based motion planners are one su h existing sequential planner and are onsidered state-of-the-art for solving motion planning problems. Sampling-based motion planning algorithms have been highly su essful at solving previously unsolved problems [10℄, and mu h resear h has foused on developing more sophisti ated variants of them.
Sampling-based approa hes are eÆ ient and an be applied
to high dimensional problems. While not guaranteed to
nd a solution, they are probabilisti ally omplete, meaning
that the probability of nding a solution given one exists
in reases with the number of samples generated [15℄.
Despite their advantages, the eÆ ien y of sampling-based
motion planning algorithms degrades as the ratio of obsta le
spa e to free spa e in reases { ommon in high dimensional
problems. Thus, substantial resour es in time and hardware
are still required to solve omputationally intensive appli ations. For example, the authors in [24℄ reported that it took
several hours on a desktop PC to ompute a roadmap modeling the folding motion of a small protein using oarse approximations for energy al ulations. This time in reases to
several weeks if more a urate energy al ulations are used
or if a larger protein were studied.
One solution to this resour e problem may lie in parallel
omputing. For many appli ation areas, parallel pro essing
o ers the advantage of not only redu ing omputation time,
but also improving the solution quality and enabling larger
problems to be solved than were feasible before.
As parallelism be ome ubiquitous and resear h advan es
in motion planning, one untapped potential is in making effe tive use of parallel pro essing. It remains a potential area
of resear h to fully explore the e e tive use of parallelism in
in solving high-dimensional motion planning problems and
its appli ation in other areas of omputational s ien es.
In this work, we present a strategy for parallelizing samplingbased motion planning algorithms. Our strategy uses Cspa e subdivision to a hieve s alability. First, the planning
spa e is separated into (possibly overlapping) regions, at
least one per pro essor. Then, ea h pro essor independently
applies a sampling-based planner in its region and produ es
a regional roadmap. Finally, adja ent regional roadmaps are

onne ted to form a global roadmap. By subdividing the
spa e, we redu e the amount of work and inter-pro essor
ommuni ation required for nearest neighbor al ulations,
whi h has been seen to be a riti al bottlene k for s alability in previous methods.

2.

BACKGROUND AND RELATED WORK

2.1 Background

Motion planning is the problem of nding a valid path
(e.g., ollision-free) for a movable obje t from a spe i ed
start on guration to a goal on guration in an environment with obsta les[10℄. As simple as the motion planning
problem may sound, its solution has been shown to be omputationally intensive. A omplete solution to the motion
planning problem is known to be PSPACE-hard with an upper bound that is exponential in the number of degrees of
freedom of the movable obje t [10℄. In other words, for any
omplete planner to guarantee that a solution to a motion
planning problem exists or not, exponential time in the number of degree of freedom is required. However, there are eÆient heuristi s and approximate algorithms that trade ompleteness for eÆ ien y. One su h algorithm is the samplingbased motion planning approa h.
One well established sampling-based motion planning approa h is the Probabilisti Roadmap (PRM) [15℄. PRMs
rst onstru t a graph G = (V; E ), alled a roadmap, to
apture the onne tivity of C-spa e. A node in the graph
represents a valid (e.g., ollision-free) pla ement of the robot
(movable obje t), and an edge is added between two nodes
if a simple path an be de ned and validated by a lo al
planner.
In the original method, nodes are generated using uniform
random sampling and onne tions are attempted between a
node and its k-nearest neighbors as omputed using some
distan e metri (e.g., Eu lidean). On e the roadmap is onstru ted, query pro essing is done by onne ting the start
and goal on gurations to the roadmap and extra ting a
path through the roadmap between them. Many variants
of PRMs have been proposed that bias node generation or
onne tion in various ways [10℄.
Tree-based methods, su h as the Rapidly-exploring Random Tree (RRT) [18℄ and Hsu's expansive planner [14℄, are
other popular approa hes to sampling-based motion planning. RRTs attempt to grow a tree from the start onguration by expanding outward into the unexplored areas
of C-spa e. They rst generate a uniform random sample
and identify the nearest node in the tree to that sample.
They then attempt to make a step from the nearest node
toward the generated sample and add the step to the tree if
su essful. When solving a query, RRTs ontinue until the
goal on guration an be onne ted to the tree in a similar
fashion. RRT- onne t [17℄ is a variant of the original RRT
algorithm that grows two trees, one from the start on guration and one from the goal on guration, until the two
trees an be onne ted.

2.2 Related Work

For years, resear hers have proposed and studied di erent types of parallel algorithms for motion planning. For a
detailed survey of early work in general parallel motion planning, please see [12℄. Re ently, resear h e orts have fo used
on parallel sampling-based motion planning due to the su ess of sequential sampling-based motion planning in solving
high dimensional problems [13℄. We present a brief review of
most re ent related work in parallel sampling-based motion
planning.

The sequential PRM algorithm was rst parallelized in [2℄
and then spe i ally for protein folding appli ations in [24℄.
Both papers present a similar parallel approa h. Ea h proessor generates an \equal" number of nodes in the entire Cspa e in parallel and adds them to the roadmap. Then, ea h
pro essor attempts to onne t its nodes with their k-nearest
neighbors in the entire roadmap. The major drawba k of
this approa h was the all-to-all omputation and ommuniation involved in the O(n2 ) method used to nd nearest
neighbors whi h did not s ale to large systems or problem
sizes.
A basi parallelization of RRTs is given in [8℄ where the
problem is repli ated on ea h pro essor. Ea h pro essor
then onstru ts its own RRT and on urrently explores the
entire C-spa e along with all the other pro essors. The rst
pro essor to nd a solution sends a termination message to
other pro essors. More re ent resear h on parallelization
of RRTs is presented in [11, 6℄. While the work in [11℄
extends the initial idea of RRT parallelization, the work in
[6℄ explores GPU implementation of parallel RRT and RRT
algorithms with a primary fo us on parallelizing the ollision
dete tion phase.
Parallel Sampling-based Roadmap of Trees (pSRT) [1, 19,
20℄ ombines the multiple query sampling hara teristi s of
PRMs with the eÆ ient lo al planning apabilities of single query of RRTs. Unlike previous approa hes, the nodes
of a pSRT roadmap are trees instead of individual on gurations. The olle tions of these trees form the roadmap.
Conne tions between trees are attempted between losest
pairs of on gurations between the two trees. The authors
adopted the s heduler (master) { pro essor (slave) ar hite ture. Ea h slave pro essor omputes a prede ned number
of trees in the entire C-spa e. The master is responsible
for arbitration of tree ownership, nearest neighbor omputations, and determination of whi h pairs of trees to attempt
for onne tion. Edge validation is distributed to the slave
pro esses.
In most existing work surveyed, we identify inter-pro essor
ommuni ation, redundant omputation, and load imbalan e (in master-slave ar hite ture) as the key bottlene ks to
s alable performan e.
To address some of these drawba ks, we propose a C-spa e
subdivision approa h.

3. STRATEGY FOR PARALLELIZING SAMPLING
BASED MOTION PLANNING
3.1 Overview of Approach

An overview of our approa h is given in Algorithm 1. Initially, the environment des ribing the obsta les and robot
is subdivided into regions. A simple illustration of a 2D
environment subdivided into four regions is shown in Figure 1(a). The subdivision is represented by a region graph,
whose verti es represent regions and whose edges en ode the
adja en y information between regions. Figure 1(b) shows
the region graph orresponding to the subdivision shown in
Figure 1(a). The ir les and straight lines onne ting adjaent ir les represent verti es and edges of the region graph,
respe tively.
In Step 2, roadmaps are onstru ted independently, in
parallel, in ea h region. Hen e, this approa h does not depend on the underlying sampling-based motion planning algorithm or strategy and an handle a variety of planning
s hemes.
In Step 3, we onne t nearby regional roadmaps to form a
roadmap representing the entire C-spa e. The region graph

Parallel Sampling-based Motion Planning
An environment E , A set of motion planners S ,
number of regions NR
Output: A roadmap graph G
1: De ompose E into N regions
2: Make a region graph R = (VR ; ER ) with VR and ER
representing ea h region and adja en y information between regions, respe tively
3: Independently and in parallel, onstru t roadmaps in
ea h region using any desired planner s  S
4: Conne t regional roadmaps in adja ent regions to form
a roadmap G for the entire problem

Algorithm 1
Input:

roadmap in its assigned region(s). In this initial work, we
maintain some user-de ned overlap between regions to allow sampling in the portions of the spa e that are at the
boundaries that may fa ilitate onne tion between regional
roadmaps.
We made use of two di erent graphs as underlying data
stru tures: the roadmap graph and the region graph.
The roadmap graph stores the nodes and edges representing the on gurations sampled and the onne tions between
the samples, respe tively.
The region graph, shown in Figure 1(b)represents the regions and the adja en ies between regions with its verti es
and edges, respe tively. This information is used to limit
ommuni ation to adja ent regions. In addition, the region
graph also maintains additional information that keeps tra k
of the onne ted omponents in ea h region whi h is used
when onne ting adja ent regions.

3.4 Constructing Regional Roadmaps

(a) A 2D environment subdivided into 4 regions

with user-de ned overlap between regions

(b) Region Graph
Figure 1:

Spa e subdivision

is the enabling infrastru ture fa ilitating the pro ess of onne ting the region roadmaps. The region graph infrastru ture aids identi ation of adja ent regions between whi h
onne tions are attempted. In this way, ommuni ation is
only limited to adja ent regions.

3.2 Novelty and Uniqueness of Approach

The uniqueness of our approa h an be summarized as
follow:
 The rst reported work in parallel sampling-based mo-

tion planning based on C-spa e subdivision.

 Experiments that show we a hieve better and more

s alable performan e on thousands of pro essors than
previous parallel sampling-based planners.

 An approa h that is ompatible with any sampling-

based algorithm, in luding the Probabilisti Roadmap
(PRM) and Rapidly-exploring Random Trees (RRT)
algorithms.

In the following, we des ribe our method in more detail.

3.3 Space Subdivision and Region Graph Construction

We subdivide a given environment by breaking up the
planning spa e into a set of regions. While the approa h is
general, in this work, we onsider the x, y , and z dimensions
of the original workspa e only. Ea h pro essor is then assigned at least one region and the task of building a regional

Step 2 of Algorithm 1 involves onstru tion of regional
roadmaps. At this step, any of the existing sampling-based
motion planning algorithms, su h as PRM (and its variants)
or RRT (and its variants) an be used. This step is independent of the sampling strategy employed. At this step, ea h
pro essor independently generates and onne ts samples in
its assigned region with no or minimal ommuni ation with
other regions. The roadmaps built at this step are added to
the roadmap graph.
To fa ilitate and streamline the onne tion at the next
step, we keep tra k of the size and a vertex representative
for ea h onne ted omponent in the regional roadmap.
Region Roadmap Conne tion
A region graph R, onne tion method, k number
of andidates, lo al planner lp
Output: A roadmap graph G.
for all edges E  R par do
if ( onne tion method == losest) then
sour eCC = sele t k enter of mass based losest CC
to target region from E:sour e
targetCC = sele t k enter of mass based losest CC
to sour e region from E:target

Algorithm 2

Input:

end if
if

( onne tion method == largest) then
sour eCC = sele t k largest CCs from E:sour e
targetCC = sele t k largest CCs from E:target

end if

pairs(sour eCC; targetCC ) do
lp.IsConne table(sour eCC; targetCC ) then
Add the edge(sour eCC; targetCC ) to G.

for all
if

end if
end for
end for
Return

G.

3.5 Connecting Regional Roadmaps

The nal step in onstru ting the full roadmap is to onne t the regional roadmaps. Prior to this step, we tra k the
sizes and number of onne ted omponents in ea h region.
The regional graph stores this information whi h is input
to the region onne tion algorithm shown in Algorithm 2.
Other inputs to the algorithm in lude: k, the number of
onne tions to be attempted between adja ent regions, the
type of onne tion method, and a lo al planner used to verify onne tions.

For every edge identifying neighboring regions in the region graph, we attempt a onne tion between andidate
node(s) of onne ted omponents in the sour e region to
andidate node(s) of onne ted omponents in the target
region.
Even though our implementation is independent of whi h
region onne tion method is used, in this work, we attempt
to onne t regions based on the size of onne ted omponents in ea h region and the distan e between onne ted
omponents a ross regions. For the size-based onne tion,
we attempt onne tions between a user-de ned k largest
onne ted omponents from the sour e region and k largest
onne ted omponents from the target region. For the distan ebased onne tion, we attempt to onne t the k- losest onne ted omponents between the regions based on the distan e between them. This distan e is omputed between
the enters of mass (a measure of average of all on gurations in the onne ted omponent) of the two onne ted
omponents.
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Figure 2: STAPL software ar hite ture.

3.6 Implementation using STAPL

Our ode was written in C++ using the Standard Template Library (STL) and the Standard Template Adaptive
Parallel Library (STAPL) as supporting libraries. STAPL
[7℄ is a platform independent superset of STL being developed in our lab. It provides a olle tion of building blo ks
for writing parallel programs. These building blo ks (as
shown in Figure 2) in lude a olle tion of parallel algorithms (pAlgorithms), parallel and distributed ontainers
(pContainers), a general me hanism to a ess the data of
the pContainer, similar to STL iterators alled pV iew, an
abstra tion of task graph of omputation alled P ARAGRAP H
and an Adaptive Runtime System that in ludes a ommuni ation library, s heduler and perfoman e monitor. For detailed information on the STAPL proje t, please see [7, 23℄.
In this work, we made use of the STAPL pGraph, one of
the STAPL pContainers, as the parallel data stru ture for
representing both the region graph and the roadmap graph.
Our proposed method was implemented as a STAPL pAlgorithm.

4.

RESULTS AND CONTRIBUTIONS

4.1 Experimental Setup
4.1.1 Algorithms

(b) Building

PARAGRAPH

Environments studied

We implemented four di erent algorithms. The rst two
were based on our proposed approa h but with two di erent
strategies as the underlying sequential planner. These two
implementations are referred to as pSBMP-RRT, a parallel
sampling-based motion planning method with RRT as the
underlying sequential planner, and pSBMP-PRM, a parallel sampling-based motion planning method with PRM as
the underlying sequential planner. For evaluation and omparison, we implemented two parallel algorithms mentioned
in related work se tion: the parallel PRM (pPRM) [2℄ and
parallel sampling-based roadmap of trees (pSRT)[1, 19℄.

4.1.2 Environments and Robots
We used two di erent kinds of environments. The rst
is a homogeneous luttered environment with dimensions of
512x512x512 units. The luttered elements span the x-axis.
The luttered environment has a total of 216 obsta les, ea h
of size 2x64x64 units, as shown in Figure 3(a).
The se ond environment shown in Figure 3(b) is a nonhomogeneous luttered environment. This parti ular environment models the oor plan of the H.R. Bright building
(HRBB), the building that houses the Departments of Computer S ien e and Engineering and Aerospa e Engineering
at Texas A&M University.
In both environments, we use two di erent kinds of robots:
a 4x4x4 unit ube-like rigid body robot and a three-link
arti ulated linkage robot, with ea h link having dimensions
of 7x1x1 units.
4.1.3 Machine Architectures
Our experiment was arried out on two massively parallel
omputers. The rst is a Cray XE6 petas ale ma hine at
Lawren e Berkely National Laboratory. It has 6384 nodes
and a total of 153,216 ores with 217 TB of memory and
peak performan e of 1.288 peta- ops. The se ond ma hine is
a major omputing luster at Texas A&M University. It has
a total of 300 nodes, 172 of whi h are made of two quad ore
Intel Xeon and AMD Opteron pro essors running at 2.5GHz

existing parallel algorithms for sampling-based motion planning and demonstrate that our approa h a hieves better and
more s alable performan e. We presented experimental results using both LINUX luster and Cray XE6 petas ale
ma hines. We demonstrated that our framework is exible
enough to support di erent planning s hemes.
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