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Abstract. The goal of this paper is to demonstrate that parallel progreng
techniques can boost Al planning systems in various aspkchows that an
appropriate parallelization of a sequential planning eysbften brings gain in
performance and/or scalability. We start by describingegainschemes for par-
allelizing the construction of a plan. We then discuss thglieations of these
techniques to two domain-independent heuristic searcbdoglsnners—a com-
petitive conformant planner () and a state-of-the-art classical planner (FF).
We present experimental results which show that performanprovements and
scalability are obtained in both cases. Finally, we dis¢hesssues that should
be taken into consideration when designing a parallel jtensystem and relate
our work to the existing literature.

1 Introduction and Motivation

Planning is the problem of finding a sequence of actions thahges the state of the
world from an initial state to a state that satisfies a giverosesquirements. Planning
is computationally hard. Even the problem of searching fpolnomially bounded
plan for propositional domains is NP-complete [3], and itdraes computationally
even harderX%-complete) when the initial state is incomplete [3]. Thesmplexity
results suggest that domain-independent planners ahg kil to build a plan within
acceptable time bounds for certain problem instances.

In spite of these limitations, over the years, we have witads continuous interest
by researchers in building domain-independent planndrs.challenge has led to the
development of more creative ways to attack this problerch s1s the development of
new data structure (e.g., the planning graph [4]), the d@reknt of several domain-
independent heuristics (e.g., [5, 15]), and the developmwfemew planning techniques
(e.g., SAT-based or model checking based planners [18 r&jwar Set planning [20]).

Conformant plannings the problem of finding a sequence of actions that changes
the state of the world fromverypossible initial state (or equivalently, a set of initial
states) to a state that satisfies a given set of requiremdkésclassical planning—
which deals with planning problems in presence cbmpleténitial state—conformant
planning can be viewed assaarchproblem. Several approaches to conformant plan-
ning have been developed. Graphplan is extended in [23]dbwid¢h incompleteness
of the initial state. Satisfiability and model-based plagtiave been applied to confor-
mant planning in [9, 8]. Conformant answer set planningssaésed in [13].



Planning adeuristic searchhas played an important role in planning research. In-
deed, heuristic search planners are among the best dont&pedndent plannér$or
classical domainge.g., FF, HSP2, AltAlt, etc. [1]). For domains withcompletein-
formation, heuristic search plannersaanformant plannerare also among the fastest
developed (e.g., [6, 7]). The main difference between @abkplanning and conformant
planning lies in the size of the search space. The formeckearfor solutions in the
state-space-which can be exponential in the number of propositions éngfoblem—
while the latter performs the search in thelief-statespace—which is double exponen-
tial in the number of propositions.

It is apparent that one of the keys to the success of domdigpendent search
based planners is the design of good heuristics and a betteranpact representation
of the search space (e.qg., [7]). It is known, however, thetiglis a trade-off between the
cost of computing a heuristic function and its performareehis context, it is inter-
esting to observe that a domain-independent conformanhptacalled @A [24], can
be competitive with many state-of-the-art conformant pkns, even though it uses a
rather simple heuristic to guide its search. Instead of egipg a sophisticated heuris-
tic, CPA usesapproximation(more on @A in the next section). The performance of
CPA demonstrates that, for various classes of planning prosj¢he performance of a
heuristic function can be compensateddhanges in the reasoning mechanisms

In this paper, we continue along the same line of thoughp@smg another mech-
anism, orthogonal to the development of new heuristicsnttaace performance of
heuristic search-based planners. More precisely, we tigets the use oparallel ma-
chinesto extract concurrency from the reasoning process employethnning. Our
approach is motivated bya) the demand for solving larger planning instancgs;
the architectural trends of providing users with affora@aflulti-core platforms{c) the
availability of affordable components to build Beowulf stars; andd) the observation
that, with few exceptions (e.qg., [26]), existing planniygtems are tailored teequen-
tial computing platforms

These issues lead to the following research quest{@h£an the computing power
of parallel platforms be used to improve planning efficieang to solve larger prob-
lems, which cannot be solved by current planneas@(2) Which parallel computing
techniques can be applied to planningf?this paper, we answer these questions.

Our study offers the following outcomegl) Parallel machines can be effectively
used in planning, to solve larger problems and speed up iplgrirme; (2) Parallel
search techniques [14] cannot be applied blin¢®y;Parallel machines can effectively
compensate the informativeness of the heuristic func{@nState-of-the-art planners
can be adapted to take full advantage of the added compmahfiower provided by
multi-core and distributed platforms.

Let us underline that an extensive literature exists dgaliith the development of
parallel solutions to search problems in various domairgs,(eonstraint solving, logic
programming, SAT, combinatorial optimization [14, 22, 28]). Although these works
provide a basic backbone to our effort, they also clearlflgdt that a generic solution

! SAT-based planners are becoming more competitieas.ing.unibs.it/ipc-5 ), due
to efficient SAT-solvers, but we believe heuristic-baseahpkrs will remain important for
many years.



to parallel search does not exist, and solutions develapethier domains need to be
properly modified to be effective in the context of planniigus, it is important to
know what will be the pros and cons of parallelization of anpliag system and what
are the issues that need to be investigated. We hope this\iigerovide directions in
answering such questions.

2 Preliminaries

2.1 Action Representation and Planning as Search

We employ the action languagéc in [2] for action representation, and we represent a
planning problem instance 8 = (D, Z, G), whereD (the planning domaipencodes
the actions with their effects and preconditions, @handG describe thénitial state
and thegoal. Z can be represented by a set of stafgs and it is said to beompletaf

|X'z| = 1. An action expressed in tHdlanning Domain Definition Language (PDDL)

(:action action_name

:parameters (list of ?xi - typei)
:precondition (condition)

:effect (and (when condl => effl) ..))

can be viewed as a set of ground laws4g as follows. For each valid vectar of the
parameters aéction _name, we have the set consisting of an executability condition

executableaction _name(x) if condition
and a set of action effect rules

action _name(x) causeseffi if condi

fori = 1,..., k. The main difference betweeAL and PDDL is thatAL£ allows for
the representation of arbitrary axioms. The usefulnessiohas in planning has been
discussed in [25].

The semantics of a planning domain can be defined biate-transition system
(S, A, ®), whereS is the set of statesd is the set of actions, anBlis a mapping from
a pair of the form(action, state}o a set of states. For an actierand a state, #(a, s)
denotes the set of possible states resulting from the dracoft actiona in the states.
Whena is not executable ir (or its preconditions are not satisfieddh @(a, s) = 0.
An action isdeterministiaf |?(a, s)| < 1.

For a set of state§, also called aelief state(or b-state for short), and an action
a, we say thaw is executable inS if a is executable in every € S, and we write
D(a,S) = U,eg P(a, s); otherwiseP(a, S) = () (a is not executable ity). ¢ is also

~

extended tap, which maps action sequences and b-states to b-s@(tasS) is de-
fined asd([], 5) = S; and®([ao, . . ., an), S) = ([a1,. .., an], B(ao, S)). An action
sequencer is asolutionto P (aplan) if é';(a, Y1) # () and for everys € 5(04, Y1), 8
satisfieqs.

Here, we experiment with planning problems where: (a) astiare deterministic;
(b) the domains might or might not contain axioms; and (c)itigal state might be
incomplete.

Figure 1 shows a generic algorithm for planning as searclkyehy is the initial
belief state and; is the goal (we assume that does not satisfy).



Algorithm 1: FwbPLAN(D,Z, G)

1. S=2X7; Queue={(S,[])}; Visited={S}

2. while Queue is not empty

3. select (S,p) with the best
heuristic value from Queue

for each action a executable in S
S =&(a,S)
if S' satisfies G then return [p;a]
elseif S’ ¢ Visited
compute heuristic for S’
insert (S, [p;a]) into  Queue

0. insert S’ into  Visited

BO®~NO O

Fig. 1. A heuristic forward search algorithm
2.2 Two Sequential Planning Systems

We use two sequential planning systems in our experimehestwo systems have been
chosen because of their efficiency, the fact that they atedearch-based planners, and
the availability of their source code.

The first systemFF,? is a planner for classical domains, where the initial state
is complete. FF is one of the state-of-the-art classicalg[16], and has received
several awards for its outstanding performance in inté@nat planning competitions.
The input of FF is PDDL. This version of FF does not considéois. In FF, the next
state is computed by the equatidfa,s) = s U e} (s) \ e, (s) whereel (s) (resp.

e, (s)) is the set of positive effects (resp. the set of negativects)) ofa in the state
s. For this reason, the computation®fa, s) is very fast as it can be done by two set
operations. FF also modifies the general algorithm of Figy adding an initial phase
of local search (based on hill-climbing), and entering tlestHirst search only upon
failure of the local search phase. The outstanding perfocamaf FFcan be attributed
to the accuracy of its heuristic

The second system used in our study is a modification of the systent [24],
developed for conformant planning problems (iJ&Zz| > 1). CPA usesAL as its
input language and the number of fulfilled subgoals as h@umseasure (which is
known for being not very accurate) P& cannot match the performance of FF in most
of the classical domains. Nevertheles®Ads competitive with most of the state-of-
the-art conformant planners (at the time it was develogéd) main difference between
CPA and other conformant planners is that it considers axioimesdy, and it use®*,

a deterministic approximation @, to deal with non-determinism (caused by axioms)
and incompleteness. Informally, given an actioand a set of literal§ approximating

the state of the world, the next state of the wabld e, ¢) is approximated by a fixpoint

of the process that comput@psthe set of fluents that cannot possibly be changed or hold
d;; and(ii) the set of direct effects af in ¢; wheredy = 4. This process might require
n? steps, where is the number of propositions in the domain. Detailed defini of
®*(a, d) can be found in [24]. As we will see later, this will be an imfaott source of
parallelism.

2 Seemembers.deri.at/ ~ joergh/ff.html
3 Seewww.cs.nmsu.edu/  ~tphan/software.htm



3 The Parallel System — General Schemes

In the rest of the discussion we will use the generic teamputing agentgor, simply,
agent3 to indicate the concurrent planning engines, concreteflémented as threads
or processes. The generic structure of a forward searchiilgp as illustrated in Fig. 1,
suggests two natural approaches for the transparent edpoi of parallelism.

3.1 Vertical Parallelism

The algorithm in Fig. 1 explores a search space, describ¢lebyossible b-states and
the function® (or @*). Vertical Parallelismarises from the exploitation of parallelism
from the non-determinism of the search process—i.e., atigwhe concurrent explo-

ration of differentS, p) extracted from the queutife 3). This is intuitively described

in Fig. 2 (left). Effectively, the different agents are eaphg alternative ways to reach
a goal b-state, by concurrently building distinct planse Huavantage of this approach
is the possibility of pursuing alternative plans, whichstrularly advantageous when
the heuristic function is ineffective in discriminatingtheen b-states to explore. On
the other hand, if the different agents use a common repia@gmmof the search space
(e.g., a single queue), then we run the risk(bf exploring speculative parts of the
search space (e.g., b-states with a low heuristic valud)(2ymodifying the order of

exploration of the search space (which might negativelyaotphe heuristic search).
P\ £

| Selected Node

Agent 1
Line 3 . J— N

For - Loop
Line 4

Agent 2
Line 3 Agent 1 Agent 2

Fig. 2. Vertical and Horizontal Parallelism

3.2 Horizontal Parallelism

Horizontal Parallelismarises from the use of different agents in construatingpartic-
ular plan—thus, the agents are cooperating in the developoi@singleplan. This is
effectively achieved by distributing the iterations of foe-loop ofLine 4 between the
agents, as intuitively illustrated in Fig. 2 (right). Thevadtage of this approach is the
fact that the structure of the search space is unchangedarsequential execution—
thus, parallelism does not interfere with the heuristiascfion. The drawbacks arise
from the potentially small granularity of the tasks (e.ghen the states i#(a, S) are
“easy” to compute) and the possible contention in the usecohamon queue.



4 Systems Description

4.1 mCpAa Parallel CPA

The parallel versions of BA have been developed using a common parallel structure.
The model adopted relies on a multi-core platform, relyingsbared memory for all
communication tasks. The agents in charge of performingctimeputation are rep-
resented by concurrent threads; all forms of communicatietveen the computing
agents are realized through access and modifications ofttatdures allocated in the
shared memory. Synchronization is required to coordinatess to shared memory (via
mutex locks).

We explore alternative implementations, aimed at expigitipecific computational
features of the planning domainseNT is a purely vertical implementation, aimed at
domains where the heuristics function is not satisfacteryg.( many b-states are gen-
erated with the same best heuristic value). The horizontalets (HORz1-HORZ4)
are aimed at domains where the computation of the succetsges $s expensive. In
particular, HOrRZz1 considers the case of large number of actions or actionadnaem-
parable “complexity”, while bRz2 and HOrz3 address domains where the number
of actions might be large but the cost of applying the actanmddetermining successor
states might widely vary. The ®Rz4 prototype considers domains where actions are
very simple (not expensive) and overheads should be avoittes final two models
(HyBR1 and HBR2) address domains where both vertical and horizontal tiondi
are present (possibly only in moderate terms).

Vertical Parallelism In this implementation, called ERT, we maintain a unique cen-
tral queue, representing the frontier of the search spaitk,the b-states ranked ac-
cording to the heuristics function (as in Fig. 1). The cdrmjigeue is a priority queue
and is allocated in shared memory. We also use a shared testiere visited b-states.
Modifications of the central queue and the visited b-stateketare critical sections and
mutex locks are acquired by the agents for each update.

During the search, each agehextracts a b-stat& with the highest heuristic value
from the central queue and determines actions that are et#deun S. For each exe-
cutable action computes the successor b-stétand its heuristic value. 1§’ satisfies
the goal then a solution is returned. Otherwise'ifs not present in the visited b-states
table, P will add S’ to the queue and to the visited b-states table. When an dgent
satisfies the goal, it sets a flag to notify the others of teatiom. To detect the situation
in which there is no solution, each agénts associated to a flag that indicates whether
P is idle—P is idle if it runs out of work and the central queue is empty.af'tall
agents are idle they stop and report that no solution hasfoeed.

Horizontal Parallelism For horizontal parallelism, we have realized four diffdren

implementations—exploring alternative strategies teriatt with the central quede.
The HorZz1 implementation relies on the use of a central queue to sfea nodes,

and a set structure to store visited b-states, both locatsddred memory. In 8lRz1,

4 This type of variations have led to significant differenaesther parallel systems [14].



we statically divide the set of all actions into equal size segments, as@jmseach
segment to a distinct computing agent. During the searclaylitrary agent, say,
extracts a b-stat® with the highest heuristic value from the queue, and all &gen
including P, itself, compute the successor b-states§oEach agenf computes the
successor b-states §ffor each applicable action belonging to the segment of astio
assigned taP. These b-states are stored locally and only in the end wamesf to the
central queue (with corresponding update of the visitethtes table)—this guarantees,
in most of the cases, that the b-states in the central queue #ie same order as in a
sequential execution offa.°

The HoRrRz2 implementation is similar to HRz1, however, instead of assigning to
an agent a fixed number of actions to compute the successatds;svalynamicallyal-
locate actions to agents at run time. Giveagents andr actions that need to be tested
in computing the successor b-states, if agens available, therP will receive a seg-
ment containing— unexplored actiorfs at the same time, the value of unexplored
actions is updated to.— . This process is repeated until the successor b-states for
all actions have been computed. The net effect is to starsbigaing coarse tasks to
the agents, and refining them to smaller tasks as the congutaintinues, ultimately
creating a better load balancing between the computingtaggince different actions
may require a different amount of time). All the computedcassor b-states are stored
in a local queue, associated to each agent. AsdrREL, when all the actions have been
applied, the content of the local queues is transferreddaé¢mtral queue.

HoRz3 is similar to HOrRz2, with the exception that each agent receives only one
action at the time—creating fine grained tasks and fadiligeibad balancing.

Finally, the HOrRZ4 is identical to FORZz3, except that the b-states computed by the
agents are immediately inserted in the central queue. Talegt avoid the sequential
phase required to transfer b-states from the local queuttgetoentral one. The new
b-states may appear in the central queue in an order diffén@n the one of sequen-
tial execution (if multiple b-states with the same highestitistics value are present).
Thus, the parallel planner is likely to explore the searckcegn a different order than
sequential execution.

Hybrid Parallelism HyYBR1 is a combination of horizontal and vertical parallelism.
The agents are divided into groups of equal sizén(our experiments). An arbitrary
agentP of each group extracts the b-state from the top of the cegtiralie, and shares
the work of computing successor b-states with all agentsagtoup, including itself,

as donein kbRrRz1. Checking visited b-states is done as in the previous impigations.
The central queue and the visited b-states table are adiddashared memory.

In HYBR2, agents are divided into two groups—each with a privateiguend visited
states table. Unlike ¥MBR1, where all groups play the same role, i#R2, the first
group uses the strategy ofeRT: at any time during the search each agent in the group
extracts the b-state from the top of the group’s queue, coesghe successor b-states
for executable actions and inserts them into the group’suEhe second group works

in the same way as &Rz1, where actions are divided into segments of equal size and

5 There are rare exceptions to this, as discussed later.
6 This formula has been experimentally chosen.



each segment is associated with an agent in the group to ¢erapocessor b-states.
The intuition is to provide a balance between trusting aneedmg up the original

heuristics (pursued by the second team), and allowing 8teefgloration of alternative

branches.

4.2 mFE a Parallel FF

The parallelization of FF follows the model of vertical péatism. The choice of not

exploring horizontal parallelism is dictated by the higfiegency of FF in computing

@, which would make horizontal parallelism too fine-grain€tle implementation of

vertical parallelism has been adapted to FF with the folhganain modifications:

o One agentrhastej maintains the central queue, and performs best-first kdatc
lowing the sequential FF scheme.

o The other agentss(ave$ are allowed to extract b-states from the central queue and
perform search starting from the given b-state. Given aates, the slave agent
proceeds by first attempting a hill-climbing local searartitg from.S, and entering
the best-first search only upon failure of hill-climbingth effectively restarting the
FF computation fronf' as initial state). The best-first search conducted by thesla
is limited by a maximum number of steps, and the frontier ef final search tree
developed by the slave agent replaeaa the central queue (if a solution is found, it
will be reported and the computation will terminate).

Asserting a limit on the best-first search conducted by e&mlre sagent is useful to

guarantee that the slave agent does not enter a “low qualést’ of the search tree,

without requiring excessive interaction with the otherrggeand the central queue. The

number of steps allowed is initially set to an experimegtdéitermined constant (500

in the proposed experiments) and it is adaptive—it is ineneted as the search goes

deeper into the global search tree.

5 Experimental Evaluation

5.1 Benchmarks

To evaluate the performance of our systems, we use two tiéaessilihe first includes
classical planning domains, while the second includesaramdnt planning domains.
The benchmarks are briefly described in Table 1. In the déscnswe loosely use the
termspeedupo denote the ratio between the sequential and the paraieliéon time,

a measure of how much parallel search contributes to impitergoerformance of a
given sequential systemNote that we do not present all the results (e.g., performanc
of each form of parallelism for each benchmark) due to lackpafce.

5.2 Classical Domains

We experimented with botmCpAand mFFon classical planning domains. In both
cases, we selected domains and instances which have beed gtllenging for the

" This is different from the theoretical notion of speedupt tiequires the absolute best sequen-
tial time usingany sequential system.



Benchmark | Instances | Source | Brief Description |

Classical Domains

Gripper n = 100 AIPS 1998| robot transports: balls between 2 locations
Miconic p=20,f=20 AIPS 2000 lift transportsp passengers betwegtfloors
Pathways p=1,...,30 IPC-5 | find sequence of biochemical reactions

producingp substances
PipesWorld p=10 IPC-5 | Control flow of oil in ap-node network
Stacks p =30 IPC-5 | Problem in production scheduling
Storage p=17 IPC-5 | moving crates from containers todepots

Conformant Domains

Bomb b=200,t =20 [6] disarm bombs by dunking in the toilet
Cleaner n =10,p = 50 [24] robot clean® objects inn rooms
Ring n =30 [9] robot locks windows im rooms
Cube n=9 [9] robot moves in a x n x n grid
Safe n = 50 [6] open a safe with possible combinations)
Logistic =3,c=3,p=3 [6] transportp packages withir locations

in ¢ cities
Coin n =10 IPC-5 | robot collects: coins scattered in a building
Comm s=14/12,p=11/9 IPC-5 | certify or repair packets

Table 1.Benchmarks

sequential counterparts. Times are reported in secondhamkperiments rely on a 2-
hour time limit (TO denotes time-out). Each problem was solved four times aechge
execution times are reported.

mCpA: mCpAhas been implemented on a Sun multicore shared memory neaelith

8 cores, 4GB of memory, and running Solaris 9. Table 2 reploetexperimental results
using different numbers of agents (frdnto 8). The leftmost column of the table shows
the problem and the version afiCpAused. In each of the other cells, we report the
execution time for the corresponding parallel version, iwecdcorresponding number of
agents, followed by the ratio of performance improvementvgequential €A.

VERT obtained good performance on the Miconic domain—a speedu2.64
using8 agents inMic(20, 20). The reason for the super-linear speedup is due to the
fact that multiple agents are exploring different branobfethe search tree, andeRkT
determines a shorter plan thamAC E.g., for Mic(20, 20), the length of the plan that
VERT with 8 agents returned i86, comparing tol66 of the sequential version. The
speedups of BRz1 and HORz3 on this problem are also fairly good—more th&n
using8 agents. They are lower due to the relatively fast computatfosuccessor b-
states. We observe drops in speedups in the other systents daetention on locks
and lack of sufficient agents to follow the most promisingigla

In the Gripper domain, the length of the plan returned IBRrVis not always shorter
than that found by €A. E.qg., with8 agents, the length of the plan returned bgrRf is
377 while that of GPA is 319. That explains why the speedup of the vertical parallel im-
plementation \ERTis not as good. In general, the speedups obtained by all tk®wns,
on this domain, are stable, gradually increasing as the ruoflagents increases. This
is because the length of the plan found by the sequentiabveisnot far from that of



an optimal plan (i.e., the heuristics oP& works well on this domain). Thus, in most
of the cases, the parallel solutions represent better ajppations of the optimal plan.
Note that, in general, optimality is desired but not reqglire

The Pathway domain, with deterministic actions and a latgeber of actions and
fluents and without axioms, reminds us how important hearistin searching for a
plan. Here , horizontal parallelism does not pay off, whigetical parallelization pro-
vides good speedup.

| Domain | n=2] n=4] n=8]|
Mic(20,20) CPA: 1232
VERT 396 (3.12) 193 (6.39) 95 (12.94)
HoRrz1 637 (1.94) 340 (3.63) 204 (6.04)
HORZ2 693 (1.78) 525 (2.35) 398 (3.10)
HoRz3 639 (1.93) 333 (3.70) 197 (6.25)
HoRrz4 1094 (1.13) 291 (4.23) 154 (7.99)
HYBR1 617 (2.00) 400 (3.08) 182 (6.78)
HYBR2 1236 (1.00)) 637 (1.94) 198 (6.21)
Gripper(100) CPA: 5255
VERT 3095 (1.70), 2109 (2.49) 1032 (5.09)
Horz1 2711 (1.94) 1395 (3.77) 778 (6.75)
HORZ2 2821 (1.86), 1499 (3.51) 878 (5.99)
HoRz3 2687 (1.96), 1379 (3.81) 763 (6.89)
Horz4 2638 (1.99) 1414 (3.72) 788 (6.67)
HYBR1 3899 (1.35) 3260 (1.61) 1591 (3.30)
HYBR2 5276 (1.00)) 2722 (1.93) 1404 (3.74)
Pathways(4) CPA: 23.02
VERT 457 (5.04) 7.2(3.20)] 3.39(6.79)
Horz1 20.05(1.15) 17.51(1.31)
HoORZ2 15.76 (1.46) 12.24 (1.88) 12.77 (1.80)
HoORz3 15.87 (1.45) 11.03 (2.09) 12.01 (1.92)
Horz4 15.07 (1.53) 10.06 (2.29) 6.75(3.41)
HYBR1 12.85(1.79) 7.12(3.23)| 6.98(3.30)
HYBR2 27.08 (0.85) 5.96(3.86) 6.23(3.70)

Table 2.Classical Benchmarks usimgCpA

mFF: mFFhas been developed on the same 8-core Sun server, runnenisSoIThe
experiments conducted deal with instances of problemsvidfeom the IPC-5 compe-
tition) that are challenging for the sequential FF systeabld 3 shows the main results.
In parentheses we show the ratio between sequential timpaaatlel time. The impor-
tant result to underline here is the ability to solve variosances that are intractable
by sequential FF (actually, many of the time-outs reportedfar instances that took
longer than 24 hours). In this context, the benefits are |ediszh are two-fold:
o the ability to overlap differentypesof search (standard best-first search and hill-
climbing local search)—this is the case of Storage(17),rehél-climbing is time
consuming while best-first quickly converges to a solution;



o the ability to concurrently explore branches that have Byjbhagh heuristic values
(this is the case of Pathways).
Observe that the current implementation is not particulgdod in maintaining a low
level of communication—we can notice that using 8 agentp#réormance occasion-
ally degrades (e.g., PipesWorld(15)) due to excessiveeations on the locks of the
central queue.

Domain Instance| Number of Agents
FF2.3 2 4 8
Pathways 9 TO 4.47 () 271 () 3.06 ()
11 TO 6.57 () 6.55 () 3.16 ()
12 TO TO() TO () 264.79 ()
13 TO 4.64 () 3.51() 4.03 (0
15 TO 48.39 () 4.59 () 4.61()
20 83.08| 75.45(1.10) 21.21(3.92) 17.83 (4.66)
30 TO 121.18 () 7.09 ) 7.08 Q)
Stacks 30 202.82| 203.16 (0.99) 190.6 (1.06) 185.01 (1.1)
PipesWorld 9 180.64| 92.12(1.96) 67.44 (2.68) 110.01 (1.64
10 442.62| 48.7 (9.01) 35.28 (12.55) 37.9 (11.68)
11 64.53| 15.49 (4.17) 15.06 (4.28) 12.3(5.25)
15 1289.01| 1280.15 (1.0) 502.53 (2.57) 1197.8 (1.08
20 TO TO| 1393.87() | 1259.15()
Storage 17 732.36| 8.95(81.83) 4.93 (148.55) 0.91 (804.4)

Table 3. Results usingnFF

5.3 Conformant Domains

The experiments on conformant domains have been perforsiegmCpA For refer-
ence, we compared our systems with CFF [6] and KACMBP [9]chlaire two of the
fastest conformant planners. Unfortunately, we could idio the Solaris executables
for these planners, and we had to run them on a Linux machideeale the timings
to our Sun multi-coré. The comparison with the other systems is illustrated in bl
Some experimental results are shown in Figure 3.

Domain CPA CFF| KACMBP
Bomb(200,20)| 248 23763 2411
Cleaner(10,50) 390 | Maximum length exceeded TO
Ring(30) 423 TO <1
Cube(9) 812 TO <1
Safe(50) 1865 68 <1
Log(3,3,3) 1025 <1 745
Coin(10) 487 <1 1502

Table 4. Conformant Benchmarks

8 For each problem, we compute a time conversion ratio by ngnPA on both the Linux and
Solaris platforms.
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In the Bomb and Cleaner domains, we do not see much speedugrm When
the number of agents increases. This is because the hewfistiPA works well on
this domain. The best parallel implementation on this doni®iHORz4. The reason
why HORZ4 is better is because the newly computed successor b-asi@esmedi-
ately inserted in the queue (instead of waiting for all ageéatcomplete). Horizontal
parallelism, however, performs very well on the Cleaner dimm-since computing suc-
cessor b-states is expensive.

In the Ring domain, the horizontal parallelism implemeiotat scale well up to
4 agents, and then they become stable. The reason is that mhigenwf actions in
the domain is only, leaving other agents idle. A similar behavior occurs inGhbe
domain, whose number of actionstisThe speedups of 8RT on Cube(9) is good as
the system is capable of finding a shorter pléh gteps, compared @8 of sequential
CPA). In the Safe domain, the speedups of both vertical andzbotal implementations
are very good.

The Logistic domain is truly problematic for the sequentietsion GA because
the heuristic function performs poorly, especially on thag(4,3,3) problem. Sequen-
tial CPA, KACMBP, and most of our parallel implementations, excejgirz2, could
not solve it within the time limit. Thanks to parallelism, weuld solve this problem
(HoRrz2) using8 agents. For the Log(3,3,3) problem, the speedups obtan&ERT
and HyBR2 are impressive (more th&% on 8 agents for the KRT implementation).
In the Coin domain, the speedups obtained by our paralldeimentations range from
1.22 (Horz3, 2 agents) to 8.28 (bRz4, 4 agents).

The occasional super-linear speedups are due to chandpessearch pattern caused
by parallelism; in the case of vertical parallelism, thisisious (as multiple paths are
concurrently explored). In the case of horizontal paralhe] this may occur because
the order of the b-states in the central queue might diffamfthe sequential execution
(the heuristic is currently computed on the first state ofsadte, and this may change
during horizontal parallelism).

In summary, on the domains where the heuristic function amggperform well
(i.e., various elements receive the highest value, andrikea top of the queue might
not lead to the shortest plan), the vertical parallelismeig/\effective—sometimes we
obtain super-linear speedups. In contrast, in the domaesemhe heuristic function
performs well, the speedup obtained by the horizontal aagrpalthough less than lin-
ear, is usually good. Furthermore, the more expensive theuatation of a successor
b-state is, the higher the speedup obtained via horizoatallelism. The hybrid ap-
proach balances these two extremes.

6 Related Work

The work proposed in this paper is in the same spirit as th&k wb(26], where a

parallelization scheme similar to our horizontal parilal is applied to a STRIPS
planner—in their context this is useful to handle the cosamblying operators with
variables (while we use it to address the use of axioms) thitlibe less effective for

domains that have a fast computation of the next state.



Parallel planning as considered in this paper is differemtfdistributed planning
[21,12] in that we focus on improving sequential planningtsyns by distributing the
workload of an agent to multiple agents while distributeahpling often deals with the
problem of coordination between agents to create a plarlfagants. Distributed plan-
ning often requires the execution of plans by the agents gadta are often reactive.
Agents in our framework share the same goal and represemtatop when one find
a plan, and do not execute actions to change the world. Furtire, efficiency is not
the first issue in distributed planning. Issues of paraiion have been explored in
this context, by either partitioning actions and goals leetwagents so that separate
plans can be computed and composed (e.g., interactiongfapp or by adopting a
hierarchical approach, where distinct “regions” of thenpdaie given to distinct agents
(e.g., [10]). These approaches are “global” versions oizoatal parallelism. Vertical
parallelism has been explored in other search-based pngbkeg., [22, 14].

Our approach to planning in this paper is perhaps more glaostdted to the dis-
tributed problem planning in which the planning processssriduted but a centralized
plan needs to be found as discussed in [11]. Our proposedagipicould be viewed
as a special case of system in view of [11] where one agemitulitts the work and all
agents search for a plan until one is found.

The work presented in this paper is also similar to the pattiidig problem in [27]
where different search algorithms for finding a path in distted environment have
been proposed. These algorithms do not deal with incomipifetemation though. Fur-
thermore, we would like to point out that our goal is not togse a generic algorithms
for parallel search.

7 Conclusions and Future Work

Over the years, two main reasons have led to performanceimaprents of automated
planners: new algorithms and faster computers. The latisratiowed to apply the
same planning algorithms to solve more complex problemisouitany changes. This
trend is expected to change, as computer manufacturersaiegraway from focus-
ing on single-thread performance and focusing on multe pdatforms. In this paper we
presented an investigation of alternative methodologiepéarallelization of heuristic
search-based planners on multi-core platforms. We idedtifivo forms of parallelism
and investigated their implementations and interactidhs.results are very encourag-
ing, in terms of improved execution time, speedups, andabddy. We are currently
exploring the porting of these ideas in a fully distributéatform as well as taking bet-
ter advantage of the growingly popular hybrid Beowulf clust—i.e., clusters whose
nodes are multi-core platforms.
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