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Abstract. We present an algorithm for summarizing the metric resotgqgaire-
ments of an abstract task based on the resource usages aikitsial refinements.
We use this summary information within the ASPEN plannéssitler to coor-
dinate a team of rovers that conflict over shared resourcestifd analytically
and experimentally that an iterative repair planner careegpce an exponen-
tial speedup when reasoning with summary information abesdurce usages and
state constraints, but there are some cases where the egtteead involved can
degrade performance.

1 Introduction

Hierarchical Task Network (HTN) planners [4] representidnt actions that decom-
pose into choices of action sequences that may also be ehsimd HTN planning prob-
lems are requests to perform a set of abstract actions givamital state. The planner
subsequently refines the abstract tasks into less abstratetsks to ultimately generate
a schedule of primitive actions that is executable from tfiai state. This differs from
STRIPS planning where a planner can find any sequence ohaatibose execution can
achieve a set of goals. HTN planners only find sequences énfairm abstract tasks and
a domain expert can intuitively define hierarchies of alosti@sks to make the planner
rapidly generate all sequences of interest.

Previous research [10, 9] has shown that, under certainiatests, hierarchical re-
finement search reduces the search space by an exponecttial 8ubsequent research
has shown that these restrictions can be dropped by reasduaiing refinement about
the conditions embodied by abstract actions [3, 2]. Tleesemarized condition®pre-
sent the internal and external requirements and effects @fbatract action and those
of any possible primitive actions that it can decompose.ibtging this information, a
planner can detect and resolve conflicts between abstri@gabhaand sometimes can find
abstract solutions or determine that particular decontiposchoices are inconsistent.
In this paper, we apply these abstract reasoning technigueasks that use metric re-
sources. We present an algorithm that processes a taskdhigmescription offline to
summarize abstract plan operators’ metric resource reqngnts.

This work was performed at the Jet Propulsion Laboratorjif@aia Institute of Tech-
nology, under contract with the National Aeronautics andc@pAdministration. This
work was also supported in part by DARAP(F30602-98-2-0142)
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Fig. 1. Example map of established paths between points in a roveaitp where thinner edges
are harder to traverse, and labeled points have associasedvation goals

While planning and scheduling efficiency is a major focus of @search, another
is the support of flexible plan execution systems such as BR®&MPRS [11], RAPS
[5], JAM [7], etc., that exploit hierarchical plan spacesilelinterleaving task decompo-
sition with execution. By postponing task decompositiatlssystems gain flexibility to
choose decompositions that best match current circunesahiowever, this means that
refinement decisions are made and acted upon before alhabattions are decomposed
to the most detailed level. If such refinements at abstraeidantroduce unresolvable
conflicts at more detailed levels, the system will get stuat way through executing the
tasks to perform the requested abstract tasks. By using amyrinformation, a system
that interleaves planning and execution can detect antiyeesonflicts at abstract levels
to avoid getting stuck and to provide some ability to recdrem failure.

In the next section this paper uses a traveling rover exatoplescribe how we rep-
resent abstract actions and summary information. Givesethepresentations, the subse-
guent section presents an algorithm for summarizing amadigask’s potential resource
usage based on its possible refinements. Next we analytgladiw how summary in-
formation can accelerate an iterative repair plannerthdlee and make some empirical
measurements in a multi-rover planning domain.

2 Representations

To illustrate our approach, we will focus on managing a @ite of rovers as they

explore the environment around a lander on Mars. This eaptor takes the form of

visiting different locations and making observations. lEsraversal between locations
follows established paths to minimize effort and risk. Téhpaths combine to form a net-
work like the one mapped out in Figure 1, where vertices dedstinguished locations,

and edges denote allowed paths. While some paths are ovkgttamd, others are over
loose sand where traversal is harder since a rover can slip.

2.1 Resources and Tasks

More formally, we represent each rover’s status in termdaiésand resource variables.
The values in state variables record the status of key raugsystems. For instance, a
rover'spositionstate variable can take on the label of any vertex in the iocatetwork.
Given this representation of state information, tasks fmeeonditions/effects that we
represent as equality constraints/assignments. In oer example traveling on the arc
from point A to point B is done with ago(A,B)task. This task has the precondition
(position=A) and the effectposition=B).
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Fig. 2. AND/OR tree defining abstract tasks and how they decompasa foorning drive from
point A to point B along one of the three shortest paths in aangle map

In addition to interacting with state variables, tasks wssources. While some re-
sources are only used during a task, using others persistsaafask finishes. The first
type of resource imondepletablewith examples like solar power which immediately
becomes available after some task stops using it. On the b#rel, battery energy is
a depletableresource because its consumption persists until a latkrréaharges the
battery. We model a task’s resource consumption by subttptite usage amount from
the resource variable when the task starts and for nonadydatesources adding it back
upon completion. While this approach is simplistic, it camservatively approximate
any resource consumption profile by breaking a task intolsmsiibtasks.

Primitive tasks affect state and resource variables, arabatract task is a non-leaf
node in an AND/OR tree of tasksAn AND task is executed by executing all of its sub-
tasks according to a some set of specified temporal contstréin OR task is executed
by executing one of its subtasks. Figure 2 gives an exampgeci an abstract task.
Imagine a rover that wants to make an early morning trip framnipA to point B on our
example map. During this trip the sun slowly rises above tirezbn giving the rover the
ability to progressively ussoak raysasks to provide more solar power to motors in the
wheels. In addition to collecting photons, the morning érse moves the rover, and the
resultangotasks require path dependent amounts of power. While a tiaxezling from
point A to point B can take any number of paths, the shortest three involvafoig one,
two, or three steps.

2.2 Summary Information

An abstract task’s state variable summary informationudes elements for pre-, in-,
and postconditions. Summary preconditions are conditimetsmust be met by the initial
state or previous external tasks in order for a task to decsmpnd execute successfully,
and a task’s summary postconditions are the effects of k®mposition’s execution
that are not undone internally. We use summary inconditfonshose conditions that
are required or asserted in the task’s decomposition duhiagnterval of execution.
All summary conditions are used to reason about how statablas are affected while
performing an abstract task, and they have two orthogopaktpf modalities:

— must or may indicates that a condition holds in all or some decompasstiof the abstract
task respectively and

— first, last, sometimes, or always indicates when a condition holds in the task’s execution
interval.

! ltis trivial to extend the algorithms in this paper to harstigte and resource constraints specified
for abstract tasks.
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For instance, thenove(A, B) task in our example hasraust, first(position=A)
summary precondition andraust, last(position=B) postcondition because all decom-
positions move the rover from to B. Since thenove(A, B) task decomposes into one
of several paths, it has summary inconditions of the fotay, sometimes(position=i),
wherei is 1, 2 or 3. State summary conditions are formalized in [2].

Extending summary information to include metric resoutiogslves defining a new
representation and algorithm for summarizatiorsulmmarized resource usagensists
of ranges of potential resource usage amounts during aed Eétforming an abstract
task, and we represent this summary information using tietsire

(local _-min_range,local_max_range, persist_range),

where the resource’s local usage occurs within the taslésugion, and the persistent
usage represents the usage that lasts after the task tegmiaadepletable resources.

The usage ranges capture the multiple possible usage proffie task with multiple
decomposition choices and timing choices among looselgtcaned subtasks. For ex-
ample, thehigh pathtask has g[4, 4], [6, 6], [0, 0]) summary power use over a 40 minute
interval. In this case the ranges are single points due tawertainty — the task simply
uses 4 watts for 15 minutes followed by 6 watts for 25 minuté® move(A, B) pro-
vides a slightly more complex example due to its decompwsidiuncertainty. This task
has &([0, 4], [4, 6], [0, 0]) summary power use over a 50 minute interval. In both cases the
persist_range is [0, 0] because power is a nondepletable resource.

While a summary resource usage structure has only one rangefsistent usage
of a resource, it has ranges for both the minimum and maxinugal lusage because
resources can have minimum as well as maximum usage limitsyva want to detect
whether a conflict occurs from violating either of these tsnAs an example of reason-
ing with resource usage summaries, suppose that only 3 ofgptswer were available
during amove(A, B) task. Given the4, 6] local_maz_range, we know that there is
an unresolvable problem without decomposing further.iRgithe available power to 4
watts makes the task executable depending on how it getsmesed and scheduled,
and raising to 6 or more watts makes the task executablelfooss$ible decompositions.

3 Resource Summarization Algorithm

The state summarization algorithm [2] recursively proggagaummary conditions up-
wards from an AND/OR tree’s leaves, and the algorithm fopuese summarization
takes the same approach. Starting at the leaves, we findipsdrtasks that use constant
amounts of a resource. The resource summary of a task wsimits of a resource is
([zx].[z,2],[0,0]) or ([z,z],[x,z],[x,x]) over the task’s duration for nondepletable or de-
pletable resources respectively.

Moving up the AND/OR tree we either come to an AND or an OR bhafor an
OR branch the combined summary usage comes from the OR catigout

([mincechitaren (Ib(local_min_range(c))),
MaZcechitdren (ub(local_min_range(c)))],
[mincechitdren (Ib(local_mazx range(c))),
maZcechitaren(ub(local_max range(c)))],
[Mmincechitaren (Ib(persist_range(c))),
MaZccenitdren (ub(persist_range(c)))]),

wherelb() andub() extract the lower bound and upper bound of a range respbciiree
children denote the branch’s children with their durations extertdgtie length of the
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longest child. This duration extension alters a child’®rgse summary information be-
cause the child’s usage profile has a 0 resource usage doemxtension. For instance,
when we determine the resource usageove(A, B) we combine two 40 minute tasks
with a 50 minute task. The resulting summary informationosd 50 minute abstract
task whose profile might have a zero watt power usage for 1Qitesn This extension
is why move(A, B) has a[0, 4] for alocal_min_range instead of[3, 4]. Planners that
reason about variable durations could {8€] for a duration ranging from 40 to 50.

Computing an AND branch’s summary information is a bit mavmplicated due to
timing choices among loosely constrained subtasks.t@kax pathexamples illustrate
the simplest subcase, where subtasks are tightly consttdonexecute serially. Here
profiles are appended together, and the resulting summaggetsformation comes form
the SERIAL-AND computation

([mincechitaren (Ib(local _-min_range(c
MiNcechildren (ub(local-min_range(
[mazccchitaren (Ib(local -maz range(
Mawcechiidren(ub(local _maz_range(c
[Yecenitaren (Ib(persist_range(c))),
Yeechitdren (ub(persist_range(c)))]),

)+ (o)
)+ 2 ()]
N+ Zhe o),

)+ S @),

0 D>

whereX})“ (c) andX¥ “(c) are the respective lower and upper bounds on the cumulative
persistent usages of children that execute befofthese computations have the same

form as theX’ computations for the finalersist_range.

The case where all subtasks execute in parallel and haveddisturations is slightly
simpler. Here the usage profiles add together, and the bsamcultant summary usage
comes from the PARALLEL-AND computation

([Yeecnitaren (Ib(local_min_range(c))),

MATcechitdren (Ub(local_min_range(c)) + X33"(c))],
c
)

c
[mincechitdren (Ib(local_maz_range(c)) + X7°" (c)),
Yeechitdren (ub(local _-maz_range(c)))],

[Yecchitaren (Ib(persist_range(c))),

Yeechildren (ub(persist_range(c)))]),

whereX7?™(c) andX};°" (c) are the respective sumslotal_maz_range upper bounds
andlocal _min_range lower bounds for all children except

To handle AND tasks with loose temporal constraints, we iclemsll legal orderings
of child task endpoints. For example, in our rover’s earlyrning tasks, there are three
serial solar energy collection subtasks running in pdraifih a subtask to drive to loca-
tion B. Figure 3 shows one possible ordering of the subtask entipaeihich breaks the
move(A, B) into three pieces, and two of tlseak rayschildren in half. Given an order-
ing, we can (1) use the endpoints of the children to detersuséntervals, (2) compute
summary information for each child task/subinterval camalion, (3) combine the par-
allel subinterval summaries using the PARALLEL-AND comggiin, and then (4) chain
the subintervals together using the SERIAL-AND computatiinally, the AND task’s
summary is computed by combining the summaries for all piessirderings using an
OR computation.

Here we describe how step (2) generates different summaoyree usages for the
subintervals of a child task. A child task with summary resewsagé|a,b],[c.d],[e,f])

contributes one of two summary resource usages to eackeutarg subinterval

([a, 8], [¢, d], [0,0]), ([a, d], [a, ], [0, O]).

2 For summary resource usages of the last interval interggtitie child task, we replade, 0]
with [e, f] in thepersist_range.
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Fig. 3. Possible task ordering for a rover's morning activitieghwesulting subintervals.

While the first usage has the tightgr, b], [c, d] local ranges, the second has looser
[a,d],[a,d] local ranges. Since thieandc bounds only apply to the subintervals con-
taining the subtask’s minimum and maximum usages, thedighnges apply to one of
a subtask’s intersecting subintervals. While the minimuth @maximum usages may not
occur in the same subinterval, symmetry arguments let useminhem in our computa-
tion. Thus one subinterval has tighter local ranges andtladirantersecting subintervals
get the looser local ranges, and the extra complexity comes iaving to investigate all
subtask/subinterval assignment options. For instaneee thre three subintervals inter-
sectingmove(A, B) in Figure 3, and three different assignments of summaryureso
usages to the subintervals: placiifig4], [4, 6] in one subinterval with0, 6], [0, 6] in the
other two. These placement options result in a subtask witubintervals having.
possible subinterval assignments. So if thererarehild tasks each with alternate
assignments, then there ar® combinations of potential subtask/subinterval summary
resource usage assignments. Thus propagating summargnatfon through an AND
branch is exponential in the number of subtasks with matiplernal subintervals. How-
ever since the number of subtasks is controlled by the domaiteler and is usually
bounded by a constant, this computation is tractable. litiaddsummary information
can often be derived offline for a domain. The propagatioaritlym takes on the form:

— For each consistent ordering of endpoints:
e For each consistent subtask/subinterval summary usaiggm asnt:
x Use PARALLEL-AND computations to combine subtask/subivaésum-
mary usages by subinterval.
x Use a SERIAL-AND computation on the subintervals’ combisathmary
usages to get a consistent summary usage.
— Use OR computation to combine all consistent summary usaggst AND task’s
summary usage.

4 Using Summary Information

In this section, we describe techniques for using summdpyrmation in local search
planners to reason at abstract levels effectively and dssthe complexity advantages.
Reasoning about abstract plan operators using summanyriafmn can result in expo-
nential planning performance gains for backtracking rial planners [3]. In itera-
tive repair planning, a technique calladgregatiorthat involves scheduling hierarchies
of tasks similarly outperforms the movement of tasks irdirally [8]. But, can summary
information be used in an iterative repair planner to imprperformance when aggre-
gation is already used? We demonstrate that summarizedastdtresource constraints
makes exponential improvements by collapsing constraingbstract levels. First, we
describe how we use aggregation and summary informatiochtedsile tasks within an
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iterative repair planner. Next, we analyze the complexitywoving abstract and detailed
tasks using aggregation and summary information. Then geribe® how a heuristic
iterative repair planner can exploit summary information.

4.1 Aggregation and Summary Information

While HTN planners commonly take a generative least comenitrapproach to problem
solving, research in the OR community illustrates that gp#ntocal search is surpris-
ingly effective [12]. Heuristic iterative repair planninges a local search to generate a
plan. It starts with an initial flawed plan and iterativelyocises a flaw, chooses a repair
method, and changes the plan by applying the method. Unékemtive planning, the
local search never backtracks. Since taking a random wedkitih a large space of plans
is inefficient, heuristics guide the choices by determiniregprobability distributions for
each choice. We build on this approach to planning by usiagBPEN planner [1].
Moving tasks is a central scheduling operation in iterateair planners. A planner
can more effectively schedule tasks by moving related ggaipasks to preserve con-
straints among them. Hierarchical task representatiana aommon way of representing
these groups and their constraints. Aggregation involvegmg a fully detailed abstract
task hierarchy while preserving the temporal ordering traitg#s among the subtasks.
Moving individual tasks independent of their siblings anttasks is shown to be much
less efficient [8]. Valid placements of the task hierarchyhia schedule are computed
from the state and resource usage profile for the hierardig. grofile represents one
instantiation of the decomposition and temporal orderiitpe abstract task’s hierarchy.
A summarized state or resource usage represents all ptprdfiles of an abstract
task before it is decomposed. Our approach involves reag@iiout summarized con-
straints in order to schedule abstract tasks before thegeremposed. Scheduling an
abstract task is computationally cheaper than scheduliedgask’s hierarchy using ag-
gregation when the summarized constraints more compagthgsent the constraint pro-
files of the hierarchy. This improves the overall performawben the planner/scheduler
resolves conflicts and finds solutions at abstract levelsrbdéilly decomposing tasks.

4.2 Complexity Analysis

To move a hierarchy of tasks using aggregation, valid isismust be computed for each
resource variable affected by the hieraréfihese valid intervals are intersected for the
valid placements for the abstract tasks and their childfée.complexity of computing
the set of valid intervals for a resource(¥cC) wherec is the number of constraints
(usages) an abstract task has with its children for the biji@andC is the number of
constraints of other tasks in the schedule on the variabldf[there aren similar task
hierarchies in the entire schedule, th@n= (n — 1)¢, and the complexity of computing
valid intervals isO(nc?). But this computation is done for eachofesource variables
(often constant for a domain), so moving a task will have amewity of O(vnc?).

The summary information of an abstract task representsfathe constraints of
its children, but if the children share constraints overshee resource, this informa-
tion is collapsed into a singlsummaryresource usage in the abstract task. Therefore,
when moving an abstract task, the number of different caimgt involved may be far
fewer depending on the domain. If the scheduler is tryinddaoga summarized abstract

® The analysis also applies to state constraints, but weigestrr discussion to resource usage
constraints for simplicity.
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task among other summarized tasks, the computation of pelement intervals can be
greatly reduced because ths O(vnc?) is smaller. We now consider two extreme cases
where constraints can be fully collapsed and where theyatdrcollapsed at all.

In the case that all tasks in a hierarchy have constrainthersame resource, the
number of constraints in a hierarchy(¥b?) for a hierarchy of deptid and branching
factor (number of child tasks per parent)in aggregation, where hierarchies are fully
detailed first, this means that the complexity of moving ak ts O(vnb*?) because
¢ = O(b?). Now consider using aggregation for moving a partially exged hierarchy
where the leaves are summarized abstract tasks. If allrbfées in the schedule are
decomposed to leve| there areD(b?) tasks in a hierarchy, each with one summarized
constraint representing those of all of the yet undetailgutasks beneath it for each
constraint variable. Se = O(b?), and the complexity of moving the task @&vnb>?).
Thus, moving an abstract task using summary informatiorbesa factor ofD (b*(¢~))
times faster than for aggregation.

The other extreme is when all of the tasks place constramtdiféerent variables.
In this caser = 1 because any hierarchy can only have one constraint perlaria
Fully detailed hierarchies contain = O(b?) different variables, so the complexity of
moving a task in this case @(nb?). If moving a summarized abstract task where all
tasks in the schedule are decomposed to lgvels the same because the abstract task
summarizes all constraints for each subtask in the hieydreheath it, and each of those
constraints are on different variables such that no congsreombine when summarized.
Thus, the complexity for moving a partially expanded hielhgris the same as for a fully
expanded one. Experiments in Section 5 exhibit great ingrmant for cases when tasks
have constraints over common resource variables.

Along another dimension, scheduling summarized taskspsmeantially faster be-
cause there are fewegmporalconstraints among higher level tasks. When task hierar-
chies are moved using aggregation, all of the local tempmrastraints are preserved.
However, there are not always valid intervals to move th&ehierarchy. Even so, the
scheduler may be able to move less constraining lower lag&ktto resolve the conflict.
In this case, temporal constraints may be violated amongnthed task’s parent and sib-
lings. The scheduler can then move and/or adjust the dasatibthe parent and siblings
to resolve the conflicts, but these movements can affecehighiel temporal constraints
or even produce other conflicts. At a depth levéh a hierarchy with decompositions
branching with a factob, the task movement can affdétsiblings in the worst case and
produce a number of conflicts exponential to the depth ofdkk.tThus, if all conflicts
can be resolved at an abstract lexaD (b?%) scheduling operations may be avoided. In
Section 5, empirical data shows the exponential growth afmatation with respect to
the depth at which ASPEN finds solutions.

Other complexity analyses have shown that under certairiatiens different forms
of hierarchical problem solving can reduce the size of tlaecdespace by an exponential
factor [10, 9]. Basically, these restrictions are that gyodthm never needs to backtrack
from lower levels to higher levels in the problem. In otherds subproblems introduced
in different branches of the hierarchy do not interact. Wendomake this assumption
for our problems. However, the speedup described abovesdsase that the hierarchies
need not be fully expanded to find solutions.

4.3 Decomposition Heuristics for Iterative Repair

Despite this optimistic complexity, reasoning about sumipeg constraints only trans-
lates to better performance if the movement of summarizeldsteesolves conflicts and



advances the search toward a solution. There may be no wagdabtve conflicts among
abstract tasks without decomposing them into more detaibed. So when should sum-
mary information be used to reason about abstract tasksyhed and how should they
be decomposed? Here, we describe techniques for reasdmmaogsaimmary information
as abstract tasks are detailed.

We explored two approaches that reason about tasks frorapHevel of abstraction
down in the manner described in [3]. Initially, the plannafyoreasons about the sum-
mary information of fully abstracted tasks. As the plannanipulates the schedule, tasks
are gradually decomposed to open up new opportunities $otrimg conflicts using the
more detailed child tasks. One strategy (that we will refeaslevel-decompositioris
to interleave repair with decomposition as separate s&pp.1) The planner repairs the
current schedule until the number of conflicts cannot begeduStep 2) It decomposes
all abstract tasks one level down and returns to Step 1. By sp#¢nding enough time
at a particular level of expansion that appears effective planner attempts to find the
highest decomposition level where solutions exist withwasting time at any level.

Another approach is to use decomposition as one of the raphods that can be
applied to a conflict so that the planner gradually decompaseflicting tasks. This
strategy tends to decompose the tasks involved in more ctadince any task involved
in a conflict is potentially expanded when the conflict is ieggh The idea is that the
scheduler can break overconstrained tasks into smalleepi® offer more flexibility in
rooting out the conflicts. This resembles the EMTF (expardtathreats-first) [3] heuris-
tic that expands (decomposes) tasks involved in more ctsBigfore others. (Thus, we
later will refer to this heuristic as EMTF.) This heuristicosds unnecessary reasoning
about the details of non-conflicting tasks. This is simitaatmost-constrained variable
heuristic often employed in constraint satisfaction peots.

Another heuristic forimproving planning performance prsfdecomposition choices
that lead to fewer conflicts. In effect, this is a least-coaiptng value heuristic used in
constraint satisfaction approaches. Using summary irditiom, the planner can test each
child task by decomposing to the child and replacing themt&esummarized constraints
that summarize the children with the particular child’s soanized constraints. For each
child, the number of conflicts in the schedule are counted,the child creating the
fewest conflicts is chosehThis is thefewest-threats-firsfFTF) heuristic that is shown
to be effective in pruning the search space in a backtragiagner [3]. Likewise, the
experiments in Section 5 show similar performance improeis

5 Empirical Comparisons

The experiments we describe here show that summary infamanproves perfor-
mance significantly when tasks within the same hierarcheg lcanstraints over the same
resource, and solutions are found at some level of absiradi the same time, we find
cases where abstract reasoning incurs significant overtteal solutions are only found
at deeper levels. However, in domains where decompositioices are critical, we show
that this overhead is insignificant because the FTF hearfistils solutions at deeper
levels with better performance. These experiments alsw shat the EMTF heuristic
outperforms level-decomposition for certain decompositiates. In addition, we show
that the time to find a solution increases dramatically withdepth where solutions are
found, supporting the analysis at the end of Section 4.2.

4 Or, in stochastic planners like ASPEN, the children are ehasith probability decreasing with
their respective number of conflicts.
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Fig. 4. Plots for theno channelmixed andchannel onlydomains

The domain for our problems expands the single rover prollesceribed in earlier
sections to a team of rovers that must resolve conflicts dweres! resources. Paths be-
tween waypoints are assigned random capacities such that ene, two, or three rovers
can traverse a path simultaneously; only one rover can beyatvaypoint; and rovers
may not traverse paths in opposite directions. In additiovers must communicate with
the lander for telemetry using a shared channel of fixed battbwDepending on the
terrain, the required bandwidth varies. 80 problems wenegged for two to five rovers,
three to six observation locations per rover, and 9 to 105pwiys. Schedules ranged
from 180 to 1300 tasks. Note that we use a prototype inteftaceimmary information,
and some of ASPEN's optimized scheduling techniques coatith@ used.

We compare ASPEN using aggregation with and without sunzagon for three
variations of the domain. The use of summary informatiotudes the EMTF and FTF
decomposition heuristics. One domain excludes the conratiohns channel resource
(no channél, one excludes the path capacity restrictiodsapnel only; and the other
includes all mentioned resourcasxed. Since all of the movement tasks reserve the
channel resource, we expect greater improvement in pegfiocenwhen using summary
information according to the complexity analyses in thevjunes section. Tasks within
a rover’s hierarchy rarely place constraints on other egmore than once, so the
channeldomain corresponds to the case where summarization cefiajsconstraints.

Figure 4 (top) exhibits two distributions of problems foetio channedomain. In
most of the cases (points along the y-axis), ASPEN with surprimformation finds a
solution quickly at some level of abstraction. However, iany cases, summary infor-
mation performs notably worse (points along the x-axis). fid that for these prob-
lems finding a solution requires the planner to dig deep imtorbvers’ hierarchies, and
once it decomposes the hierarchies to these levels, thaxetiife in the additional time
to find a solution between the two approaches is negligiblesTthe time spent reason-
ing about summary information at higher levels incurredagessary overhead. Previous
work shows that this overhead is rarely significant in basatéing planners because sum-



6000

5000

4000

3000

2000 -

CPU seconds

1000 *

RS

NRT

. i3

hod ’

o 05 1 15 2 25 3 35 4 45
Average Depth of Hierarchies in Solution

Summary Information + Aggregation

0

Fig. 5. CPU time for solutions found at varying depths.

mary information can prune inconsistent search spacessaiagblevels [3]. However,
in non-backtracking planners like ASPEN, the only oppaitiuwe found to prune the
search space at abstract levels was using the FTF heuasiiotd greater numbers of
conflicts in particular branches. Later, we will explain WRYF is not helpful for this
domain but very effective in a modified domain.

Figure 4 (left) shows significant improvement for summaifgimation in themixed
domain compared to theo channetiomain. Adding the channel resource rarely affected
the use of summary information because the collapse in suynoeastraints incurred
insignificant additional complexity. However, the chanresource made the scheduling
task noticeably more difficult for ASPEN when not using surmyriaformation. In the
channel onidomain (Figure 4 right), summary information finds soluti@t the abstract
level almost immediately, but the problems are still cogtied when ASPEN does not
use summary information. These results support the contyplkexalysis in the previous
section that argues that summary information exponeyiialbroves performance when
tasks within the same hierarchy make constraints over time sasource and solutions
are found at some level of abstraction.

Figure 5 shows the CPU time required for ASPEN using sumnm#pyiination for
themixeddomain for the depths at which the solutions are found. Tipéhdeare average
depths of leaf tasks in partially expanded hierarchies. TRE time increases dramati-
cally for solutions found at greater depths, supportingabaim that finding a solution at
more abstract levels is exponentially easier.

For the described domain, choosing different paths to aarebton location usually
does not make a significant difference in the number of casflincountered because if
the rovers cross paths, all path choices will still lead toftict. We created a new set of
problems where obstacles force the rovers to take pathaghroorridors that have no
connection to others paths. For these problems, path chaleays lead down a different
corridor to get to the target location, so there is usuallgth phat avoids a conflict and a
path that causes one. The planner using the FTF heuristimdtas the planner choosing
decompositions randomly for all but two problems (Figureft)!

Figure 6 (right) shows the performance of EMTF vs. level aeposition for differ-
ent rates of decomposition for three problems selected franset. The plotted points
are averages over ten runs for each problem. Depending ochthiee of rate of de-
composition (the probability that a task will decompose wheonflict is encountered),
performance varies significantly. However, the best deasitipn rate can vary from
problem to problem making it potentially difficult for the ha@in expert to choose. Our
future work will include investigating the relation of danposition rates to performance
based on problem structute.

® For other experiments, we used a decomposition rate of 20%.
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6 Conclusions

Reasoning about abstract constraints exponentially e@tek finding schedules when
constraints collapse during summarization, and solutseme level of abstraction can
be found. Similar speedups occur when decomposition beenasult in varied num-
bers of conflicts. The offline algorithm for summarizing nietesource usage makes
these performance gains available for a larger set of egpreplanners and schedulers.
We have shown how these performance advantages can impBREMs effectiveness
when scheduling the tasks of multiple spacecraft. The usemimary information also
enables a planner to preserve decomposition choices thastrexecution systems can
use to handle some degree of uncertainty and failure. Ourdwork includes evalu-
ating the tradeoffs of optimizing plan quality using thigpapach as well as developing
protocols to allow multiple spacecraft planners to coaathrtheir tasks asynchronously
during execution.
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