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Abstract

An algorithm with the anytime property has an approximate
solution always available; and the longer the algorithm runs,
the better the solution becomes. Anytime planning is impor-
tant in domains such as aerospace, where time for reason-
ing is limited and a viable (if suboptimal) course of action
must be always available. In this paper we study anytime
solving of a planning problem under uncertainty that arises
from aerospace sub-system control. We examine an existing
constraint model-based approach of the problem as a mixed
constraint satisfaction problem (mixed CSP), an extension
of classical CSP that accounts for uncontrollable parameters.
We propose two enhancements to the existing decomposition
algorithm: heuristics for selecting the next uncertain envi-
ronment to decompose, and solving for incrementally longer
planning horizons. We evaluate these enhancements empir-
ically, showing that a heuristic on uncertainty analogous to
first fail’ gives the best performance, improving the anytime
behaviour with respect to robustness to uncertainty. Further,
we show that incremental horizon planning provides effective
anytime behaviour with respect to plan executability, and that
it can be combined with the decomposition heuristics.

Introduction

The increasing desire for autonomy in aerospace systems,
such as Uninhabited Aircraft Vehicles (UAVS), leads to in-
creasing complexity in planning, scheduling, and control
problems (Verfaillie 2001). Constraint-based techniques
have proved effective for addressing such problems in the
aerospace domain (e.g. (Muscettetaal. 1998; Allo et al.
2002; Frank & dnsson 2004)). The real-world requirements
of such problems mean that preferences, uncertainty, and dy-
namic change must be handled. For this, the classical con-
straint satisfaction problem (CSP) is inadequate. One ex-
tension to handle uncertainty is the mixed CSP framework,
introduced by Fargieet al. (1995; 1996).

nysmith@ai.sri.com

parametersnodel the uncertain evolution of physical quan-
tities such as temperature.

An algorithm with theanytimeproperty has an approxi-
mate solution always available; and the longer it runs, the
better the solution becomes (Boddy & Dean 1994). If the
algorithm is allowed to run to completion, a final solution is
obtained. In the aerospace domain, planning is performed in
an operational context where multiple levels of reactivity are
required. This paper introduces an anytime solving approach
to cope with uncertainty, in order to give more flexibility to
the component management system during mission opera-
tions. Planning is invoked in the background, during cruise
flight or in between critical phases of operation, and can be
preempted at any time by higher priority tasks or by changes
occurring at execution control levels. Thus the technique we
described sits between and complements off-line planning
and reactive component management.

This paper presents an experimental study of anytime
planning with mixed CSPs. Specifically, we investigate
the performance of the existing decomposition algorithm
of (Fargier, Lang, & Schiex 1996) on our aerospace con-
trol planning problem as a case study. We describe two en-
hancements to the use of the algorithm designed to improve
its anytime performance, and empirically assess their value.
The two enhancements are decomposition heuristics for ex-
ploring the parameter space of uncertain environments, and
incremental solving of the planning problem for successive
horizons. The results show that a heuristic on uncertainty
analogous to ‘first fail’ from the CSP literature gives the best
performance, improving the anytime planning with respect
to robustness to uncertainty. They also show that incremen-
tal horizon planning provides effective anytime behaviour
with respect to plan executability, and that it can be com-
bined with the decomposition heuristics.

Background and Problem Domain

Our motivation comes from a problem in online planning Our motivation for studying planning with mixed CSPs
of the control of an aerospace component such as a thruster.comes from a planning problem arising in the aerospace do-
In order to enhance autonomous behaviour, the plan pro- main, formalized as th8ub-system Control Planning Prob-
duced must take account of environmental uncertainty the lem(SCPP); a detailed description is found in (Yorke-Smith
aerospace system may encounter. During execution, the plan& Guettier 2003; Yorke-Smith 2004). The planning is situ-
needs only specify the immediate next control action: thus ated in an online context where both mission status and sit-
continuous, incremental planning is possible for the prob- uation awareness may evolve in multiple, non-controllable
lem. A constraint-based formulation as a mixed CSP was ways. Since contingent events may unexpectedly occur, a
given in (Yorke-Smith & Guettier 2003); in it uncontrollable  safe course of action for the system is required to be immedi-



| remote operator | decision problem. Our solution is a conditional plan that

deliberativeplanner | [ covers the anticipated environmental uncertainty. As will
constraint_based qorls E—— be explained, this contingent plan corresponds to the condi-
planning modls L ] tional decision of a full observability mixed CSP. An execu-
| tion step consists of selecting a plan branch according to the
arch algorithm slortmic T ing observed environment at that step. The proactive approach

ensures a valid plan is available, however the environment
evolves within anticipated limits, once deliberation is com-
plete. Since planning and execution are concurrent, deliber-
ation may not have time to complete before the next decision
N N L plan manager T is demanded; hence the requirement for anytime planning.
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We now recall the mixed CSP framework and describe
Figure 1: Outline architecture of a constraint-based agent. a constraint model-based representation of the SCPP as

a mixed CSP. We then recall the algorithm presented in

(Fargier, Lang, & Schiex 1996) for finding an optimal con-

ately available. The SCPP addresses deliberative plan gener-ditional decision in the case of full observability.
ation in a dynamic context: deliberation is situated on board _ .
an autonomous system amid concurrent execution. Purely Mixed CSP
proactive, off-line planning is too slow, while purely reac- Fargieret al.(1995; 1996) introduced theixed CSRrame-
tive control provides a solution of too low quality. work, an extension to the classical CSP for decision mak-
Figure 1 illustrates how a constraint-based planning func- ing with incomplete knowledgé.n a mixed CSP, variables
tion can be integrated in an autonomous system, as the DS1are of two types: decision and non-decision variables. The
Experiment demonstrated (Muscettelzal. 1998). first type are controllable by the agent: their values may be
Briefly, the input in an instance of the SCPP is a high-level €hosen. The second type, knownp#sametersare uncon-
description of an aerospace component, together with a de- trollable: their values are assigned by ‘extroge’neous f_actors.
scription of the environmental uncertainty. A stated objec- | N€Se factors are often referred to as ‘Nature’, meaning the
tive function on the performance of the component may also €nvironment, another agent, andsoon. _
be given. The output sought is a plan for the commanding of _ Formally, a mixed CSP extends a classical finite domain
the component. The plan must respect the behaviour guar- CSP(V, D, C), whereV is a finite set of variables) is the
antees that form part of the specification of the component. corresponding set of domains, afids a set of constraints:
Further, as far as possible the plan must also optimize the Definiton 1 A mixed CSP is a 6-tuple P =
performance of the component. The commanding is speci- (A,L,V,D,K,C) where:
fied as a low-level automaton which models the component A= D) AT f
behaviour; for background, see (Arkin 1998). o A={M,.... \p}isaseto parameters )
For each aerospace component, an instance of the SCPP® L = L1 X -+~ x L, whereL; is the domain of;
is parameterized by the planning horizaH, € N. Al- o V ={z1,...,z,}is asetof decision variables
though the system plans supposing execution will begin at ¢ D = D; x --- x D,,, whereD; is the domain of;

a future point in time, a decision can be demanded at any o £ is a set ofdata constraintswolving only parameters

instant. Accordingly, during execution the plan needs only s 5 set of constraints, each involving at least one deci-
to specify the immediate next control action at the current sion variable and zero or more parameters

horizon. During execution, the uncertain environment is ob-
served just prior to each execution step. A complete assignment of the parameters igaisation
Considered as a planning problem, the SCPP has: (1) non- (or world), and a complete assignment of the decision vari-
deterministic actions due to contingent events, (2) fully ob- ables is adecision(or potential solution). A realisation is
servable states, and (3) semi-controllable effects, due to the POssibleif the classical CSRA, L, K) is consistent, i.e. has
environmental uncertainty. Planning consists of defining a atleastone solution (otherwise the realisatiamigossiblg.
consistent sequences of states in order to reach a given targef™0r every realisatiom, the classical CSRV, D, C) formed
state. This corresponds to the equipment changing modes of@s the projection gP under realisation — r is therealised
operation, in a feasible way, to reach a target mode. The (0r candidate) problem induced byfrom P. A realisation
timed sequence, the plan, must satisfy the model-based con-iS goodif the corresponding realised CSP is consistent (oth-
straints and, possibly, optimize the performance function. €rwisebad). We say a decisior coversa realisation- if d
As Figure 1 shows, the target mode is specified by mission IS & solution to the realised CSP inducedrby _
and operational goals. For example, for a thruster compo- ~ The nature of the outcome sought from a mixed CSP
nent, the goal may be to achieve a certain thrust performance Mmodel depends on when knowledge about the state of the

in a given time window, while maintaining the internal tem- 1The earlier work (Fargieet al. 1995) associates a probability

perature within given limits. distribution with each parameter; we follow the later work in which
The SCPP is stated as a unique rather than a sequentiala (discrete) uniform distribution is assumed.
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Figure 2: Discrete automata representing the behaviour of three spacecraft sub-systems

world will be acquired. If the realisation is observed before
the decision must be made, we are in the castilbfob-
servability. In this case, the outcome sought isanditional
decision(or policy). This is a map between realisations and
decisions that specifies, for a set of realisatifina decision

d for eachr € R such thatd coversr. We then say that the
conditional decisiortoversR. Such a conditional decision
is optimal if it covers every good realisation @?. Decid-
ing consistency of a binary mixed CSP is Eg-complete
(Fargier, Lang, & Schiex 1996).

Mixed CSP Model of a SCPP Instance

A constraint-based formulation of the SCPP is given in
(Yorke-Smith & Guettier 2003). Following earlier work
(Allo et al. 2002), this model-based formulation represents
the component activity over a fixed discrete horizon, using
a constraint-based non-deterministic finite state automaton.
This automaton, synthesized automatically from the prob-

lem specification, is represented concretely as a mixed CSP.

A conditional decision policy for the mixed CSP model cor-
responds to a viable plan for the SCPP instance.
Importantly, although the constraints may be complicated,
we formulate the model such that each constraint involves at
most one parameter. This reduces the complexity of build-
ing the plan, because computing which realisations are cov-
ered by a decision in the resulting mixed CSP is simplified
(Fargieret al. 1995). Parameters arise from uncertain envi-
ronment conditions, such as temperature variation, in each

state of the automaton. The model includes constraints de-

scribing evolution of fluent physical quantities according to
the environmental uncertainty, such as:

@7;4_1 = Ej X (61 + EAJ) (1)

where®,; andT; are discrete variableg;; are Boolean, and

A; are parameters. The details of the model are not central

to this paper; they may be found in (Yorke-Smith 2004).
There may be an additional minimum performance re-

Figures 2(a)—2(c) show three discrete state automata. The
automata represent the behaviour of three different, repre-
sentative but simplified spacecraft sub-systems. They rep-
resent, respectively, an Attitude and Orbit Control Sys-
tem (AOCS), a thruster Thruster), and a directional sensor
(Tracker). While they bear some similarity in structure, the
automata differ markedly in available actions and permit-
ted timings, constraints, and evolution of fluent quantities
such as energy (Yorke-Smith 2004). These differences im-
pact strongly the problem difficulty, as exhibited by the ex-
perimental results that follow.

We build a mixed CSP model from the SCPP instance
given by each automaton. Thus, the performance of solving
these mixed CSPs will be the benchmark for our empirical
study. These benchmarks are representative of some systems
that are the source real-world of SCPP problems. Larger sys-
tems with more states and transitions can be envisaged, but
they will not be necessarily formalized with automaton.

Decomposition Algorithm

We say an algorithm has amytime property(Boddy &
Dean 1994) if: (1) an answer is available at any point in
the execution of the algorithm (after some initial time, per-
haps zero, required to provide a first valid solution); and (2)
the quality of the answer improves with an increase in ex-
ecution time. Theperformance profileof an algorithm is

a curve that denotes the expected answer qu@lity with
execution time (Boddy & Dean 1989).

An algorithm to find an optimal conditional decision for a
mixed CSP under full observability is presented in (Fargier
et al. 1995; Fargier, Lang, & Schiex 1996). We call this the
decomposition algorithnand denote idecomp. Because
of the complexity of finding such a decision — both com-
putational effort, and size of the outcome (in the worst case,
one decision for every possible realisation) decomp is
designed as an anytime algorithm. Intuitively, it incremen-
tally builds a list of decisions that eventually cover all good

quirement on feasible plans. This requirement corresponds e gjisations. We omit discussion of some for us unnecessary

to a percentage of the maximum possible performance
perf,.x (Which can be computed a priori); it is imposed as
an additional hard constraint in the model:

perf(S) > k x perf, 2

where perfS) is the performance of a pla§, andk € [0, 1]
is a given constant.

subtleties about the algorithm.

Central to the method are sets of disjoint realisations
called environments and their judicious decomposition.
Formally, anenvironments a Cartesian produét x - - - x [,,,

2Environmental uncertainty should be distinguished from this
technical definition of arnvironments a set of realisations.



Algorithm 1 Decomposition for an optimal cond. decision

1: B—10 {bad realisation$
22D~ {decision—environment paifs
B E—Lix--XLy {environments still to be covergd
4: repeat

5.  Choose an environmeatfrom £ {pick uncovered eny.
6: letC. beconstraints that enforce

7: let Pbethe CSPAUV,LUD,KUCUC.)

8: if P is consistenthen

9

let s bea solution ofP  {find dec. covering> 1 real.}

let v be s projected onto the domain variabl¥'s
11: R — covers(v) {find all realisations covered by}
12: Add the pair(v, R) to D
13: E — . cp decompose(e/,R) ~ {removed covered
14: else {all realisations ine impossiblé
15: Addeto B
16: until E=10 {all possible realisations coveréd
17: return (B, D)

quality

Figure 3: Idealized anytime performance profiles

wherel; C L;: for example, ifL; = Ly = {a, b, ¢,d}, then

an environment igb, d} x {¢,d}. decomp is an anytime
algorithm that incrementally computes successively closer
approximations to an optimal decision. The number of real-
isations covered by the decision grows monotonically, and if
allowed to finish without interruption, the algorithm returns
an optimal conditional decision.

Pseudocode fordecomp is given as Algorithm 1.
(Fargier, Lang, & Schiex 1996) prove Algorithm 1 to be
sound and complete: it eventually terminates, and if allowed
to terminate, it returns a conditional decision that covers all
good realisations. Moreover, if stopped at any paiht;on-
tains decisions for (zero or more) good realisations &nd
contains only bad realisations.

Enhancing the Anytime Behaviour ofdecomp

Summarizing, we have described a model of our motivating
problem as a mixed CSP, and recalled the algorithm we call
decomp for a full observability mixed CSP. We now intro-
duce two orthogonal extensionsagcomp designed to im-
prove its anytime performance for the requirements arising
for planning and scheduling in the aerospace domain.

To see what we mean by improved anytime behaviour,
consider the performance profiles shown in Figure 3. The

horizontal axis depicts timeand the vertical axis solution
quality Q(t). The straight linet represents the behaviour
of an algorithm that monotonically increases solution qual-
ity at a constant rate. The curvés3 depict better anytime
behaviour thant, with 1 the best, because solution quality
rises more sharply earlier in the solving. In contrast, cérve
depicts a poor anytime behaviour. Thus moving frbto 2,

for instance, is an improvement in anytime behaviour. Note
this is true even though both algorithms return the same so-
lution quality at the end of the solving period shown. As a
secondary aim, we would like, if possible, to have an earlier
termination time in addition to improved anytime behaviour.

Observe thatlecomp is an anytime algorithm in terms
of robustness to uncertainty, i.e. the number of realisations
covered by the conditional decision it computes. Answer
quality increases with time because, given execution may
commence at any point, it is better to have a conditional
plan more likely to cover the realisation actually observed.
Indeed, if allowed to run to termination, the algorithm pro-
duces an optimal conditional decision; if stopped earlier, the
conditional decision covers a subset of the good realisations.
In terms of plan execution, howeveecomp fails to ensure
that a valid plan islwaysavailable (the first part of an any-
time property): if the observed realisation is not covered by
the conditional decision at the time of interruption, the algo-
rithm does not provide a valid initial control action.

Note that, fitting the assumptions of the control problem,
the model of uncertainty in the SCPP is deterministic (i.e. an
implicit uniform distribution over the parameter domains).
This does not rule out algorithms based on sampling the pa-
rameter space. However, sampling may not lead to an im-
mediately executable control decision on interruption; like
decomp, such an approach may be anytime with respect to
plan robustness but not plan executability.

Environment Selection Heuristic

(Fargier, Lang, & Schiex 1996) note that heuristics may be

used in line 5 of Algorithm 1, although none are proposed.

The algorithm terminates when the détis empty. Every

iteration through the main loop removes one environnaent

from E. Judicious choice of may speed the termination or

improve the anytime behaviour w.r.t. robustness, or both.
We propose five heuristics for environment selection:

e random pick the next environment at random. This is our
default heuristic, used as a baseline to evaluate the others.

e mMost uncertainty pick the environment with the most un-
certainty. That is, chooseto maximize[ [, ., |Lil.

e least uncertainty pick the environment with the least un-
certainty. That is, chooseto minimize[ ], ..[Li|.

e most restricting pick the environment that most con-
strains the variables’ domains. That is, for eacimpose
the constraintg. in line 6 of Algorithm 1, and compute
[L;|D;i|]. Choose: to minimize this quantity.

e least restricting pick the environment that least con-
strains the variables’ domains. l.e. impose the constraints
C., compute] [,| D;|, and choose the maximizing

These heuristics are analogous to variable selection
heuristics in finite domain CSP solving (Cheadie al.



Algorithm 2 Computation by incremental plan horizon
1. S0
2: for h =1to H do
let Sy, be output ofdecomp on horizonh automaton
if decomp ran to completiorthen
S — S
else
{keep existing decisions for uncovered realisations
for eachrealisation covered by, do
updateS by Sp,
return S

4
5
6
7
8:
9

10:

2003). Pursuing this link, we also considered a heuristic to

horizon H in the same time. Indeed, suppose a plan for
horizon H is desired and computation time is limitedfo
(which we do not assume is known to the algorithm). Run-
ning Algorithm 1 for timeT" might give a conditional plan
that coversr0% of realisations, say. The conditional plan it
yields is not optimal. Instead, running Algorithm 2 for the
same time might give a plan that covers odly?% of real-
isations with a horizor{ decision, but all realisations are
covered with some decision: say that for the horiZéh-1)
decision. Thus we have an optimal conditional plan and,
as the autonomous system begins plan execution, it can un-
dertake further computation to extend the horiZéh- 1)
decisions to horizorH .

In terms of execution, Algorithm 2 thus has the advan-

pick the most or least constraining environment: that whose (546 over Algorithm 1 that a valid initial action is for certain
realised CSPs are the most or least constrained (precisely, 4\ ailable (once the problem is solved for horiZgmvhich is

maximize or minimize the sum of a constrainedness metric,
summed over all the realised CSPs corresponding to reali-

expected rapid). Upon interruption, execution can proceed
by checking whether the realisation observed is covered by

sations in the environment). However, preliminary experi- the horizon/ decision. If not, the horizonk(— 1) decision
ments indicated such a heuristic has poor performance. This o, it is used. This checking requires little computation.

seems to be caused by a weak correlation between the con-

strainedness of the realised CSPs arising from an environ-
ment, and the difficulty of solving the whole mixed CSP.
Thus we did not consider such a heuristic further.

Incremental Horizon

The SCPP is naturally parameterized by the planning hori-
zon, H. Runningdecomp to completion provides the
sought optimal conditional plan. Interrupting the algorithm
at any point provides a partial plan. As we have observed,
since this plan is partial, in terms of execution it may not
cover the realisation that actually occurs.

To better provide for plan execution, a second means of
ensuring anytime behaviour is to iteratively plan for longer
horizons,h = 1,...,H. A new plan is generated from
scratch at each iteration, avoiding any myopia, but at the
cost of not reusing the previous solution. We permit the
algorithm to be interrupted at the completion of any hori-
zon. The resulting optimal conditional decision for horizon
h provides the initial steps of a complete plan for horizén
We also permidecomp to be interrupted before complet-
ing a horizon. The plan for horizoh then consists of the
decisions for the covered realisations, together with, for the
uncovered realisations, the decisions from horizon 1.

More specifically, the time intervdd ... k], h < H, de-
fines a subproblem which is a subpart of the original SCPP
instance. The subproblem is obtained by ignoring decision
variables and parameters in the intefvel 1, H], and relax-
ing associated constraints. Identifying these items to omit is
straightforward due to the formulation of the model; omit-
ting them yields a well-formed mixed CSP that describes the
planning problem for the limited horizon Theincremental
horizonmethod starts fromk = 1, and incrementé each
time the subproblem is successfully solved. If interrupted,
the method thus provides a plan up to time event 1.

Algorithm 2 summarizes the method. As stated, concep-
tually it operates by solving incrementally larger subprob-
lems. The advantage is that, in a given computation time,
the plan produced may cover more of the good, possible re-
alisations, compared to the plan produceddegomp for

The incremental horizon method is orthogonal to the en-
vironment selection heuristics. Any heuristic may be used
in the invocation oflecomp in line 3 of Algorithm 2. In the
experimental results that follow, we hence evaluate the be-
haviour of incremental horizon both with the defaalhdom
heuristic and with the others proposed above.

Experimental Results

In this section we report an empirical assessment ofiéhe
comp algorithm on three SCPP instances. The aim of the ex-
periments was to evaluate: (1) the impact of the environment
selection heuristics on anytime behaviour with respect to ro-
bustness to uncertainty (measured by the completeness of
the decision); and (2) the effectiveness of incremental hori-
zon for producing anytime behaviour with respect to plan
executability (measured by whether the decision contains an
initial action for the actual realisation of the world).

The results reported were obtained on a 2GHz linux PC
with 1GB of memory, using the constraint solver ERF
version 5.7 (Cheadlet al. 2003); timings are in ms. Ta-
ble 1 summarizes the characteristics of the three SCPP in-
stances. For each automaton, we considered three degrees
of uncertainty: moderate, average and large, denatezl
respectively. We also considered performance requirements
between 20-80% (recall equation (2)). This gives two pa-
rameters for each problem instance.

We imposed a timeout on any single rundgficomp, de-
pending on the complexity of the automaton; the values are
givenin Table 1. Note the nonlinear nature of the constraints
of Tracker means that solving for this automaton is markedly

states per uncertainty per horizon
automaton horizon A B C timeout
AOCS 5 2 4 5 200s
Thruster 8 7 14 23 2000s
Tracker 7 6 9 16  18000s

Table 1. Characteristics of the benchmark problem instances



more difficult; hence the greater timeout permitted.

Environment Selection Heuristic

We first consider the five environment selection heuristics.

We measure quality by the number of good and possible re-
alisations covered by the conditional decision, plus the num-
ber of bad realisations marked as bad, after a given compu-
tation time. That is, the quality i9, (¢) = |D| + | B|, where

D andB are as in the notation of Algorithm 1.

Figures 4(a)-4(f) show the quality (realisations covered)
versus solving time (ms). Throughout, the vertical axis is
shown on a log scale, i.éog Q1 (t). Figure 4(a) shows the
typical result for theAOCS instance: the best heuristic is
least uncertainty followed by most restricting these are
both better tharandom The worst heuristic ideast re-
stricting; most uncertaintys slightly better.

Figures 4(b)-4(d) demonstrate the performance of the
heuristics fofThruster is more varied. For most instances of
uncertainty, performance, and horizdeast uncertaintyis
the best heuristic ancandomis second or third. However,
for some instancedeast uncertaintydoes not have maxi-
mal Q1 (¢) for all t. First look at Figures 4(c)-4(d). Note

is least uncertaintyfollowed by most restricting these are
both better thamandom The worst heuristic ikast restrict-
ing; most uncertaintyis slightly better. The performance
of most restrictingdeclines beyond horizon 6; beyond this
point,randomhas better performance.

For Thruster and Tracker (Figures 5(c)-5(f)), the results
are similar. The best heuristiclsast uncertaintyand over-
all randomis next best. For th&acker instanceA 20% (Fig-
ure 5(e)), beyond horizon 4, the remaining three heuristics
struggle;most uncertaintys the best of them. Fd@ 40%
(Figure 5(f)),randomand least restrictingdominate about
equally. The results fofhruster (Figures 5(c)-5(d)), while
similar, show strongly that poor heuristics for environment
selection give very poor performance. This appears to be
due to the large number of environments that must be main-
tained by Algorithm 1; the algorithm suffers from a lack of
memory, and the timeout is reached for Algorithm 2 while it
is still considering a low horizoh.

Discussion

Of the environment selection heuristideast uncertainty
has the best overall performance, in terms of both metrics

the scales of these two graphs are chosen to best compareof quality. For the direct use afecomp (i.e. Q1(t)), there

the relative heuristic performances, not to show their overall

are instances where other heuristics are better. In some in-

anytime shape; hence some curves quickly reach the max- stances, there is a ‘cross-over’ point (e.g. Figure 4(d)) prior

imum quality shown, which is not the maximum attained.

These graphs are for instances just before and just after in-

feasibility (which here occurs beyond horizon 6). In the for-
mer, least uncertaintys best at all times. In the latter, how-
ever, it is inferior to some other heuristics (in particular, to
randon) until about 2500ms, after which it strongly domi-
nates. Heuristienost restrictingexhibits poor behaviour.

Next look at the rare result in Figure 4(b). In this critically
constrained problemrandomis best at first, until overtaken
by firstmost uncertaintyhenleast restricting Further|east
uncertaintyexhibits poor anytime performance. While ex-
ceptional, this instance indicates that no one heuristic always
dominates. As in many algorithms that search through a plan
or state space, the choice of heuristic is itself heuristic.

The results forTracker confirm those forAOCS. Fig-
ures 4(e)-4(f) shovleast uncertaintyas the best heuristic.
Note it not only has a better performance profile, but also
achieves much earlier termination than the other heuristics.

Incremental Horizon

We now consider the incremental planning method. Here,
we measure quality by the horizon attained after a given
computation time. That is, the problem is solved incre-
mentally for horizons 1, 2, ..., and the timgsrecorded.
The cumulative time for horizo is computed ag;, =
> i=1,..n ti» and the quality i€>(¢) = max{hlt, < t}.

Figures 5(a)-5(f) show log of the quality (horizon at-
tained) versus solving time (ms). The shape of the curves
indicate that Algorithm 2 provides acceptable anytime be-
haviour. However, performance strongly depends on the en-
vironment selection heuristic. Since incremental horizon is
built ondecomp, this might be expected.

Across the three automata, the performance ofréime
dombheuristic is broadly second or third of the five heuristics
considered. FOAOCS (Figures 5(a)-5(b)), the best heuristic

to which another heuristic dominates, and after whézst
uncertaintydominates. For the incremental horizon use of
decomp (i.e. Q2(¢)), least uncertaintydominates in almost
all instances; we observe no cross-over behaviour.

We can make the analogy betwedsast uncertainty
(smallest environment first) and thiest fail (smallest do-
main first) variable selection heuristic for classical CSP.
‘First fail’ is known as an often effective choice of variable
selection heuristic (Cheadét al. 2003). However, just as it
is not the best heuristic for every CSP,Isast uncertainty
is not the best for every mixed CSP: Figure 4(b) shows a
critically-constrained problem where the best heuristic is ini-
tially randomthenmost uncertainty

Secondly, overaltandomis consistently neither the best
nor worst heuristic, as expected. On balance, its perfor-
mance across the instances and across Algorithms 1 and 2
is second behintkast uncertainty Heuristics based on the
size of variable domainsr(ostleast restricting vary in ef-
fectiveness between problem instances: ma@gt restricting
is acceptable in Figure 4(a) but very poor in Figure 4(c).
Note the size of variable domains loosely corresponds to the
number of potentially feasible actions at a given plan state.

Thirdly, the results suggest that incremental horizon is ef-
fective in providing anytime behaviour with respect to plan
executability, particularly for lesser horizons. When the sub-
problems becomes hard (e.g. frdim= 4 for Thruster), the
rate of increase of solution quality declines. This is more
marked when the performance requirement is higher, per-
haps a result of the problem then being over-constrained.

Since the SCPP is easy to solve for modest horizons, a
possible approach might be: begin with Algorithm 2 and
the randomheuristic (which has no overhead to compute),
and later switch to Algorithm 1 with thieast uncertainty
heuristic (the most effective overall). Further experimental
work is needed to investigate this hybrid possibility.
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Related Work brid control, model predictive control, and adaptive control
One approach to deal with uncertainty in planning is to con- (Lévine 1996). These areas of control theory are applicable
tinuously adapt a plan according to the changing operating for autonomous systems evolving in uncertain and hostile
context. Plan adaptation is performed upon an unexpected €nvironments. However, each only partially address the type
event, system failure or goal (mission) update. Response of problems motivating this paper. The hybrid integration of
time can be reduced by using, for example, iterative repair Planning, scheduling and control, supported by constraint
techniques (Chieet al. 2000). Rather than reacting, our SOlving techniques, is a potentially compelling avenue for
approach here is based on proactive but online anticipation the development of future autonomous systems.
of the environment or other changes. In exchange for the AN SCPP instance formulates a unique, rather than se-
space overhead of storing multiple plans, this has the op- guential, decision problem. Approaches to sequential de-

erational advantage of enabling the system to reason more ¢iSion making include MDPs and influence diagrams, and
globally and react more quickly. However, plan monitoring, constraint-based frameworks, such as stochastic CSP (Man-

and possibly reactive plan repair, are important to handle @ndhar, Tarim, & Walsh 2003), an extension of mixed CSP.
unanticipated contingencies such as hardware failure. Fur- Lastly, anytime algorithms for classical CSPs have been
ther, online adaptation of conditional plans can reduce the Duilt by considering a partial CSP and using branch-and-
size of the plan to be stored (Bresina & Washington 2001). bound or local search (e.g. (Wallace & Freuder 1996));
In practice, plan management and execution often adopts (Cabon, de Givry, & Verfaillie 1998) address anytime com-
a hybrid proactive and reactive form (Verfaillie 2001). This Putation of constraint violation lower bounds. For finding
is true for one of the most comprehensive approaches to un- Fobust ‘super’ solutions, anytime algorithms have also been
certainty in the aerospace domaReactive Model Program- ~ Puilt with branch-and-bound (Hebrard, Hnich, & Walsh
ming LanguaggRMPL) (Williams et al. 2003). RMPL _2004). While anytime solvmg_ is relatgq to mcrementa] solv-
and the approach used in this paper are both model-basedind of CSPs, the focus there is on efficiently propagating the
and share the use of constraint-based automata. However,changes implied when a variable’s domain changes.
whereas the SCPP considers the control of a single compo- .
nent in view of anticipated uncertainty, RMPL is a control Conclusion and Future Work
approach for a combined system, with the focus on manag- Anytime behaviour is an important requirement for the
ing the complexity of component interaction. aerospace domain. Motivated by an online planning prob-

Our work is motivated by problems situated at the in-
terface of system engineering, planning and control the-
ory. Application of much classical work on planning to
aerospace component control is difficult, due to challenging
domain-specific requirementsofissonet al. 2000). Fur-

lem for aerospace component control, this paper studied
anytime planning under uncertainty with full observability
mixed CSPs. We proposed two enhancements to the ex-
isting decomposition algorithm: heuristics for selecting the
next environment to decompose, and solving of incremen-

ther, actions must be scheduled with respect to rich temporal tally larger subproblems. Our empirical results indicate that
constraints, the system must cope with large-scale problems, incremental horizon planning provides effective anytime be-

and for low-level components, behaviour must be guaran-
teed in the worst case. The latter point, together with the
difficulty of estimating probabilities, also hampers the use
of Markov Decision Processes (MDPs).

Our approach follows (Boddy & Dean 1994) in construct-
ing flexible online solutions in the form of conditional plans.
(Castillo, Fdez-Olivares, & Goi@ez 2002) present a hybrid
hierarchical and conditional planning approach for generat-
ing control of autonomous systems. Similar to our approach,

haviour with respect to plan executability, and that it can be
combined with the decomposition heuristics.

The heuristics we considered are applicable to solving any
mixed CSP by the decomposition algorithm. Overall, the
heuristicleast uncertaintywhich is analogous to ‘first fail’
for finite domain CSPs, gives the best performance. We have
yet to consider heuristics based on analysis of priorities (e.g.
criticality) from a model of system operation.

The incremental horizon method is specialized for the

during execution of the plan, a branch is selected according SCPP. By replacing the decomposition algorithm with an in-

to the observed values afintime variables Our planning,

cremental version, we ensure anytime behaviour in terms of

however, is situated in an online context and also addressesplan execution. However, the broader idea of decomposition
time, resources, and uncertainty. into incremental subproblems, as a means of anytime solv-
Similarities with several techniques in control theory exist ing, applies to any mixed CSP for which a suitable sequence
mainly because environment assumptions apply to both the of subproblems can be identified.
planning and control components of a system architecture, Incremental horizon is a baseline approach with similar-
such as Figure 1, especially if the system must behave au- ities to iterative deepening. In future work, we want to
tonomously. However, the design of standard control com- complete our investigation by evaluating how often it pro-
ponents differs from our planning approach. In general, con- duces plans for horizorH based on partial plans for a
trol techniques do not address the mission/operation level of lower horizon, as described earlier. Initial results indicate
granularity. Moreover, control properties like stability are a trade-off according to the problem hardness: critically-
expressed using an infinite horizon and a cost function de- constrained instances have fewer feasible actions (so greater
fined over continuous domains. overlap between subproblems) but are harder to solve (so
Despite these differences, the vision of coexisting con- fewer realisations covered in any given time). Because of
trol and planning components in a unified system architec- the complicated mapping between high-level planning deci-
ture motivates us to consider specific control techniques: hy- sions and variables in the constraint model, we want to eval-



uate the methods considered here on other and larger SCPP Bertoli, P., and Cimatti, A. 2002. Improving heuristics for plan-

instances (Yorke-Smith 2004), besides mixed CSP models
arising from other planning problems.

Algorithm 2 produces a succession of limited horizon
plans. In our current implementation, planning at horizon
h makes no reuse of the horizén- 1 plan. We thus want to
explore solution reuse as a planning heuristic between dif-
ferent horizons, and to compare our proactive approach to
reactive solving of the single horizon control problem at dif-
ferent times. Both reactive and limited horizon proactive
planning may lack completeness. In particular, if in Algo-
rithm 2 we base planning for the next horizon on the solu-
tion for the last, the plan generated to horizer- 1 may
not be extendible to horizoh: for example, if it uses a re-
source (such as energy) that any plan for the next horizon
may need. Thus this idea is more suited to managing a sys-
tem whose global return must be optimized (for example, an
observation system that must make the most useful observa-
tions over all its life) rather than when managing a system in
order to lead it to a designated goal state.

The ‘cross-over’ between different heuristics over time
suggest that meta-reasoning on the solving algorithm may
yield the best anytime behaviour in practice. More gener-
ally, this reasoning can take into consideration (Hansen &
Zilberstein 1996): the current state of the plan (such as what
percentage of realisations it presently covers); the expected
computation time remaining, if an estimate is available; the
cost of computing the different heuristics; and the opportu-
nity of switching between algorithms during solving. Such
reasoning can be consolidated by analyzing the complexity
of decomposition algorithm, thus providing metrics to un-
derstand how problem difficulty is balanced between the set
of realisations and the core planning problem.

Driven by our motivational problem, in this paper we have
considered only the full observability case, an instance of
contingent planning; an interesting direction would be to
consider anytime solving in the no observability case. Here,
the outcome sought to a mixed CSP is a single robust solu-
tion that covers as many realisations as possible, i.e. a con-
formant plan. As such, there are links to anytime methods
for robust solutions to CSPs and to solving mixed CSPs with
probability distributions over the parameters, and to proba-
bilistic planning (e.g. (Onder & Pollack 1999)). In partic-
ular, now scenario sampling methods for stochastic CSPs
give the opportunity for an anytime algorithm (Manandhar,
Tarim, & Walsh 2003).
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