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Abstract

Symbolic non-deterministicplanning representsaction ef-

fectsas setsof possiblenext states.In this paper we move

towardamoreprobabilisticuncertaintymodelby distinguish-
ing betweerlikely primaryeffectsandunlikely secondangf-

fectsof actions. We considerthe practicallyimportantcase
where secondaryeffects are failures, and introduce -fault

tolerantplansthatarerobustfor upto  faultsoccurringdur-

ing plan execution. Fault tolerantplansare morerestrictve

than weak plans, but more relaxed than strong cyclic and
strongplans.We shav thatoptimal -faulttolerantplanscan
be generatedy the usualstrongalgorithm. However, due
to non-localerrorstatesit is oftenbene cial to decouplethe
planningfor primary andsecondaneffects. We employ this
approachfor two specializedalgorithms1-FTP (blind) and
1-GFTP (guided)and demonstrateheir adwantagesxperi-

mentallyin signi cant real-world domains.

Intr oduction
MDP solving (e.g., Puterman1994) and Symbolic Non-
DeterministicPlanning(SNDP) (e.g., Cimatti et al. 2003)
canbe regardedastwo alternatve frameworks for solving
planningproblemsawith uncertairoutcome®f actions.Both

framaworks are attractve, but for quite different reasons.

The mainadwantageof MDP solvingis the high expressie
power of the domainmodel: for eachstatein the MDP, the
effectof anactionis givenby a probability distribution over
next states. The framework, however, is challengedby a
high compleity of solving MDPs. The main advantageof
SNDPis its scalability Action effectsaremodeledassetsof
possiblenext statesnsteadof probability distributionsover
thesestates.This allows powerful symbolicsearctmethods
basedon Binary DecisionDiagrams(BDDs, Bryant 1986)
to be applied. SNDR however, is challengedby its coarse
uncertaintymodel of action effects. The currentsolution
classesresuitablewhena puredisjunctive modelof action
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effectsis suf®cient (e.g.,for controlling worst-casebehar-
ior). However, whenthis is not the case they oftenbecome
toorelaxed (weakplans)or toorestrictive (strongcyclic and
strongplans).

A largebodyof work in MDP solvingaddressethe scal-
ability problem. In particular symbolic methodsbasedon
Algebraic DecisionDiagrams(ADDs, Baharet al. 1993)
have beensuccessfullyappliedto avoid explicitly enumer
ating states(Hoey, St-Aubin, & Hu 1999; Feng& Hansen
2002).

A dualeffort in SNDP wheretheuncertaintynodelof ac-
tion effectsis broughtclosertoits probabilisticnature js still
lacking. In this paperwe take a®rst stepin this directionby
introducinga new classof fault tolerantnon-deterministic
plans.Ourwork is motivatedby two obsenations:

1. Non-determinismin real-world domainsis often caused
by infrequenterrorsthatmake otherwisedeterministicac-
tionsfail.

2. Normally, no actionsareguaranteedo succeed.

Dueto the ®rst obsenration, we proposea new uncertainty
modelof actioneffectsin SNDPthatdistinguishedetween
primaryandsecondargffectsof actions.Theprimaryeffect
modelsthe usualdeterministicdbehaior of the action,while
the secondaneffect modelserror effects. Due to the sec-
ondobsenation,weintroduce -faulttolerantplansthatare
robustfor upto errorsor faultsoccurringduring planexe-
cution. Thisde®nitionof faulttolerancas closelyconnected
to faulttoleranceconceptsn controltheoryandengineering
(Balemietal. 1993;Perraju,Rana,& Sarkarl997). Every
time we boardatwo enginedaircraft,we entera 1-fault tol-
erantsystem:a singleenginefailureis recoverable but two
enginedailing mayleadto anunrecwerablebreakdavn of
thesystem.

An -fault tolerantplanis not asrestrictve as a strong
plan that requiresthat the goal can be reachedin a ®nite
numberof stepsindependenbf the numberof errors. In
mary casesa strongplan doesnot exist becausell possi-
ble combinationf errorsmustbetakeninto account.This
is not the casefor fault tolerantplans,andif errorsarein-
frequent,they may still be very likely to succeed.A fault
tolerantplanis alsonotasrestrictve asa strongcyclic plan.
An executionof a strongcyclic planwill never reachstates
notcoveredby the planunlesst is agoalstate.Thus,strong



cyclic plansalsohave to take all errorcombinationsnto ac-
count.Weakplans,ontheotherhand,aremorerelaxedthan
fault tolerantplans. Fault tolerantplans, however, are al-

mostalwayspreferableto weakplansbecauséhey give no

guaranteefor all thepossibleoutcome®f actions.For fault
tolerantplans,ary actionmayfail, but only alimited number
of failuresarerecoverable.

One might suggestusing a deterministicplanningalgo-
rithm to generate -fault tolerantplans. Considerfor in-
stancesynthesizing 1-faulttolerantplanin adomainwhere
thereis a non-faultingplan of length andatmost error
statesof ary action. It is temptingto claim that a 1-fault
tolerantplan then canbe found by usingat most  calls
to a classicaldeterministicplanningalgorithm. This analy-
sis,however, is awed. It only holdsfor evaluatinga given
1-fault tolerantplan. It neglectsthatmary additionalcalls
to the classicalplanningalgorithmmay be necessaryn or-
derto nd avalid solution. Instead,we needan ef®cient
approachfor ®nding plansfor mary statessimultaneously
This canbedonewith the BDD-basedapproactof SNDP

The paper contritutes a range of unguidedas well as
guided algorithmsfor generatingfault tolerantplans. We
®rst obsere thatan -fault tolerantplanningproblemcan
be reducedto a strong planning problemand solved with
thestrongplanningalgorithm(ICAPS-032003). Theresult-
ing algorithmis called -FTP . Sincethe performanceof
blind strongplanningis limited, we alsoconsidera guided
versionof -FTP called -GFTP usingtheapproachin-
troducedn Jensenyeloso& Bryant(2003).The -GFTP
algorithmis ef®cient when secondaneffectsarelocal. A
secondaneffectis localwhenthereexistsa shortpathlead-
ing from ary resultingstateof the secondargffect (anerror
state)to the resultingstateof the primary effect of the ac-
tion (the statereachedwhen the action succeeds).When
secondaneffectsarelocal, the error stateswill be covered
by the searchbeamof -GFTP . In practice,however,
secondarneffectsmay be permanenmalfunctionsthat due
to their impacton the domaincausea transitionto a non-
local state.To solve this problem,we decouplethe planning
for primary and secondaryeffects. We restrictour investi-
gationto 1-fault tolerantplanningandintroducetwo algo-
rithms: 1-FTP and1-GFTP usingblind andguidedsearch,
respectiely. Thealgorithmshave beenimplementedn the
BIFROST searctengine(Jenser2003b)andexperimentally
evaluatedon a rangeof domainsincluding threereal-world
domains:DS1(Pecheu& Simmons2000),PRS(Thiébaux
& Cordier2001),and SIDMAR (Fehnler 1999). The ex-
perimentsllustratethenaturalconnectiorbetweertheexis-
tenceof faulttolerantplansandthe redundang characteris-
tics of the modeledsystem.Moreover, they shav thateven
1-faulttolerantplansimposemuchstrongerrequirementsn
the systemthanweakplans.Finally, they indicatethatfaults
in real-world domainsoften causenon-localtransitionsthat
requirespecializedplanningalgorithmsto be handledef®-
ciently.

Previouswork explicitly representingndreasoningbout
actionfailure is very limited. Somereactve planningap-
proachegake actionfailure into account(e.g. Geogeff &
Lansky 1986;Williams etal. 2003),but do notinvolve pro-

ducing a fault tolerantplan. The MRGplanninglanguage
(Giunchiglia,Spalazzi& Traverso1994)explicitly models
failure effects. However, this work doesnot include plan-

ning algorithmsfor generatingrault tolerantplans. To our

knowledge,the -fault tolerantplanningalgorithmsintro-

ducedin this paperare the ®rst automatedplanningalgo-
rithmsfor generatingaulttolerantplansgivena description
of thedomainthatexplicitly representgailure effectsof ac-

tions.

In the following section,we presennecessargNDPter-
minology andresults.We thende®ne -faulttolerantplans
and describethe developedfault tolerant planning algo-
rithms. Finally, we presenbur experimentakevaluationand
draw conclusions.

Symbolic Non-Deterministic Planning

A non-deterministiplanningdomainis atuple

where is a®nite setof states, is a®nite setof actions,
and is a non-deterministi¢ransitionre-
lation of actioneffects. Insteadof , we write

. Thesetof next statewf anaction appliedin state

is givenby NEXT . An action
is calledapplicablein state iff NEXT . Theset
of applicableactionsin a state is givenby App
NEXT .

A non-deterministic planning problem is a tuple

where isanon-deterministiplanningdomain,

is an initial state,and is a setof goal
states.Let  be a non-deterministigplanningdomain. A
state-actionpair of is a state associated
with anapplicableaction APP . A non-deterministic
planis a setof state-actiorpairs (SAs) de®ninga function
from statesto setsof actionsrelevantto apply in orderto
reacha goal state. Statesare assumedo be fully observ-
able. An executionof a non-deterministi@lanis an alter
nationbetweerobservingthe currentstateandchoosingan
actionto apply from the setof actionsassociatedvith the
state. The setof statescovered by a plan is given by
STATES . The setof possi-
ble endstatesof a planis given by CLOSURE
STATES NEXT

Following Cimatti et al. (2003),we useCTL to de®ne
weak, strongcyclic, and strong plans. CTL speci®esthe
behaior of a systemrepresentedby a Kripke structue. A
Kripke structureis a pair where is a®nite set
of statesand is a total transitionrelation. An
executiontreeis formedby designatinga statein theKripke
structureasaninitial stateandthenunwindingthe structure
into anin®nite treewith thedesignatedtateasroot.

We considera subsetof CTL formulaswith two path
quantiers (“for all executionpaths”)and (“for some
executionpath”) and onetempoal operator (“until’) to
describepropertiesof a paththroughthetree. Givena ®nite
setof states , the syntaxof CTL formulasareinductively
de®nedasfollows

Eachelementof isaformula,

, , and areformulasif and are.



In the following inductive de®nition of the semanticsof
CTL, denoteghat holdsonthe executiontree
of theKripke structure rootedin thestate

iff ,
iff ,

iff thereexistsapath and
suchthat and,for all , ,

iff for all paths thereexists

suchthat and,for all ,
We will usethreeabbreviations
Since isthe completesetof

statesin the Kripke structure the CTL formula holdsin
ary state. Thus, meansthat for all executionpathsa
state,where holds,will eventuallybereached.Similarly,
meansthat there exists an executionpath reachinga
statewhere holds. Finally, holdsif every stateon
ary executionpathsatis®es .
The execution model of a plan
of thedomain
ture where

CLOSURE STATES ,

for the problem
isaKripkestruc-

iff and , or
and CLOSURE

Noticethatall executionpathsarein®nite whichis required

in orderto de®nesolutionsin CTL. If astateis reachedhat

is not coveredby the plan (e.g.,a goal stateor a deadend),

the post®xof the executionpathfrom this stateis anin®nite

repetitionof it. Givena problem andaplan
for wethenhave

is aweakplaniff ,
is astrongcyclic planiff ,
is astrongplaniff

Weak, strongcyclic, andstrongplanscan be synthesized
by the NDP algorithm shovn belon. The algorithm per
forms a backward breadth-®rstsearchfrom the goal states
to theinitial state. The setoperationsanbe ef®ciently im-
plementedusing BDDs. For a detaileddescriptionof this
approachyve referthereaderto Jenser(2003a).In eachit-
eration(l.2-7), NDP computeghe state-actiorpairs (SAS)
of thebackwardsearcHrontierof thestates currentlycov-
eredby the plan (1.3). This setof SAsis calleda precom-
ponentof  sinceit containsstateshatcanreach in one
step. In a guidedversionof the algorithm (Jensenyeloso,
& Bryant2003),the SAsof theprecomponernis partitioned
accordingo a heuristicmeasurde.g.anestimateof thedis-
tanceto theinitial state).

function NDP

1 ;

2 while

3 PRECoOMP

4 if thenreturn “no planexists”
5 else

6

7 STATES

8 return

The strong, strong cyclic, and weak planning algorithms
only differ by the de®nition of the precomponent. Let
PREIMG denotethe set of SAs where the action ap-
plied in the statemay lead into the setof states . That

is PREIMG NEXT . The
weakandstrongprecomponerdarethende®nedby
PREIMG
PREIMG PREIMG

Thestrongcyclic precomponentiepends ®xedpointcom-
putation.We referthereaderto Jenser{2003a)for details.
Dueto the breadth-®rssearcicarriedout by NDP, weak
solutionshave minimum length best-casexecution paths
and strong solutionshave minimum length worst-casesx-
ecutionpaths(Cimatti et al. 2003). Formally, for a non-
deterministicplanningdomain anda plan of let
EXEC is apathof and de-
notethe setof executionpathsof startingat . Let the
lengthof a path with respecto a setof states
bede®nedby

Let MIN and MAX denotethe minimum
andmaximumlengthof anexecutionpathfrom to ofa
plan

MIN
EXEC
MAX
EXEC
Similarly, let denote the set of all plans of
and let WDisT (weak distance)and SDisT
(strongdistance)denotethe minimumof MIN and
MAX for ary plan of
WDisT MIN
SDisT MAX

Let WEAK and STRONG denotethe NDP algorithmwhere

PrReCOMP is substitutedwith and
For aweakplan WEAK andstrongplan
STRONG , wethenhave

MIN WDIsT

MAX SDiIsT

N-Fault Tolerant Planning Problems

A faulttolerantplanningdomainis anon-deterministiplan-
ning domainwhereactionshave primary andsecondaryef-
fects. The primary effect is deterministic. However, since
an action often canfail in mary differentways, we allow
the secondaryeffect to leadto one of several possiblenext
statesThus,secondangffectsarenon-deterministic.

De nition 1 (Fault Tolerant Planning Domain) A fault
tolerant planning domain is a tuple
whele is a nite set of states, is a nite set of



actions, is a deterministictransition
relation of primary effects, and is a
non-deterministictransition relation of secondaryeffects.
Instead of and , we write

and , respectively

An -faulttolerantplanningproblemis a non-deterministic
planningproblemextendedwith thefault limit

De nition 2 (N-Fault Tolerant Planning Problem) An -
fault tolerant planning problemis a tuple

whee s a fault tolerant planningdomain, is an
initial state is a setof goal states,and isan
upperboundon the numberof faults the plan mustbe able
to recover from.

An -fault tolerantplan is de®nedvia a transformationof
an -faulttolerantplanningproblemto a non-deterministic
planningproblem. The transformatioraddsa fault counter

to the statedescriptiorandmodelssecondaneffectsonly
when

De nition 3 (Induced Non-Det. Planning Problem) Let
whele be an
-fault tolerant planning problem. The non-deterministic
planning problem induced from is
whele
givenby

iff
— and ,or
— , ,and

De nition 4 (Valid N-Fault Tolerant Plan) A valid -
fault tolerant plan is a non-deterministicplan  for the
non-deterministiglanning probleminducedfrom  whese

Thus,an -faulttolerantplanis valid if any executionpath,
whereat most failureshappengventuallyreaches goal
state.An -faulttolerantplanis optimalif it hasminimum
worstcaseexecutionlength.

De nition 5 (Optimal N-Fault Tolerant Plan) Anoptimal
-faulttolerantplanis avalid -faulttolerantplan whee
MAX SDist

N-Fault Tolerant Planning Algorithms

It follows directly from the de®nition of strongplansthat
the STRONG algorithmreturnsavalid -fault tolerantplan,
if it exists,whengiventhe inducednon-deterministiglan-
ning problemasinput. Moreover, it follows from the op-
timality of STRONG thatthe returned -fault tolerantplan
alsois optimal. Let -FTP denotethe STRONG algorithm
appliedto an -fault tolerant planning problem. To im-
prove performanceurther, we also consideran algorithm
-GFTP basedon the guided version of STRONG de-
scribedin Jenser(2003a). Dueto the pureheuristicsearch
approach, -GFTP mayreturnsuboptimalkolutions.

We mayexpect -GFTP to beef®cientwhensecondary
effectsarelocal in the statespace becausahey thenwill
be coveredby the searchbeamof -GFTP . In practice,
however, secondareffectsmay be permanenmalfunctions
thatdueto theirimpactonthedomaincauseatransitionto a
non-localstate.Indeed,in theory the locationof secondary
effectsmaybe completelyuncorrelatedvith the locationof
primary effects. To solve this problem, we develop spe-
cializedalgorithmswherethe planningfor primaryandsec-
ondaryeffectsis decoupled We constrainour investigation
to 1-faulttolerantplanningandintroducetwo algorithms:1-
FTP usingblind searchand 1-GFTP usingguidedsearch.
1-FTP is shovn below. The function PREIMG computes

function 1-FTP

1 ;

2 ;

3  while

4 PREIMG

5 PrREIMG

6 while

7 PrREIMG

8 if then return “no planexists”
9

10 STATES

11 PREIMG
12

13 STATES

14 return

the preimageof secondaneffects. 1-FTP returnstwo non-
deterministicplans and  for thefaulttolerantdomain
where is appliedwhenno error hasoccurred,and the
recovery plan  is appliedwhenoneerror hashappened.
An exampleof the non-deterministipplans  and  re-
turnedby 1-FTP is shovn in Figurel. 1-FTP performsa
backwardsearchfrom the goal stateghatalternatebetween
blindly expanding and  suchthatfailure statesof
always canbe recoveredby . Initially, and are
assignedo emptyplans(l. 1-2). Thevariables and
arestatescoveredby the currentplansin and . They
areinitializedto thegoalstatesincethesestatesarecovered
by zerolengthplans. In eachiterationof the outerloop (I.
3-13), is expandedwith SAsin (. 12-13). First, a
candidate is computedlt is thepreimageof thestatesn
prunedfor SAs of statesalreadycoveredby (. 4).

Thevariable isassignedo restrictedo SAsfor which
all error statesare coveredby the currentrecovery plan (I.
5).If  isemptytherecovery planis expandedn theinner
loopuntil  is nonempty(l. 6-11). If therecovery planat
somepoint hasreacheda ®xed point,and s still empty
the algorithmterminateswith failure, sincein this caseno
recovery planexists(l. 8).

1-FTP expandsboth and blindly. An inherent
stratgy of thealgorithm,though,is notto expand  more
thannecessaryo recover thefaultsof . Thisis not the
casefor -FTP thatdoesnot distinguishstateswith dif-
ferentnumberof faults. The aggressie strategy of 1-FTP,



Figurel: An exampleof the non-deterministiplans  and
aredrawn with solid anddashedines, respectiely. In this example,we assumehat
recoversall the possiblefaultsof actionsin

initial stateto a goalstatewhile

however, makes it suboptimalasthe examplein Figure 2
shaws. In the®rsttwo iterationsof theouterloop, and

Figure2: A problemwith asinglegoalstate shaving that
1-FTP may return suboptimalsolutions. Dashedlines in-
dicate secondaryeffects. Notice that action and only
have secondareffectsin  and |, respectiely. In all other
statestheactionsareassumealiwaysto succeed.

areaddedto
third iterationof the outerloop,
and and is extendedwith
iterationsof the outerloop, and
. Theresultingplanis

andnothingis addedto . In the

is extendedwith

. In the lasttwo
areaddedto

Theworstcasdengthof this 1-faulttolerantplanis 4. How-
ever, al-faulttolerantplan

with worstcasdengthof 3 exists.

Despitethe differentsearchstratgiesappliedby 1-FTP
and -FTP , they both performblind search. A morein-
terestingalgorithmis a guidedversionof 1-FTP called 1-
GFTP. Theoverall designgoal of 1-GFTP is to guidethe
expansionof  towardtheinitial stateusinga heuristic
estimatinghedistancdo theinitial state andthenguidethe

returnedby 1-FTP. Primaryandsecondaryeffectsof actions

formsasequencef actionsfrom the

expansionof  towardthefailure statesof . However,
this canbeaccomplishedn mary differentways.Below we
evaluatethreedifferentstrateyies. For eachalgorithm,

is guidedin a pureheuristicmannertowardthe initial state
usingtheapproactemployedby -GFTP .

The ®rst stratgy is to assumehatfailure statesarelocal
andguide towardtheinitial stateaswell. Theresulting
algorithmis similarto -GFTP andhaspoorperformance.

The secondstratayy is idealin the sensethatit dynami-
cally guidesthe expansionof  toward error statesof the
precomponentef . This canbe doneby using a spe-
cializedBDD operationthat splits the precomponenof
accordingto the Hammingdistanceto the error states.The
compleity of this operation however, is exponentialin the
sizeof the BDD representindghe errorstatesandthe size of
the BDD representinghe precomponentf . Dueto the
dynamicprogrammingusedby the BDD packagethe aver-
agecompleity maybemuchlower. However, this doesnot
seemto bethe casen practice.

Thethird stratgy is the onechosenfor 1-GFTP. It ex-
pands  blindly, but thenprunesSAsfrom the precompo-
nent of not usedto recover error statesof . Thus,
it usesan indirect approachto guide the expansionof
We expectthis strateyy to work well evenif the absolute
location of error statesis non-local. However, the strateyy
assumeshatthe relative location of error statesis local in
the sensehatthe SAsin in expansion of arerel-
evantfor recovering error statesin expansion of .
In addition, we still have an essentiaproblemto solve: to
expand or . Therearetwo extremes:

1. Expand until rstrecoveryof . Computea com-

plete partitionedbackward precomponenof , expand

until somepartitionin ~ hasrecoverederror states,
andaddthe partitionwith lowest -valueto

2. Expand until bestrecoveryof . Computea com-
plete partitionedbackward precomponenof , expand
until the partitionof  with lowest -valuehasre-
coverederror statesandaddthis partitionto . If none
of theseerror statescan be recoveredthen considerthe
partitionwith secondowest -valueandsoon.

It turnsoutthatneitherof theseextremeswork well in prac-



tice. The ®rst is too conserative. It may add a partition
with a high -valueeventhougha partition with alow -
valuecanberecoveredgivenjust a few moreexpansionof
. The secondstratayy is too greedy It ignoresthe com-
plexity of expanding in orderto recover error statesof
thepartitionof  with lowest -value.Insteadwe consider
a mixed stratgyy: spendhalf of the last expansiontime on
recoveringerror statesof the partitionof ~ with lowest -
valueand,in casethisis impossible spendonefourth of the
lastexpansiortime onrecoveringerrorstatesof the partition
of  with secondowest -value,andsoon. Thel-GFTP
algorithmis showvn below. The keys in mapsare sortedas-
cendingly The instantiationof and of 1-GFTP s
similarto 1-FTP exceptthatthestatesn  arepartitioned
with respectto their associated -value. Initially the map
entry, is assignedo thegoalstates! Thevariable
storesthe durationof the previous expansion. Initially, it
is givena smallvalue . In eachiterationof the mainloop

function 1-GFTP

while

PRECOMPFTP

10 while

13 EXPANDTIMED
14 if then
15 EXPANDTIMED

17 if then return “no planexists”
18 PRUNEUNUSED
19 ; STATES
21 for to

22 STATES

23 return

(. 4-22),the precomponents and arecomputedand
addedto and . First, the starttime is loggedby
readingthe currenttime (I. 5). Thenamap hold-
ing acompletepartitionedprecomponentandidateof  is
computecby PRECOMPFTP (I. 6). For eachentryin
PRECOMPFTP insertsthepreimagen of eachpartition
of thetransitionrelationof primary effects. We assumehat
this partitioninghas  subrelations wherethe
transitionsrepresentetty  areassociatedvith a change
of the -value(in forwarddirection). Theinnerloop (l.
10-13) of 1-GFTP expandsthe two candidates and

o simplify the presentationwe assumethat all goal states
haveidentical -value.A generalizatiorof the algorithmis trivial.

function PRECoOMPFTP

1
2 for to
3 for to
4 PREIMG
5
6 return
for and . Ineachiteration,apartitionof thepartitioned

precomponent is addedto  (I. 12)2 The function
EXPANDTIMED (shavn below) expands . In iteration ,
thetime-outboundof theexpansioris . EXPANDTIMED
returnsearlyif:

1. A precomponent inthecandidate isfoundwhereall
errorstatesarerecovered(l. 5andl. 11),or

2.  hasreachedh ®xedpoint.

Thepreimageaddedto in iteration of EXPANDTIMED

is storedin the map entry in orderto prune SAs not
usedfor recovery. Eventually  may containall the SAs
in PC without ary of thesebeingrecoverable.In this case,
1-GFTP expands  (I. 15) untimed. If hasreacheda
®xedpointbut norecoverableprecomponent exists,no1-

faulttolerantplan existsand 1-GFTP returnswith “no plan
exists” (I. 17). Otherwise, is prunedfor SAs of states
not usedto recoverthe SAsin (. 18). This pruningis

computedoy PRUNEUNUSED (shavn below) thattraverses
backwardthroughthepreimage®f andmarksstateghat
eitherareerror statesof SAsin , or statesneededo re-

cover previously marked states. The functionsiMmG ~ and
IMG computethereachablestateof a setof SAs  for

primaryandsecondangffects,respectiely.

IMG
IMG

Theupdatingof  and
to 1-FTP exceptthat

in 1-GFTP (I. 19-22)is similar
is updatedby iterating over

andpicking SAsin . Noticethatin thisiteration refers
to thekeys of .

Thespecializedalgorithmscanbe generalizedo faults
by addingmorerecovery plans . For -

GFTPall of theserecoveryplanswould beindirectly guided
by the expansionof

Experimental Evaluation

Theexperimentakvaluationhastwo majorobjectives:to get
a betterintuition aboutthe natureof fault tolerantplansand
to comparethe performanceof the developedalgorithms.
1-FTP, 1-GFTP, 1-FTP , and1-GFTP havebeenimple-
mentedin the BIFROST 0.7 searchengine(Jenser2003b).
All experimentshave beenexecutedon a RedhatLinux 7.1
PCwith kernel2.4.16,500 MHz Pentiumlll CPU,512KB
L2 cacheand512 MB RAM. We referthereaderto Jensen
(2003a)for a detaileddescriptionof the experiments.

2Recallthat is traversedascendinglysuchthatthe partition
with lowest -valueis addedrst.



function EXPANDTIMED

1
2
3
4 STATES
5 PrREIMG
6 while
7
8
9 PrREIMG
10 STATES
11 PrREIMG
12 return
function PRUNEUNUSED
1 IMG
2 ;
3 for to
4
5 STATES
6 IMG
7 return
Unguided Search

Themainpurposeof theseaxperimentss to investigatdault
tolerantplansfor signi®cantreal-world domainsand com-
parethe performanceof 1-FTP and1-FTP. With respect
to the former, we have studiedNASA's Deep SpaceOne
domain(DS1) andthe “simple” Paver Supply Restoration
domain(PSR).In addition,we have examinedan arti®cial
power plantdomain. For all of thesedomainseven 1-fault
tolerantplansturn outto in ict high restrictionson the do-
main comparedo weakplans. In particular only 2 of the
original 4 errorsof the DS1experimentcouldbe considered
in the domainmodel dueto lack of redundang in DS1's
electricalsystem.This resultis encouragingsinceit proves
fault tolerantplansto be a substantiallystrongersolution
classthanweak plansandin additionillustratesthe natu-
ral connectiorbetweerthe existenceof fault tolerantplans
andtheredundang characteristicef themodeledsystem.

The 1-FTP algorithmroughly outperformsl-FTP by a
factorof 2 in all of theseexperiments. To investigatethis
performancalifferencefurther, we madeadditionalexperi-
mentswith alinearversionof thePSRdomainandtheBeam
domain(Cimattietal. 2003).Figure3 shavstheresults.As
depictedl-FTP hassigni®cantlybetterperformancehanl-
FTP alsoin thesedomains.

Guided Search

The main purposeof the experimentsin this sectionis to
study the differencebetweenl-GFTP and 1-GFTP . In
particular we are interestedn investigatinghow sensitve
thesealgorithmsare to non-localerror statesand to what
extent, we may expectthis to be a problemin practice.We
study 3 domains,of which onedescend$rom a real-world
study
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Figure3: Resultwof linearPSR(top) andBeamexperiments
(bottom).

LV ThelLV domainis an arti®cial domainand hasbeen
designedo demonstrat¢he differentpropertiesof 1-GFTP
and1-GFTP . Itisan grid world with initial state
andgoalstate . Theactionsare
Up, Down, Left, andRight. Above the line, actions
mayfail, causingthe and positionto be swapped.Thus,
errorstatesaremirroredin the line. A instance
of the problemis shavn belon. The essentiapropertyis

that error statesare non-local, but that two statescloseto



eachotheralso have error statescloseto eachother This
is theassumptiormadeby 1-GFTP, but not 1-GFTP that
requireserrorstatego belocal. Theheuristicvalueof astate
is the Manhattardistanceto theinitial state.Theresultsare
shavnin Figure4.
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Figure4: Theresultsof theLV experiments.

As depictedthe performancef 1-GFTP degradesvery
fastwith  dueto the misguidanceof the heuristicfor the
recovery part of the plan. Its total CPU time is morethan
500 secondsafter the ®rst threeexperiments.1-GFTP is
fairly unafectedby theerrorstates.To explainthis, consider
how the backward searchproceeddrom the goal state. The
guidedprecomponentsf will causethis planto beam
out toward the initial state. Due to the relative locality of
errorstatesthepruningof  will cause to beamoutin
the oppositedirection. Thus,both  and  remainsmall
duringthesearch.

8-Puzzle The 8-Puzzlefurther demonstrateshis differ-
encebetweenl-GFTP and1-GFTP . We considera non-
deterministicversionof the 8-Puzzlewherethe secondary
effectsare self loops. Thus, error statesarethe mostlocal
possible. We usethe usualsumof Manhattandistanceof
tilesasaheuristicestimateof thedistancedo theinitial state.
Theresultsareshownn in Figure6. Again, 1-FTP performs
substantiallybetterthan1-FTP . Theguidedalgorithmsl-
GFTP and1-GFTP have much betterperformancethan
theunguidedalgorithms.Dueto local error stateshowever,
thereis no substantiaperformancalifferencebetweerthese
two algorithms. As depicted,1-FTP is slightly fasterthan
1-GFTP in the experimentwith a minimum deterministic
solutionlengthof 14. For suchsmallproblemswe may ex-
pectto seethis sincel-FTP only expandstherecovery plan
whenneededvhile 1-GFTP expandsthe recovery part of
its planin eachiteration.

SIDMAR The®nalexperimentsareonthe SIDMAR steel
plantdomain. The purposeof theseexperimentss to study
therobustnesof 1-GFTP and1-GFTP to thekind of er

rors found in real-world domains. The SIDMAR domain
is an abstractmodel of a real-world steelproducingplant
in Ghent,Belgiumusedasan ESPRITcasestudy (Fehnler

1999). The layout of the steelplantis shavn in Figure5.
The goalis to caststeelof differentqualities. Pig iron is
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Figure5: Layoutof the SIDMAR steelplant.

pouredportion-wisein ladlesby the two corvertervessels.
The ladles can move autonomouslyon the two east-west
tracks. However, two ladlescan not passeachother and
therecan at most be one ladle betweenmachines. Ladles
aremovedin the north-southdirectionby thetwo overhead
cranes. The pig iron mustbe treateddifferently to obtain
steelof differentqualities. Thereare threedifferenttreat-
ments: 1) machinel and 4, 2) machine2 and 5, and 3)
machine3. Beforeemptyladlesare moved to the storage
place,the steelis castby the continuouscastingmachine.
A ladle canonly leave the castingmachineif therealready
is a ®lled ladle at the holding place. We assumethat ac-
tionsof machinel,2,4,and5 andmove actionson thetrack
mayfail. Thesecondaneffect of move actionsis thatnoth-
ing happendor the particularmove. Latermoves,however,
may still succeedThe secondaneffect of machineactions
is thatnotreatments carriedout, andthemachineis broken
down permanently

We considercastingtwo ladlesof steel. The heuristicis
thesumof machinetreatmentgarriedoutontheladles.The
experimentcompareghe performanceof 1-FTP, 1-GFTP,
1-FTP ,and1-GFTP . Theheuristicis thesumof machine
treatmentarriedout on the ladles. The resultsare shawvn
in Figure 6. Missing datapointsindicatesthat the associ-
atedalgorithmspentmorethan500 seconddrying to solve
the problem. The only algorithmwith goodperformances
1-GFTP. Theexperimentindicateshatreal-world domains
may have non-localerror statesthat limit the performance
of 1-GFTP . Also noticethatthisis theonly domainwhere
1-FTP doesnotoutperforml-FTP . In thisdomain,1-FTP
seemgo be ®nding comple plansthat ful®lls that the re-
covery planis minimal. Thus,thestrategy of 1-FTP to keep
the recovery plan assmall as possibledoesnot seemto be
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Figure 6: Resultsof the 8-Puzzle(top) and the SIDMAR
experimentgbottom).

anadwantagen general.

Conclusion

In this paperwe have introduced -faulttolerantplansasa
new solutionclassof SNDP Faulttolerantplansresidein the
gapbetweenweakplansandstrongcyclic andstrongplans.
They aremorerestrictve thanweakplans,but morerelaxed
thanstrongcyclic andstrongplans.Optimal -faulttolerant
planscanbe generatedby the strongplanningalgorithmvia
areductionto a strongplanningproblem.Our experimental
evaluationshavs, however, thatdueto non-localerrorstates,
it is often bene®cialto decouplethe planningfor primary
andsecondaneffectsof actions.

Fault tolerantplanningis a ®rst steptowardmorere®ned
modelsof uncertaintyin SNDPR A fruitful directionfor fu-
ture work is to move further in this directionand consider
fault tolerant plans that are adjustedto the likelihood of
faultsor to consideprobabilisticsolutionclassesvith other
transitionsemanticghanfaults.
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