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Abstract

Symbolic non-deterministicplanning representsaction ef-
fectsassetsof possiblenext states.In this paper, we move
towardamoreprobabilisticuncertaintymodelby distinguish-
ing betweenlikely primaryeffectsandunlikely secondaryef-
fectsof actions. We considerthe practically importantcase
wheresecondaryeffects are failures,and introduce � -fault
tolerantplansthatarerobustfor up to � faultsoccurringdur-
ing plan execution. Fault tolerantplansaremorerestrictive
than weak plans, but more relaxed than strong cyclic and
strongplans.Weshow thatoptimal � -fault tolerantplanscan
be generatedby the usualstrongalgorithm. However, due
to non-localerrorstates,it is oftenbene�cial to decouplethe
planningfor primaryandsecondaryeffects. We employ this
approachfor two specializedalgorithms1-FTP (blind) and
1-GFTP (guided)anddemonstratetheir advantagesexperi-
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 regardedas two alternative frameworks for solving
planningproblemswith uncertainoutcomesof actions.Both
frameworks are attractive, but for quite different reasons.
Themainadvantageof MDP solving is thehigh expressive
power of thedomainmodel: for eachstatein theMDP, the
effectof anactionis givenby aprobabilitydistributionover
next states. The framework, however, is challengedby a
high complexity of solvingMDPs. The main advantageof
SNDPis its scalability. Action effectsaremodeledassetsof
possiblenext statesinsteadof probabilitydistributionsover
thesestates.This allowspowerful symbolicsearchmethods
basedon Binary DecisionDiagrams(BDDs, Bryant 1986)
to be applied. SNDP, however, is challengedby its coarse
uncertaintymodel of action effects. The currentsolution
classesaresuitablewhena puredisjunctivemodelof action
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effects is suf®cient (e.g., for controlling worst-casebehav-
ior). However, whenthis is not thecase,they oftenbecome
toorelaxed(weakplans)or toorestrictive(strongcyclic and
strongplans).

A largebodyof work in MDP solvingaddressesthescal-
ability problem. In particular, symbolicmethodsbasedon
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, wheretheuncertaintymodelof ac-
tioneffectsisbroughtcloserto its probabilisticnature,isstill
lacking.In thispaper, wetakea®rst stepin thisdirectionby
introducinga new classof fault tolerantnon-deterministic
plans.Ourwork is motivatedby two observations:

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

2. Normally, noactionsareguaranteedto succeed.

Due to the ®rst observation,we proposea new uncertainty
modelof actioneffectsin SNDPthatdistinguishesbetween
primaryandsecondaryeffectsof actions.Theprimaryeffect
modelstheusualdeterministicbehavior of theaction,while
the secondaryeffect modelserror effects. Due to the sec-
ondobservation,weintroduce� -fault tolerantplansthatare
robustfor up to � errorsor faultsoccurringduringplanexe-
cution.Thisde®nitionof faulttoleranceis closelyconnected
to fault toleranceconceptsin controltheoryandengineering
(Balemiet al. 1993;Perraju,Rana,& Sarkar1997). Every
timewe boarda two enginedaircraft,we entera 1-fault tol-
erantsystem:a singleenginefailureis recoverable,but two
enginesfailing mayleadto anunrecoverablebreakdown of
thesystem.

An � -fault tolerantplan is not as restrictive as a strong
plan that requiresthat the goal can be reachedin a ®nite
numberof stepsindependentof the numberof errors. In
many cases,a strongplan doesnot exist becauseall possi-
ble combinationsof errorsmustbetakeninto account.This
is not the casefor fault tolerantplans,andif errorsare in-
frequent,they may still be very likely to succeed.A fault
tolerantplanis alsonotasrestrictiveasastrongcyclic plan.
An executionof a strongcyclic planwill never reachstates
notcoveredby theplanunlessit is agoalstate.Thus,strong



cyclic plansalsohaveto takeall errorcombinationsinto ac-
count.Weakplans,on theotherhand,aremorerelaxedthan
fault tolerantplans. Fault tolerantplans,however, are al-
mostalwayspreferableto weakplansbecausethey give no
guaranteesfor all thepossibleoutcomesof actions.For fault
tolerantplans,any actionmayfail, but onlyalimited number
of failuresarerecoverable.

One might suggestusinga deterministicplanningalgo-
rithm to generate� -fault tolerantplans. Considerfor in-
stancesynthesizinga1-faulttolerantplanin adomainwhere
thereis a non-faultingplan of length � andat most � error
statesof any action. It is temptingto claim that a 1-fault
tolerantplan thencanbe found by usingat most ��� calls
to a classicaldeterministicplanningalgorithm. This analy-
sis,however, is �a wed. It only holdsfor evaluatinga given
1-fault tolerantplan. It neglectsthat many additionalcalls
to theclassicalplanningalgorithmmaybe necessaryin or-
der to �nd a valid solution. Instead,we needan ef®cient
approachfor ®nding plansfor many statessimultaneously.
Thiscanbedonewith theBDD-basedapproachof SNDP.

The papercontributes a rangeof unguidedas well as
guidedalgorithmsfor generatingfault tolerantplans. We
®rst observe that an � -fault tolerantplanningproblemcan
be reducedto a strongplanningproblemand solved with
thestrongplanningalgorithm(ICAPS-032003).Theresult-
ing algorithmis called � -FTP� . Sincethe performanceof
blind strongplanningis limited, we alsoconsidera guided
versionof � -FTP� called � -GFTP� usingtheapproachin-
troducedin Jensen,Veloso& Bryant(2003).The � -GFTP�

algorithm is ef®cient whensecondaryeffectsare local. A
secondaryeffect is localwhenthereexistsashortpathlead-
ing from any resultingstateof thesecondaryeffect (anerror
state)to the resultingstateof the primary effect of the ac-
tion (the statereachedwhen the action succeeds).When
secondaryeffectsarelocal, theerror stateswill be covered
by the searchbeamof � -GFTP� . In practice,however,
secondaryeffectsmay be permanentmalfunctionsthat due
to their impacton the domaincausea transitionto a non-
local state.To solve thisproblem,wedecoupletheplanning
for primary andsecondaryeffects. We restrictour investi-
gationto 1-fault tolerantplanningandintroducetwo algo-
rithms: 1-FTP and1-GFTP usingblind andguidedsearch,
respectively. Thealgorithmshave beenimplementedin the
BIFROSTsearchengine(Jensen2003b)andexperimentally
evaluatedon a rangeof domainsincluding threereal-world
domains:DS1(Pecheur& Simmons2000),PRS(Thiébaux
& Cordier2001),andSIDMAR (Fehnker 1999). The ex-
perimentsillustratethenaturalconnectionbetweentheexis-
tenceof fault tolerantplansandtheredundancy characteris-
tics of themodeledsystem.Moreover, they show thateven
1-faulttolerantplansimposemuchstrongerrequirementson
thesystemthanweakplans.Finally, they indicatethatfaults
in real-world domainsoftencausenon-localtransitionsthat
requirespecializedplanningalgorithmsto be handledef®-
ciently.

Previousworkexplicitly representingandreasoningabout
action failure is very limited. Somereactive planningap-
proachestake actionfailure into account(e.g. Georgeff &
Lansky 1986;Williams et al. 2003),but do not involvepro-

ducing a fault tolerantplan. The MRGplanninglanguage
(Giunchiglia,Spalazzi,& Traverso1994)explicitly models
failure effects. However, this work doesnot includeplan-
ning algorithmsfor generatingfault tolerantplans. To our
knowledge,the � -fault tolerantplanningalgorithmsintro-
ducedin this paperare the ®rst automatedplanningalgo-
rithmsfor generatingfault tolerantplansgivenadescription
of thedomainthatexplicitly representsfailureeffectsof ac-
tions.

In thefollowing section,we presentnecessarySNDPter-
minologyandresults.We thende®ne� -fault tolerantplans
and describethe developed fault tolerant planning algo-
rithms. Finally, we presentour experimentalevaluationand
draw conclusions.

SymbolicNon-Deterministic Planning
A non-deterministicplanningdomainis a tuple �����
	���
������

where � is a ®nite setof states,	���
 is a®nite setof actions,
and ��������	���
���� is a non-deterministictransitionre-
lation of actioneffects. Insteadof ����� �!�"�$#&%('(� , we write

�*) �+�,# . Thesetof next statesof anaction � appliedin state
� is given by NEXT ����� �-%/.

�

�0#213� )�4�5# � . An action �

is calledapplicablein state � if f NEXT ����� �-%76

8:9 . The set
of applicableactionsin a state� is givenby APP ���0%;.

�

�*1

NEXT �<��� �-%�6

8=9

� .
A non-deterministic planning problem is a tuple

�&>?�
��@�� AB� where> is anon-deterministicplanningdomain,
�

@
'C� is an initial state,and AD�E� is a set of goal

states. Let > be a non-deterministicplanningdomain. A
state-actionpair �<��� �-� of > is a state �F'G� associated
with anapplicableaction �H' APP ���0% . A non-deterministic
plan is a setof state-actionpairs(SAs) de®ninga function
from statesto setsof actionsrelevant to apply in order to
reacha goal state. Statesareassumedto be fully observ-
able. An executionof a non-deterministicplan is an alter-
nationbetweenobservingthecurrentstateandchoosingan
actionto apply from the setof actionsassociatedwith the
state. The set of statescovered by a plan I is given by
STATES �JIK%L.

�

�M1ON��QP5����� �-�R'SI � . The set of possi-
ble endstatesof a plan is givenby CLOSURE �JIK%(.

�

�$#T6 '

STATES �JIK%U1VNW����� �-�X'UI/P"�5#Y' NEXT ����� �-% � .
Following Cimatti et al. (2003),we useCTL to de®ne

weak, strongcyclic, and strongplans. CTL speci®esthe
behavior of a systemrepresentedby a Kripke structure. A
Kripkestructureis a pair Z

8

����� [\� where � is a ®nite set
of statesand []�:�=�R� is a total transitionrelation. An
executiontreeis formedby designatingastatein theKripke
structureasaninitial stateandthenunwindingthestructure
into anin®nite treewith thedesignatedstateasroot.

We considera subsetof CTL formulas with two path
quanti�ers ^ (“for all executionpaths”) and _ (“for some
executionpath”) andone temporal operator ` (“until”) to
describepropertiesof a paththroughthetree.Givena ®nite
setof states� , thesyntaxof CTL formulasareinductively
de®nedasfollows

a Eachelementof b

� is a formula,
a�ced , _Y��f�`

d

% , and ^Y��f�`

d

% areformulasif f and d are.



In the following inductive de®nition of the semanticsof
CTL, Z/�����

8

d denotesthat d holdson theexecutiontree
of theKripkestructureZ

8

��� �"[\� rootedin thestate�

a

Z ����@��

8�� if f ��@B'

� ,
a

Z ����@��

8

ced if f Z/����@ 6�

8

d ,
a

Z ��� @ �

8

_Y��f�`

d

% if f thereexistsapath � @ �	��
�


 and �����

suchthat Z/�������

8

d and,for all ��������� , Z/�������

8

f ,
a

Z ����@��

8

^Y��f�`

d

% if f for all paths��@	� � 


�
 thereexists ���

� suchthat Z/���
���

8

d and,for all � ���!�"� , Z/�����#�

8

f .
We will usethreeabbreviations ^%$

d

.S^Y���(`

d

% , _&$

d

.

_Y���B`

d

% , ^('

d

.

c

_%$

ced . Since � is the completesetof
statesin the Kripke structure,the CTL formula � holdsin
any state. Thus, ^%$

d meansthat for all executionpathsa
state,where d holds,will eventuallybereached.Similarly,

_%$

d meansthat thereexists an executionpath reachinga
statewhere d holds. Finally, ^('

d holds if every stateon
any executionpathsatis®esd .

The execution model of a plan I for the problem
�&>7�"�,@��"AB� of thedomain>

8

��� ��	Q��
��
� � isaKripkestruc-
ture ) �JIK%

8

��� �"[\� where
a

�

8 CLOSURE � IK%+* STATES �JIK%�*=A ,
a

�����"�5# �?' [ if f � 6' A/�QN-�QP5����� �-�?'=I and � )�4�5# , or
�

8

�
# and �\' CLOSURE � IK%+*=A .

Noticethatall executionpathsarein®nite which is required
in orderto de®nesolutionsin CTL. If a stateis reachedthat
is not coveredby theplan(e.g.,a goalstateor a deadend),
thepost®xof theexecutionpathfrom thisstateis anin®nite
repetitionof it. Givena problem,

8

�J>?�"�5@ � AB� anda plan
I for > wethenhave

a

I is a weakplaniff ) � IK%��"�5@#�

8

_%$;A ,
a

I is a strongcyclic planif f ) �JIK%��"�5@#�

8

^(' _%$VA ,
a

I is a strongplaniff ) �JIK%��
�
@

�

8

^%$ A .
Weak,strongcyclic, andstrongplanscanbesynthesized

by the NDP algorithm shown below. The algorithm per-
forms a backward breadth-®rstsearchfrom the goal states
to the initial state.Thesetoperationscanbeef®ciently im-
plementedusingBDDs. For a detaileddescriptionof this
approach,we refer thereaderto Jensen(2003a).In eachit-
eration(l.2-7), NDP computesthe state-actionpairs(SAs)
of thebackwardsearchfrontierof thestates- currentlycov-
eredby the plan (l.3). This setof SAs is calleda precom-
ponentof - sinceit containsstatesthatcanreach- in one
step. In a guidedversionof thealgorithm(Jensen,Veloso,
& Bryant2003),theSAsof theprecomponentis partitioned
accordingto aheuristicmeasure(e.g.anestimateof thedis-
tanceto theinitial state).

function NDP �<�,@ �"AB%

1 �/. 9 ; -

.

A

2 while �
@

6'0-

3 ��12. PRECOMP �3-\%

4 if �41 8 9 then return “no planexists”
5 else
6 �/.5�

*

�
1

7 -

.

-�* STATES �

�41

%

8 return �

The strong, strong cyclic, and weak planning algorithms
only differ by the de®nition of the precomponent. Let
PREIMG �6-\% denotethe set of SAs where the action ap-
plied in the statemay lead into the set of states- . That
is PREIMG �6-\%?.

�

�<� �"�-�=1 NEXT �<��� �-%�78- 6

8]9

� . The
weakandstrongprecomponentarethende®nedby

�

-:9X�3-\% . PREIMG �3-\%�;2- �2	Q��
��

�

-2<$�3-\% . � PREIMG �6-\%�; PREIMG � -B% %�;2- ��	���
�P

Thestrongcyclic precomponentdependsa®xedpointcom-
putation.We referthereaderto Jensen(2003a)for details.

Dueto thebreadth-®rstsearchcarriedoutby NDP, weak
solutionshave minimum length best-caseexecutionpaths
andstrongsolutionshave minimum length worst-caseex-
ecutionpaths(Cimatti et al. 2003). Formally, for a non-
deterministicplanning domain > and a plan I of > let
EXEC �<� � IK%(.

�

� 1+� is a pathof ) �JIK% and ��@

8

� � de-
note the set of executionpathsof I startingat � . Let the
lengthof a path �

8

� @ �	�4




 with respectto a setof states
- bede®nedby

� �=� > .

?

� 1A@CBD� � '0-FEHGJIK� � 6'L-5BNMPOD���8�!�"�

Q

1AMSR�T=U�O�VW@YXZU P

Let M IN �<� �[- � IK% and MAX �����[- � IK% denotethe minimum
andmaximumlengthof anexecutionpathfrom � to - of a
plan I

M IN �����[- � IK% . \ @CG

][^ EXEC _

<[` aHb

� �=� >��

MAX �����[- � IK% . \!EHc

][^ EXEC _

<[` aHb

� �=� >�P

Similarly, let d denote the set of all plans of >

and let WDIST �<� �[-\% (weak distance)and SDIST �<� �[-\%

(strongdistance)denotetheminimumof M IN �<����- � IK% and
MAX ������- � IK% for any plan IL'ed of >

WDIST ������-\% . \ @CG

a

^Hf

M IN ������- � IK%��

SDIST ������-\% . \ @CG

a

^Hf

MAX ������- � IK%�P

Let WEAK andSTRONG denotethe NDP algorithmwhere
PRECOMP �6-\% is substitutedwith �

-29X�3-\% and �

-2<0�3-\% .
For a weakplan Ig9

8 WEAK �<�,@��"AB% andstrongplan Ih<

8

STRONG ���,@ � AB% , we thenhave

M IN �<�,@��"A/� Ig9 %

8 WDIST �<�,@��"AB%��

MAX ���,@ � A/� Ig<�%

8 SDIST ���,@�� AB%�P

N-Fault Tolerant Planning Problems
A faulttolerantplanningdomainis anon-deterministicplan-
ning domainwhereactionshave primaryandsecondaryef-
fects. The primary effect is deterministic. However, since
an actionoften can fail in many differentways, we allow
thesecondaryeffect to leadto oneof several possiblenext
states.Thus,secondaryeffectsarenon-deterministic.

De�nition 1 (Fault Tolerant Planning Domain) A fault
tolerant planning domain is a tuple �<� �
	���
��
�*�3i��

where � is a �nite set of states, 	Q��
 is a �nite set of



actions, �G� � �*	���
/�*� is a deterministictransition
relation of primary effects,and i � � �*	���
/�*� is a
non-deterministictransition relation of secondaryeffects.
Instead of ����� �!�
�5#&%G'(� and ����� �!�
�5# % '2i , we write

��) � �,# and �*) i �5# , respectively.

An � -fault tolerantplanningproblemis a non-deterministic
planningproblemextendedwith thefault limit � .

De�nition 2 (N-Fault Tolerant Planning Problem) An � -
fault tolerant planning problem is a tuple �&>7�"�0@ �"A/� �K�

where > is a fault tolerant planningdomain, � @ ' � is an
initial state, A � � is a setof goal states,and � 1�� is an
upperboundon thenumberof faults theplan mustbe able
to recover from.

An � -fault tolerantplan is de®nedvia a transformationof
an � -fault tolerantplanningproblemto a non-deterministic
planningproblem. The transformationaddsa fault counter

� to thestatedescriptionandmodelssecondaryeffectsonly
when �L� � .

De�nition 3 (Induced Non-Det. Planning Problem) Let
,

8

�J>?�V� @ �"A/� �K� where >

8

�<� �
	���
��
� �3i�� be an
� -fault tolerant planning problem. The non-deterministic
planning problem induced from , is ,����

8

�&>���� �

���,@�������� A �

�

� �

�


�� � �$� where >����

8

�<����� �
	���


���

������� �

givenby
a

���	�

8

� �

�

� �

�


�� � � ,
a

	Q��


�	�

8

	Q��
 ,
a

�����"�Y�L) �

�	�

���5#<�"� # � iff

– ��) � �,# and � #

8

� , or

– �
)

i �5# , �L� � , and � #

8

��

� .

De�nition 4 (Valid N-Fault Tolerant Plan) A valid � -
fault tolerant plan is a non-deterministicplan I for the
non-deterministicplanningprobleminducedfrom , where

) �JIK%��"�����

@

�

8

^%$ A���� .

Thus,an � -fault tolerantplanis valid if any executionpath,
whereat most � failureshappen,eventuallyreachesa goal
state.An � -fault tolerantplanis optimal if it hasminimum
worstcaseexecutionlength.

De�nition 5 (Optimal N-Fault Tolerant Plan) Anoptimal
� -fault tolerantplan is a valid � -fault tolerantplan I where
MAX �<���	�

@

�"A��	�-� IK%

8 SDIST �<���	�

@

�"A��	��% .

N-Fault Tolerant Planning Algorithms
It follows directly from the de®nition of strongplansthat
theSTRONG algorithmreturnsa valid � -fault tolerantplan,
if it exists,whengiventhe inducednon-deterministicplan-
ning problemas input. Moreover, it follows from the op-
timality of STRONG that the returned� -fault tolerantplan
alsois optimal. Let � -FTP� denotetheSTRONG algorithm
applied to an � -fault tolerant planning problem. To im-
prove performancefurther, we also consideran algorithm

� -GFTP� basedon the guided version of STRONG de-
scribedin Jensen(2003a).Due to thepureheuristicsearch
approach,� -GFTP� mayreturnsuboptimalsolutions.

Wemayexpect � -GFTP� to beef®cientwhensecondary
effectsare local in the statespace,becausethey thenwill
be coveredby the searchbeamof � -GFTP� . In practice,
however, secondaryeffectsmaybepermanentmalfunctions
thatdueto their impactonthedomaincauseatransitionto a
non-localstate.Indeed,in theory, thelocationof secondary
effectsmaybecompletelyuncorrelatedwith thelocationof
primary effects. To solve this problem, we develop spe-
cializedalgorithmswheretheplanningfor primaryandsec-
ondaryeffectsis decoupled.We constrainour investigation
to 1-faulttolerantplanningandintroducetwo algorithms:1-
FTP usingblind searchand1-GFTP usingguidedsearch.
1-FTP is shown below. The function PREIMG � computes

function 1-FTP ��� @ � AB%

1 �

@

. 9 ; -

@

.

A

2 �

�

. 9 ; -

�

.

A

3 while � @�� 'L-

@

4 �

@

1

. PREIMG �6-

@

% ;2-

@

�H	���


5 �

@

.

�

@

1

; PREIMG � � -

�

%

6 while �

@

8 9

7 �

�

. PREIMG �6-

�

% ;2-

�

�2	Q��


8 if �

�

8=9 then return “no planexists”
9 �

�

.

�

�

*7�

�

10 -

�

.

-

�

* STATES �<�

�

%

11 �

@

.

�

@

1

; PREIMG � � -

�

%

12 �

@

.

�

@

*U�

@

13 -

@

.

-

@

* STATES �<�

@

%

14 return ���

@

���

�

�

thepreimageof secondaryeffects. 1-FTP returnstwo non-
deterministicplans �

@ and �

� for thefault tolerantdomain
where �

@ is appliedwhen no error hasoccurred,and the
recovery plan �

� is appliedwhenoneerror hashappened.
An exampleof the non-deterministicplans �

@ and �

� re-
turnedby 1-FTP is shown in Figure1. 1-FTP performsa
backwardsearchfrom thegoalstatesthatalternatebetween
blindly expanding�

@ and �

� suchthat failurestatesof �

@

always canbe recoveredby �

� . Initially, �

@ and �

� are
assignedto emptyplans(l. 1-2). Thevariables-

@ and -

�

arestatescoveredby thecurrentplansin �

@ and �

� . They
areinitializedto thegoalstatessincethesestatesarecovered
by zerolengthplans. In eachiterationof the outerloop (l.
3-13), �

@ is expandedwith SAs in �

@ (l. 12-13). First, a
candidate�

@

1 is computed.It is thepreimageof thestatesin
�

@ prunedfor SAs of statesalreadycoveredby �

@ (l. 4).
Thevariable�

@ is assignedto �

@

1 restrictedto SAsfor which
all error statesarecoveredby the currentrecovery plan (l.
5). If �

@ is emptytherecoveryplanis expandedin theinner
loop until �

@ is nonempty(l. 6-11). If the recovery planat
somepoint hasreacheda ®xedpoint, and �

@ is still empty,
the algorithmterminateswith failure, sincein this caseno
recoveryplanexists(l. 8).

1-FTP expandsboth �

@ and �

� blindly. An inherent
strategy of thealgorithm,though,is not to expand �

� more
thannecessaryto recover the faultsof �

@ . This is not the
casefor � -FTP� that doesnot distinguishstateswith dif-
ferentnumberof faults. Theaggressive strategy of 1-FTP,
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Figure1: An exampleof thenon-deterministicplans
�

@ and
�

� returnedby 1-FTP. Primaryandsecondaryeffectsof actions
aredrawn with solid anddashedlines,respectively. In this example,we assumethat

�

@ formsa sequenceof actionsfrom the
initial stateto agoalstate,while

�

� recoversall thepossiblefaultsof actionsin �

@ .

however, makes it suboptimalas the examplein Figure 2
shows. In the®rst two iterationsof theouterloop, ����� ����� and

�

�

�

�

�

� �

� �

���

�

�
�

�
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�,@

Figure2: A problemwith a singlegoalstate� showing that
1-FTP may returnsuboptimalsolutions. Dashedlines in-
dicatesecondaryeffects. Notice that action

�
and

�
only

havesecondaryeffectsin �
�

and �
@

, respectively. In all other
states,theactionsareassumedalwaysto succeed.

���
�

����� areaddedto �

@ andnothingis addedto �

� . In the
third iterationof theouterloop, �

� is extendedwith ���
�

�	���

and
� �
� � �-�

and
�

@ is extendedwith
�3�
� �"�-�

. In the last two
iterationsof theouterloop,

� �
�

�"�-�
and

���,@ �"�-�
areaddedto

�

@ . Theresultingplanis

�

@
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Theworstcaselengthof this1-fault tolerantplanis 4. How-
ever, a1-fault tolerantplan

�

@
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with worstcaselengthof 3 exists.
Despitethe differentsearchstrategiesappliedby 1-FTP

and
�
-FTP

�
, they both performblind search. A more in-

terestingalgorithmis a guidedversionof 1-FTP called1-
GFTP. Theover all designgoalof 1-GFTP is to guidethe
expansionof

�

@ toward the initial stateusinga heuristic 


estimatingthedistanceto theinitial state,andthenguidethe

expansionof
�

� toward the failure statesof
�

@ . However,
thiscanbeaccomplishedin many differentways.Below we
evaluatethreedifferentstrategies. For eachalgorithm, �

@

is guidedin a pureheuristicmannertoward the initial state
usingtheapproachemployedby

�
-GFTP

�
.

The®rst strategy is to assumethat failurestatesarelocal
andguide �

� towardthe initial stateaswell. Theresulting
algorithmis similar to

�
-GFTP

�
andhaspoorperformance.

The secondstrategy is ideal in the sensethat it dynami-
cally guidestheexpansionof �

� towarderror statesof the
precomponentsof �

@ . This can be doneby using a spe-
cializedBDD operationthatsplits theprecomponentof

�

�

accordingto theHammingdistanceto theerrorstates.The
complexity of this operation,however, is exponentialin the
sizeof theBDD representingtheerrorstatesandthesizeof
theBDD representingtheprecomponentof

�

@ . Dueto the
dynamicprogrammingusedby theBDD package,theaver-
agecomplexity maybemuchlower. However, this doesnot
seemto bethecasein practice.

The third strategy is the onechosenfor 1-GFTP. It ex-
pands�

� blindly, but thenprunesSAsfrom theprecompo-
nent of �

� not usedto recover error statesof �

@ . Thus,
it usesan indirect approachto guidethe expansionof

�

� .
We expect this strategy to work well even if the absolute
location of error statesis non-local. However, the strategy
assumesthat the relativelocation of error statesis local in
the sensethat the SAs in

�

� in expansion
�

of
�

@ arerel-
evant for recoveringerror statesin expansion

� 
 �
of

�

@ .
In addition,we still have an essentialproblemto solve: to
expand�

@ or �

� . Therearetwo extremes:

1. Expand �

� until �r st recovery of �

@ . Computea com-
pletepartitionedbackwardprecomponentof

�

@ , expand
�

� until somepartition in
�

@ hasrecoverederror states,
andaddthepartitionwith lowest 
 -valueto

�

@ .

2. Expand
�

� until bestrecovery of
�

@ . Computea com-
pletepartitionedbackwardprecomponentof �

@ , expand
�

� until the partition of �

@ with lowest 
 -valuehasre-
coverederrorstates,andaddthis partitionto

�

@ . If none
of theseerror statescan be recoveredthen considerthe
partitionwith secondlowest 
 -valueandsoon.

It turnsout thatneitherof theseextremeswork well in prac-



tice. The ®rst is too conservative. It may add a partition
with a high 
 -valueeven thougha partition with a low 
 -
valuecanberecoveredgivenjust a few moreexpansionsof

�

� . Thesecondstrategy is too greedy. It ignoresthecom-
plexity of expanding �

� in order to recover error statesof
thepartitionof �

@ with lowest 
 -value.Instead,weconsider
a mixed strategy: spendhalf of the last expansiontime on
recoveringerrorstatesof thepartitionof �

@ with lowest 
 -
valueand,in casethis is impossible,spendonefourthof the
lastexpansiontimeonrecoveringerrorstatesof thepartition
of �

@ with secondlowest 
 -value,andsoon. The1-GFTP
algorithmis shown below. Thekeys in mapsaresortedas-
cendingly. The instantiationof �

@ and �

� of 1-GFTP is
similar to 1-FTP exceptthatthestatesin -

@ arepartitioned
with respectto their associated
 -value. Initially the map
entry, �

@��


�������	�
 is assignedto thegoalstates.1 Thevariable
�

storesthedurationof thepreviousexpansion.Initially, it
is givena small value 
 . In eachiterationof themain loop

function 1-GFTP�<� @ �"AB%
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.
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17 if �

@

8 9 then return “no planexists”
18 �
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23 return ���

@
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(l. 4-22), the precomponents� @ and �

� arecomputedand
addedto �

@ and �

� . First, the start time
�

< is loggedby
readingthecurrenttime

�1�2���

(l. 5). Thena map ��� hold-
ing acompletepartitionedprecomponentcandidateof �

@ is
computedby PRECOMPFTP (l. 6). For eachentry in �

@ ,
PRECOMPFTP insertsthepreimagein ��� of eachpartition
of thetransitionrelationof primaryeffects.We assumethat
this partitioninghas 3 subrelations[�� �



�
 [54 wherethe
transitionsrepresentedby [ � areassociatedwith a change

6



� of the 
 -value(in forwarddirection).Theinner loop (l.

10-13)of 1-GFTP expandsthe two candidates�

@

1 and �

�

1

1To simplify the presentation,we assumethat all goal states
have identical 7 -value.A generalizationof thealgorithmis trivial.

function PRECOMPFTP �8�
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2 for �
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3 for �
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6 return ���

for �

@ and �

� . In eachiteration,apartitionof thepartitioned
precomponent��� is addedto �

@

1 (l. 12).2 The function
EXPANDTIMED (shown below) expands�

�

1 . In iteration � ,
thetime-outboundof theexpansionis

�

� b

� . EXPANDTIMED
returnsearlyif:

1. A precomponent�

@ in thecandidate�

@

1 is foundwhereall
errorstatesarerecovered(l. 5 andl. 11),or

2. �

�

1 hasreacheda ®xedpoint.

Thepreimageaddedto �

�

1 in iteration � of EXPANDTIMED
is storedin the mapentry �

�

1

�

� 
 in order to pruneSAs not
usedfor recovery. Eventually �

@

1 may containall the SAs
in PC without any of thesebeingrecoverable.In this case,
1-GFTP expands�

�

1 (l. 15) untimed. If �

�

1 hasreacheda
®xedpointbut norecoverableprecomponent�

@ exists,no1-
fault tolerantplanexistsand1-GFTP returnswith “no plan
exists” (l. 17). Otherwise,�

�

1 is prunedfor SAs of states
not usedto recover the SAs in �

@ (l. 18). This pruningis
computedby PRUNEUNUSED (shown below) that traverses
backwardthroughthepreimagesof �

�

1 andmarksstatesthat
eitherareerror statesof SAs in �

@ , or statesneededto re-
cover previously markedstates.The functionsIMG �JIK% and
IMG � � IK% computethereachablestatesof a setof SAs I for
primaryandsecondaryeffects,respectively.

IMG �JIK% .
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#

1VNY�<��� �-�;' I P
�
)

� �

#

���

IMG � �JIK% .
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#

1VNY�<��� �-�;' I P
�
)

i �

#

��P

Theupdatingof �

@ and �

� in 1-GFTP (l. 19-22)is similar
to 1-FTP except that �

@ is updatedby iteratingover ���

andpickingSAsin �

@ . Noticethatin this iteration 

� refers

to thekeysof ��� .
Thespecializedalgorithmscanbegeneralizedto � faults

by addingmorerecovery plans ��> ���?>A@

�

��




����

@ . For � -
GFTPall of theserecoveryplanswouldbeindirectlyguided
by theexpansionof �B> .

Experimental Evaluation
Theexperimentalevaluationhastwo majorobjectives:to get
a betterintuition aboutthenatureof fault tolerantplansand
to comparethe performanceof the developedalgorithms.
1-FTP, 1-GFTP, 1-FTP� , and1-GFTP� havebeenimple-
mentedin theBIFROST0.7 searchengine(Jensen2003b).
All experimentshave beenexecutedon a RedhatLinux 7.1
PCwith kernel2.4.16,500MHz PentiumIII CPU,512KB
L2 cacheand512MB RAM. We refer thereaderto Jensen
(2003a)for a detaileddescriptionof theexperiments.

2Recallthat C9D is traversedascendinglysuchthatthepartition
with lowest 7 -valueis added�rst.



function EXPANDTIMED ���

@

1

�,�

�

1

��-

�

�

�

%

1
�

<

.

�������

2 �������

�

1

.��

3 �

.

� �

�

1

�

4 �

�

�	��
 ;

. STATES ���

�

1

%+*�-

�

5 �

@

.

�

@

1

; PREIMG � � �

�

�	��
 ; %

6 while �

@

8 9 (

����� �

�

1

6

8

�

�

1

(

�������.-/�

< �

�

7 ����� �

�

1

.

�

�

1

8 �

.

� 
 �

9 �

�

1

�

� 


. PREIMG ���

�

�	��
 ; %�;
�

�

�	��
 ; �H	���


10 �

�

����
�;

. STATES �<�

�

1

%+* -

�

11 �

@

.

�

@

1

; PREIMG � � �

�

�	��
 ; %

12 return �+�

�

1

�"�

@

�

function PRUNEUNUSED �#�

�

1

�"�

@

%

1 �

���

. IMG � �<�

@

%

2 �

���!. 9 ; �

&����

�

�

. 9

3 for �

8

� �

�

1

� to �

4 �

�

1

�

� 


.

�

�

1

�

� 
 7�� �������L* ��3

�

%;�2	���
��

5 �

&����

�

�

. �

&����

�

��* STATES �+�

�

1

�

� 
 %

6 �

���!. IMG �+�

�

1

�

� 
 %

7 return �

�

1

7 �

�

&����

�

�U�2	Q��
 %

UnguidedSearch
Themainpurposeof theseexperimentsis to investigatefault
tolerantplansfor signi®cantreal-world domainsandcom-
paretheperformanceof 1-FTP� and1-FTP. With respect
to the former, we have studiedNASA's DeepSpaceOne
domain(DS1) andthe “simple” Power SupplyRestoration
domain(PSR).In addition,we have examinedan arti®cial
power plantdomain.For all of thesedomains,even1-fault
tolerantplansturn out to in�ict high restrictionson thedo-
main comparedto weakplans. In particular, only 2 of the
original4 errorsof theDS1experimentcouldbeconsidered
in the domainmodel due to lack of redundancy in DS1's
electricalsystem.This resultis encouragingsinceit proves
fault tolerantplans to be a substantiallystrongersolution
classthan weak plansand in addition illustratesthe natu-
ral connectionbetweentheexistenceof fault tolerantplans
andtheredundancy characteristicsof themodeledsystem.

The1-FTP algorithmroughlyoutperforms1-FTP� by a
factorof 2 in all of theseexperiments.To investigatethis
performancedifferencefurther, we madeadditionalexperi-
mentswith alinearversionof thePSRdomainandtheBeam
domain(Cimattietal. 2003).Figure3 showstheresults.As
depicted1-FTP hassigni®cantlybetterperformancethan1-
FTP� alsoin thesedomains.

Guided Search
The main purposeof the experimentsin this sectionis to
study the differencebetween1-GFTP and 1-GFTP� . In
particular, we are interestedin investigatinghow sensitive
thesealgorithmsare to non-localerror statesand to what
extent,we mayexpectthis to bea problemin practice.We
study3 domains,of which onedescendsfrom a real-world
study.
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Figure3: Resultsof linearPSR(top)andBeamexperiments
(bottom).

LV The LV domainis an arti®cial domainandhasbeen
designedto demonstratethedifferentpropertiesof 1-GFTP
and1-GFTP

�
. It is an

3 �.3
grid world with initial state

� ��� 3

-

�5%
andgoalstate

� � 3
�

b"! �#� 3
�

b�!0%
. Theactionsare

Up, Down, Left, andRight. Above the $

8&% line, actions
mayfail, causingthe % and $ positionto beswapped.Thus,
errorstatesaremirroredin the $

8'% line. A (
�

( instance
of the problemis shown below. The essentialpropertyis
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that error statesare non-local,but that two statescloseto



eachotheralsohave error statescloseto eachother. This
is theassumptionmadeby 1-GFTP, but not 1-GFTP� that
requireserrorstatesto belocal. Theheuristicvalueof astate
is theManhattandistanceto theinitial state.Theresultsare
shown in Figure4.
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Figure4: Theresultsof theLV experiments.

As depicted,theperformanceof 1-GFTP� degradesvery
fastwith 3 dueto themisguidanceof the heuristicfor the
recovery part of the plan. Its total CPU time is morethan
500 secondsafter the ®rst threeexperiments.1-GFTP� is
fairly unaffectedby theerrorstates.To explainthis,consider
how thebackwardsearchproceedsfrom thegoalstate.The
guidedprecomponentsof �

@ will causethis plan to beam
out toward the initial state. Due to the relative locality of
errorstates,thepruningof �

� will cause�

� to beamout in
theoppositedirection. Thus,both �

@ and �

� remainsmall
duringthesearch.

8-Puzzle The 8-Puzzlefurther demonstratesthis differ-
encebetween1-GFTP and1-GFTP� . We considera non-
deterministicversionof the 8-Puzzlewherethe secondary
effectsareself loops. Thus,error statesarethe mostlocal
possible.We usethe usualsumof Manhattandistancesof
tilesasaheuristicestimateof thedistanceto theinitial state.
Theresultsareshown in Figure6. Again, 1-FTP performs
substantiallybetterthan1-FTP� . Theguidedalgorithms1-
GFTP and 1-GFTP� have much betterperformancethan
theunguidedalgorithms.Dueto localerrorstates,however,
thereis nosubstantialperformancedifferencebetweenthese
two algorithms. As depicted,1-FTP is slightly fasterthan
1-GFTP� in theexperimentwith a minimumdeterministic
solutionlengthof 14. For suchsmallproblems,we mayex-
pectto seethis since1-FTP only expandstherecoveryplan
whenneededwhile 1-GFTP� expandstherecovery partof
its planin eachiteration.

SIDMAR The®nalexperimentsareontheSIDMAR steel
plantdomain.Thepurposeof theseexperimentsis to study
therobustnessof 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,BelgiumusedasanESPRITcasestudy(Fehnker

1999). The layout of the steelplant is shown in Figure5.
The goal is to caststeelof differentqualities. Pig iron is
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Figure5: Layoutof theSIDMAR steelplant.

pouredportion-wisein ladlesby the two convertervessels.
The ladlescan move autonomouslyon the two east-west
tracks. However, two ladlescan not passeachother and
therecan at most be one ladle betweenmachines.Ladles
aremovedin thenorth-southdirectionby thetwo overhead
cranes. The pig iron must be treateddifferently to obtain
steelof differentqualities. Thereare threedifferent treat-
ments: 1) machine1 and 4, 2) machine2 and 5, and 3)
machine3. Beforeempty ladlesaremoved to the storage
place,the steelis castby the continuouscastingmachine.
A ladlecanonly leave thecastingmachineif therealready
is a ®lled ladle at the holding place. We assumethat ac-
tionsof machine1,2,4,and5 andmoveactionson thetrack
mayfail. Thesecondaryeffect of moveactionsis thatnoth-
ing happensfor theparticularmove. Latermoves,however,
maystill succeed.Thesecondaryeffect of machineactions
is thatnotreatmentis carriedout,andthemachineis broken
down permanently.

We considercastingtwo ladlesof steel. The heuristicis
thesumof machinetreatmentscarriedoutontheladles.The
experimentcomparestheperformanceof 1-FTP, 1-GFTP,
1-FTP�

, and1-GFTP
�
. Theheuristicis thesumof machine

treatmentscarriedout on the ladles. Theresultsareshown
in Figure6. Missing datapoints indicatesthat the associ-
atedalgorithmspentmorethan500secondstrying to solve
theproblem.Theonly algorithmwith goodperformanceis
1-GFTP. Theexperimentindicatesthatreal-world domains
may have non-localerror statesthat limit the performance
of 1-GFTP

<
. Also noticethatthis is theonly domainwhere

1-FTPdoesnotoutperform1-FTP
�

. In thisdomain,1-FTP
seemsto be ®nding complex plansthat ful®lls that the re-
coveryplanis minimal. Thus,thestrategy of 1-FTP to keep
the recovery plan assmall aspossibledoesnot seemto be
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Figure 6: Resultsof the 8-Puzzle(top) and the SIDMAR
experiments(bottom).

anadvantagein general.

Conclusion
In this paper, we have introduced� -fault tolerantplansasa
new solutionclassof SNDP. Fault tolerantplansresidein the
gapbetweenweakplansandstrongcyclic andstrongplans.
They aremorerestrictive thanweakplans,but morerelaxed
thanstrongcyclic andstrongplans.Optimal � -fault tolerant
planscanbegeneratedby thestrongplanningalgorithmvia
a reductionto a strongplanningproblem.Ourexperimental
evaluationshows,however, thatdueto non-localerrorstates,
it is often bene®cialto decouplethe planningfor primary
andsecondaryeffectsof actions.

Fault tolerantplanningis a ®rst steptowardmorere®ned
modelsof uncertaintyin SNDP. A fruitful directionfor fu-
ture work is to move further in this directionandconsider
fault tolerant plans that are adjustedto the likelihood of
faultsor to considerprobabilisticsolutionclasseswith other
transitionsemanticsthanfaults.
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