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Abstract

Engineering complete planning domain descriptions isnofery costly because of human-error or
lack of domain knowledge. While many have studied knowleatgpiisition, relatively few have studied
the synthesis of plans when the domain model is incomplete éctions have incomplete preconditions
or effects). Prior work has evaluated the correctness afspdgnthesized by disregarding such incom-
plete features, but not how to synthesize plans by reasabiogt the incompleteness. In this work,
we describe several techniques for reasoning with the maticompleteness to make plans robust, as
measured by the number of incomplete domain interpretaitimaler which a plan succeeds. Among
the techniques, we show that representing explanationgoffailure with prime implicants provides a
natural approach to comparing plans by counting prime icaplis (diagnoses) instead of domain inter-
pretations (i.e., model counting) — leading to better damtg and higher quality plans.

We present and empirically evaluate a forward heuristicckeplanner, calleie FAULT, that syn-
thesizes plans by propagating information about faultstdirecompleteness both within the state space
and the relaxed planning space by using intuitions from rhbdsed diagnosis and assumption-based
truth maintenance systems. We also provide a translatmn fncomplete planning domains to con-
formant probabilistic planning, where action incompletssis represented by state incompleteness. We
compareDe FAULT with a control planner that uses the FF heuristic (measuynigug length and ignoring
incompleteness), and with the conformant probabilisémper POND. The results show tiaaFAULT
i) scales better than POND, ii) finds better solutions thalaaner using the FF heuristic, iii) scales best
and finds its best quality solutions when counting prime iogpits rather than models.

1 Introduction

The knowledge engineering required to create complete amdat domain descriptions for planning prob-
lems is often very costly and difficult [Kambhampati, 2007u @{ al., 2007]. Machine learning techniques
have been applied with some success B¥al, [2007; Bertoliet al, 2009], but still suffer from impov-
erished data and limitations of the algorithms [Kambhain(2fi07]. In particular, we are motivated by
applications in instructable computng_LMﬁille_t_aﬂ, [20_0:9] where a domain expert teaches an intelligent
system about a particular domain, but can often leave outengrocedures (plans) and aspects of action de-
scriptions. In such cases, the alternative to making dosrm@mplete, is to plan around the incompleteness.
That is, given knowledge of the possible action descrigtiove seek out plans that will succeed despite any
(or most) incompleteness in the domain formulation.




While prior work [Chang and Ariit, 2006] has proposed techagyfor learning about the incomplete
features of a domain, Garland and Liesh [2002] have catembifiaults to a plan’s correctness and de-
scribed plan quality metrics in terms of the faults (whicle assentially single-fault diagnoses of plan
failure [de Kleer and Williams, 1987; Reiter, 1987]), nogorivork has sought to deliberately synthesize
low-fault plans based on incomplete STRIPS-style domaiagaple work in Markov decision processes
[Nilim and El Ghaoui, 2005] and model-based reinforcemesariing [Sutton and Bafto, 1998] has ex-
plored similar issues). Specmcaliy, Garland and Lé&ﬁ;q{)enceforth abbreviated, GL) identify four
types of plan faults: open preconditions (due to incompjetconditions), possible clobberers (due to
incomplete delete effects), unlisted effects (due to inolete add effects), and false preconditions. GL
develop an algorithm that steps backward through the plahetttify the “critical faults” — those instances
where incomplete domain features can cause plan failuneex@mple, a possible clobber is a critical fault
when (if it is truly a delete effect) it threatens a precoiaditor goal. The number of critical faults is an im-
portant measure of plan quality/correctness, that, umfately, no known planners seek to minimize (aside
from our prior work [Robertson and Br;}de, 2d)09] on singlakfglanning, upon which this work is based).
A preliminary version of this work has also appeared regle[EnLc_e_andMLeb;éL_ZQill].

Example: Consider the following action, that is taken from a modifiedsion of the International Planning

Competition (IPC)/[Gerevingt al, [2006] PARC printer domain:

(:action H mOver Bl ack- Move- A4
. paraneters ( ?sheet - sheet t )
:precondition (and (clear) (Availabl e Ht nOver Bl ack- RSRC)
(Sheetsi ze ?sheet A4)
(Location ?sheet HtnOverBl ack_Entry-EndCap_Exit))
ceffect (and (not (Avail abl e HtnOver Bl ack- RSRC))
(Location ?sheet Ht mOver Bl ack_Exi t - Down_TopEnt ry)
(not (Location ?sheet H nmOverBl ack _Entry- EndCap Exit))
(Avai |l abl e Ht mOver Bl ack- RSRC))
. poss-effect (and (not (clear))))

The action models a modular printer component that printe. sheet of Ad-sized paper. The action is
incomplete because it has a possible effect that the comparikk become jammed(‘not (cl ear))”.
The intuition behind the action is that the component mastufar did not provide complete specifications
and it is unknown if feeding an A4 sheet will cause a paper jam.

We note that an incomplete action is different from a noredmsinistic action because each application
of the incomplete action will have the same effect at runtilmmwvever, it is not clear what the effect will
be at planning time. The action incompleteness can causefailare, as in the case of our example, by
threatening the precondition of a later action (e.g., trec@ndition( cl ear) is threatened in a second
application of theHt nOver Bl ack- Move- A4 action).

Interpreting Incompleteness: A pessimistic approach to reasoning about incompleteetinight assume
that possible delete effects will always occur. Plans faumdier this pessimistic interpretation will be correct
despite any action incompleteness, but are likely to be femooexistent. In the PARC printer example,
a pessimistic interpretation will likely lead to provingathno plan exists, even though it is possible that
the action does not have the delete effect{@h ear) . Alternatively, an optimistic interpretation might
assume that no possible delete effect occurs, in which t&splanner can ignore thétl ear) may be
deleted. The optimistic interpretation is equally flawedaiese the action may actually delétel ear ) .



Instead, we adopt a cautiously optimistic interpretatidrere, like the optimistic interpretation, we assume
that possible delete effects do not occur, but we also teimpeoptimism. We compute an explanation for
cases under which each proposition that is optimisticallg might be false. For example, after applying the
action above, we would assert tifatl ear ) istrue, subject to the assumption tlal ear ) is not a delete
effect of the action. Under this cautiously optimistic seizs, we can determine which interpretations of
incomplete actions will result in failed goal achievememtiispecting the assumptions under which the
goals are false. Plans that fail under fewer interpretateme preferred.

Failure Explanations and Counting: We take three qualitatively different approaches to reiogrdhe
failure explanation for each proposition established #&ewdint times by a plan. The first, our control,
amounts to the optimistic interpretation by recording nplaxation for the failure to achieve a proposi-
tion. The second and third approaches represent failuramaions with propositional sentences, whose
models correspond to interpretations of the incompletmag&t The second approach relies on intuitions
from model-based diagnosis to represent each failure eaptan by a set of diagnoses (each diagnosis is
a conjunction of incomplete action features — i.e., a primplicant). We also explore bounding the car-
dinality of the prime implicants to reduce the cost of reasgnGL amounts to evaluating plans with unit
cardinality prime implicants. The third approach repreésdailure explanations by OBDDs. The second
and third approaches provide a representation suitableotanting interpretations of the incomplete action
features (i.e., propositional models) under which a statpgsition is achieved or not. The primary differ-
ence is that model counting with prime implicants is intaddé 6], but polynomial in the size of
an OBDD [Darwiche and Marquis, 2002]. While we use each otttinee approaches during plan synthesis
to compare plans (in varying capacities), we use the thiggréeide a final assessment of a plan’s quality:
the number of interpretations of the incomplete actionseanwhich the plan fails. That is, we describe
several heuristic techniques to speed-up plan synthesisath based on a particular representation of the
failure explanations, but compare the resulting plans wisimgle, non-heuristic method.

For example, the first approach is entirely heuristic begdiusompletely ignores failure explanations.
In the second approach, we represent the failure explarsabyg prime implicants and, instead of count-
ing models, we count the number of prime implicants. Cowgnpnme implicants is a computationally
inexpensive heuristic that assumes fewer diagnoses meeaes failed interpretations of the incomplete
actions. The third method counts the actual number of faitgbn interpretations by representing them as
an OBDD (which can be exponential-sized) and performing OBBodel counting (which is polynomial
in the OBDD size). We claim that counting diagnoses (primplicants) is more computationally feasible
than counting OBDD models and the resulting plans are ofi@irguality, and that ignoring incompleteness
altogether leads to poor quality plans.

Our claims are based upon GL's focus on counting a plansarifaults as a measure of its quality. We
observe that GL's definition of critical faults is equivaiéo computing single-fault diagnoses, which allows
us to generalize their notions to multi-fault diagnosesuitively, with more diagnoses for plan failure, the
fewer interpretations of the incomplete domain that witiiage the goal. Naturally, a single-fault diagnosis
covers more interpretations than a double- or triple-faadtwe count not just the number of diagnoses, but
those of different cardinality. We stress that countinggdi@ses is an approximation to counting models, but
it can nevertheless lead to more efficient planners that fingparable quality solutions.

Planners: We present a forward heuristic planner, calle-AULT, that propagates failure explanations in
the state space and relaxed planning probleBeAULT associates a set of explanations with each time
step (i.e., each state in the search space or each planrapy tayer in the relaxed planning problem).
DeFAULT's heuristic biases search toward plans that will fail in es fnterpretations of the incomplete
domain as possible. Because no suitable prior work existth#o purpose of empirical comparisons, we
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not only compardde FAULT with a planner that uses the FF heuristic and ignores domaumipleteness,
but also attempt anore fair comparison with a conformant probabilistic planner. Wagtate incomplete
actions to incomplete states in conformant probabilistamping and apply an existing planner, POND
[Bryce et all, 2006].

Our results indicate thddbe FAULT can find much better quality plans than a planner that igniores
completeness and scales much better than a CPP planner, Imm_e_t_aﬂ [ZD_O_$]. Because the CPP
planner scales so poorly, detailed comparisons are somewhdormative (we compare only the number
of problems solved); therefore, we discuss the CPP plamnan iappendix. In the following, we provide
background on the representation of the planning problduties], a discussion of languages used to cap-
ture incomplete actions, a formulation of failure explamag, a definition of diagnosis and model counting,
a planner based on failure propagation, a relaxed planrengstic for failure propagation, empirical eval-
uation, related work, and conclusion.

2 Background & Representation

This work concerns three planning models: STRIPS, incorepBTRIPS, and conformant probabilistic
planning. In the following, we define the first two models, tleéated action representations, and plan
semantics. The discussion of conformant probabilistioilag is relegated to an appendix.

2.1 STRIPS Planning Domains

STRIPS planning domains [Fikes and Nilsson, 1971] cornespio the classical planning model.

Definition 2.1. A STRIPS planning domaif defines the tupleK, A, I, G), where

e P is a set of propositions

e Ais aset of complete action descriptions, where eaeh A defines
— pre(a) C P, a set of preconditions
— add(a) C P, a set of add effects
— del(a) C P, a set of delete effects

e | C P defines a set of initially true propositions
e (G C P defines the goal propositions

For example, consider the following domain, which we wiléwsrunning example:

e P={p,qryg}
o A={a,b,c}

— pre(a) = {p, q},adda) = {r},del(a) = {}

— pre(b) = {p}, addb) = {r},del(b) = {p}
)

— pre(c) = {q,7},addc) = {g},del(c) = {}
e I ={p,q}
o G={g}

A plan~ for D is a sequence of actions, that when applied to the initiék steads to a state where the
goal is satisfied.



Definition 2.2. A plan7 = (a_1,ag,...,an—1,a,) in @ STRIPS domai is sequence of actions, that
corresponds to a sequence of states ..., s,,), where

o sop=adda_;) =1

o pre(a) Cspfort=0,...,n

o 5.1 = s¢\del(a;) Uadd(a;) fort =0,...,n — 1
e pre(a,) =G

We omita_; anda, from the plans in our discussion when appropriate, with théeustanding that
each plan must use these artificial initial and goal actions.

For example, the plafa, b, ¢) corresponds to the state sequefeg = {p,q},s1 = {p,q,r},s2 =
{q,7},s3 ={q,r,g}), where the goal is satisfied i3.

2.2 Incomplete STRIPS Domains

Incomplete STRIPS domains are identical to STRIPS domaiith, the exception that the actions are in-
completely specified. Much like planning with incompIetatetinformationLLB_Qn_e_t_and_G_et[nHéL_ZSbOO], the
action incompleteness is not completely unbounded. Theopditions and effects of each action can be
any subset of the proposition3; the incompleteness is with regard to a lack of knowledgeutidnich of
the subsets correspond to each precondition and effect. ndét ftonvenient to refer to thikenown possi-
ble, andimpossiblepreconditions and effects. For example, an action’s préiions must consist of the
known preconditions, and it must not contain the imposgibéeonditions, but we do not know if it contains
the possible preconditions. The union of the known, possénhd impossible preconditions must eqizal
therefore, an action can represent any two, and we can hdahird. We choose to represent the known and
possible, but note that GL represent the known and impassaith the trade-off making our representation
more appropriate if there are fewer possible action featuée contrast our choice of representation with
GL in the following section.

Another aspect of our representation that is worthy of exgtian is the way in which the incomplete
features are independent. For example, we cannot asseartlaation has two possible add effeptandg
or it has neither. We can only state theat a possible add effect ards a possible add effect. We leave the
issue of handling such interacting incomplete feature$uinire work and include a discussion of the issues
in our conclusion.

In the following, we extend the STRIPS model with featuresplossible preconditions and effects. We
note that an incomplete domain corresponds to a set of céengtemains, each differing in terms of the
inclusion of the possible features.

Definition 2.3. An incomplete STRIPS domaindefines the tupleX, A, I, G), where

e P is a set of propositions
e Ais a set of incomplete action descriptions, where eaehA defines

— pre(a) C P, a set of known preconditions
— pre(a) C P, a set of possible preconditions
— add(a) C P, a set of known add effects

- advd(a) C P, a set of possible add effects
— del(a) C P, a set of known delete effects



- Jél(a) C P, a set of possible delete effects

e [ C P defines a set of initially true propositions
e (G C P defines the goal propositions

Consider the following example of an incomplete domain:

o P={p,qr.g}
o A={a,b¢c}

pre(a) = {p,q}, pre(a)={r}, adda)={}, adda)={r}, della)={}, dela)= {p}
pre(b) = {p},  pre(b) ={}, addb)={r}, addb)={} ~ delb)={p}, dela)={q}
pre(c) = {r},  pre(c) = {q¢}, addeé)={g}, adde)={}, delc)={}, delc)={}
o [ ={p,q}
e G={g}

Aplan for D is a sequence of actions, that when appliedy leado a state where the goal is satisfied.

Definition 2.4. A plan# = (a_1, ag, ..., an_1, a) iN an incomplete domaif is sequence of actions, that
corresponds to a sequence of states ..., s,, ), where

So = add(d_l) =1

pre(a;) C s fort =0,...,n

si+1 = s¢\del(@) U add(@) U add(@,) for t =0, ...,n — 1
G = pre(ay,)

For example, the pla(fL,B, ¢) corresponds to the state sequeiiee = {p,q},s1 = {p,q,7},s2 =
{q,7},s3 = {q,r,9g}), where the goal is satisfied .

Definition 2.5. The set of incomplete domain featufess comprised of the following propositions for each
acA:

e pre(a,p) if p € pre(a)
e add(a,p) if p € add(a)
e del(a,p) if p € del(a)

Each subsef’ C F corresponds to an interpretatid@ of the incomplete domaim.

Definition 2.6. An interpretationD’ of the incomplete domaib is defined with respect to a subset of the
incomplete domain featurd$ C F so that:

e Pi=pP

o ' =1

e G'=G

e For eacha € A there exists aa‘ € A’ where

— pre(a’) = pre(a) U {p|pre(a, p) € F'}
~ add(@’) = adda) U {pladd(a, p) € F'}
— del(@’) = del(@) U {p|del(a, p) € F'}



For example, the STRIPS domain from the previous section istarpretation of incomplete domain
above, wheré! = {add(a,r), pre(¢, q)}.

Theorem 2.7. 7 = (a- L ao, . dn 1,a,) is aplan for D, iff there exists at least one interpretatid® in

which7® = (a’ 1, aj, .. at)is a plan.

7n17

Proof. If 7 = (a— 1,a0, .,an_1,ay) is a plan forD, then there exists at least one interpretamf'rin which
7 = (al,,ab,...a_,,a,)isaplan because there is an interpretafish whereF® = {add(a, p)|add(a, p) €
Fl. Each actiori’ € A is defined so that

pre(a”) =pre(a)
adda”) =adda) U adda)
del(a") =del(a)
If we assume that, = sY (which is true ofsy ands{ by definition), then
si41 = s;\del(@,;) Uadda,) Uadda,)
= s)\del(a?) U add @)
_ .0
= St+1

fort=0,...,n—1.If pre(at) = pre(a;) ands? = s, forall ¢ = 0, ..., n then if 7 is a plan7® is a plan.
If 7t = (a 1, @b, .y al_q,ak) is aplan forD?, thens = (a_1, ao, ...,dn_l,dn) is a plan forD because

pre(a) C pre(a’)
add@) U add@;) 2 adda’)
del(@) C del(@’)

If we assume that! C s, then

si\del(a}) U adda)
s;\del(@,) U add@,) U addd,)

= St+1

i
St+1

N

fort = 0,..,n — 1. If pre(al) C si then préa;) C s; because pi@;) C pre(ai) C si C s, for all
t=0,...,nthen if7 is a plant is a plan. O

Definition[2.4 sets a loose requirement that plans with irgete actions succeed under the moyst
timistic conditions: possible preconditions need not be satisfiedtla@ possible add effects (but not the
possible delete effects) are assumed to occur when comgpauiccessor states. This notion of optimism is
similar to that of GraphPIath [Blum and Furst, 1b95] in thattbassert every proposition that could be made
true at a particular time even if only a subset of the propwsst can actually be made true. In GraphPlan,
theremayexist a plan to establish a proposition if the propositiopesgys in the planning graph, whereas in
our definitions ther@oesexist an interpretation of the incomplete domain that wstiablish a proposition
if it appears in a state (as a consequence of Thebréem 2.7)hsridterpretatiormaycorrespond to the true
domain. In GraphPlan, failing to assert a proposition thay tme established could eliminate plans, and in




our case, failing to assert a proposition would prevent as fcomputing interpretations of the incomplete
domain that achieve the goal.

By Theoreni Z.I7 we ensure that the plan is valid for the leas$tcaining (most optimistic) interpretation
of the incomplete domain. If the plan can achieve the godiénnhost optimistic interpretation then it may
achieve the goal in others, but if the goal is not reachabkbisinterpretation then it cannot be reached
in any interpretation. As we will show, we can efficiently elehine the interpretations in which a plan is
invalid and use the number of such failed interpretations jplsn quality metric.

3 Comparison of Possible Action Features with Local Closed Wlds

Definition[2.3 defines incomplete actions by sets of respe&thown and possible preconditions and effects.
GL define incomplete actions similar to STRIPS actions (Dedim[2.1) with additional local closed world
statements of the forMoesNotRely0On(a, p) (p is not a precondition af) or CompletePreconditions(a)
(the preconditions ai are known).

We note that these representations are equivalent if wedmrthe set of known, possible, and impossi-
ble preconditions (and similarly for effects) of action®rExample, statinompletePreconditions(a)
is equivalent to statingre(a) = {} (i.e., the set of possible preconditions is empty). Likewistating
DoesNotRelyOn(a,p) iS equivalent to stating ¢ pre(a), and that for ally € P\pre(a) the lack of a
statemenDoesNotRelyOn(a, q) is equivalent to stating € pre(a) (i.e., impossible preconditions are not
possible preconditions, and not impossible preconditamespossible preconditions).

While the representations are equivalent, the obvioustigmeis whether one is more succinct than the
other. The answer largely depends on the problem being mdd&ee Tablel 1 for examples. Notice that
the size of the representations is equivalent when stdtinggxample, that an action has complete precon-
ditions; we either record the fact that the preconditiorscamplete or that the set of possible preconditions
is empty. The difference is with respect to stating, for egkanthat an individual proposition is not a pre-
condition of an action. Under our representation (Definil3), the set of possible preconditions would
not contain a proposition, and under the GL representatiomust be stated that the proposition is not a
precondition. However, if a proposition is a possible prefition to an action, we would record it as a
possible precondition and GL would record nothing. As suloh,issue comes down to whether there are
many possible or impossible preconditions and effects. r@unesentation is smaller with many impossible
features, and GL is smaller with many possible features.

Example Definition[2.3 GL

Action a has only the known pre(a) = {p,q}, | pre(a) = {p,q},
preconditiong, g pre( {} CompletePreconditions(a)
Action a has possible preconditioppre( {3, pre(a) = {},

r, butz is neither a known nora | pre(a) = {r} DoesNotRelyOn(a, 2)
possible precondition

Q

s}

s}

)
)
)

Table 1: Examples comparing representations.

While we describe actions in the grounded (propositionaifinf another practical concern is that we
use PDDL[LM_QlleJ:mdtﬂ.MS] action schemas to encode prahlémder the GL representation, extending
PDDL action schemas to state impossible preconditionsffects) could require additional action schema
parameters that refer to constants in predicates that drpreconditions. If there are many impossible
preconditions, then the action schemas could mention mddiyi@nal parameters, which is known to lead
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to difficulty when grounding the schemas. Our intuition iattpossible action features are likely to share
parameters with known action features and extending PDBUpgort our representation will lead to fewer
additional action schema parameters. Furthermore, iéther many impossible features, our representation
does not mention these features and therefore does notoesfdrence their parameters in the PDDL action
schemas.

4 Diagnosing Faults in Plans for Incomplete Domains

An plan7 for an incomplete domain must achieve the goals under ogticrtsemantics (i.e., possible pre-
conditions need not be satisfied, possible delete effeatbeagnored, and possible add effects will occur),
but we prefer that plans succeed under more pessimistidtmored To quantify the extent to which our
optimism is misleading, we introduce and expand upon Glfdiens of risks, which we refer to as faults.
A fault is a threat to the plan’s causal proof that is intraetlibecause of our optimism/ignorance of the
underlying domain description. For example, by assumimg ahpossible delete effect does not occur, we
introduce a fault when a possible delete effect does in falgte a required subgoal. By assuming the op-
timistic semantics, we allow plans that we might not otheeamtonsider, but by computing the faults we
qguantify the level to which the plan is susceptible to faluiThe challenge to computing faults is that in-
complete action features may have a delayed impact on theoplao impact at all, and we must determine
if they are faults (i.e., guarantee plan failure if the ingeteness manifests unfavorably).

Instead of reviewing GL's definitions, we take a new appraactievelop the definitions of faults. Our
intuition is that plans with faults are best analyzed witthia framework of model-based diagnoiter,
119877 de Kleer and Williams, 1987]. Among all of the techrigudeveloped within model based diagnosis
||c_z|e Kleer and Williams, 19$7], the most beneficial to analgzihcomplete domains is a clear characteriza-
tion of multiple-faults. In contrast, GL discusses onlyg@ifaults, that they call risks, which do not explain
plan failures that may occur because of multiple, interacincomplete domain features. For example, GL
would consider a subgoal that is established by two diffeaetions, which are subject to disjoint faults,
as having no faults. However, by using multiple-faults tplein failure to achieve the proposition, we see
that the faults (at least one for each action) interact. iGlesingle-faults are important for identifying a
single-point-of-failure, but ignoring multiple-fault®uold lead to an overly optimistic assessment of a plan.
In the following, we generalize GL's notions of faults fromgletons to sets, which we call fault diagnoses,
or just diagnoses.

4.1 Model Based Diagnosis

In defining the diagnoses of plan failure, we draw upon manly egablished techniques in model based
diagnosis (MBD) |Reité|L1_€%i3k; de Kleer and Willidrmjg&?ﬂewing the plan as a physical system, faults
are sets of potentially faulty components that describerahous behavior, such as an action not having its
preconditions satisfied or a goal not being achieved.

There are two terms from MBD that enable us describe whichafdawults may cause plan failure. The
first term, aconflict ||c_ie Kleer and WiIIiamIsL 19$7], is a disjunction of faults wleat least one must occur
to explain the anomalous behavior. The second terdig@nosis is a conjunction of faults that must occur
to explain the behavior. There may be multiple diagnoseseauth diagnosis is a hypothesis explaining
failure. Because of their respective disjunctive and coctive semantics, conflicts can be expressed by the
prime implicates of a logical sentence capturing knowledge of the faultyeaystand diagnoses are the

prime implicants ot ||de Kleeret all, 199?].




] formulates MBD within a system that is defingdabsystem descriptioBD and system
componentCOMP, taking the respective form of first-order sentences andit féet of constants. The
system description includes a distinct unary predicsig-) that indicates abnormal behavior on the part
of a system component. For example, the sentéit®G(z) A -AB(x) — out(x) = and(inl(z),in2(z))
indicates that an And-gate that is not abnormal will haveoitfput equal to the logical-and of its inputs.
Along with the system descriptio@BS is an observation of the system’s behavior. For exantpiE5 may
contain the factsut(and;) = 0,inl(and;) = 1,in2(and; ) = 1, which is anomalous.

de Kleeret all [1992] show that iSD A OBS = AB(cy) V ... V AB(c,) thenAB(cy) V ... V AB(cy,)
is a conflict andey, ..., ¢, functioning normally does not explai@BS. For example, ifSD A OBS |
AB(and, ), thenAB(and, ) is conflict. [de Kleeet all [1992] also show that iAB(c1) V ... V AB(c,) is a
prime implicant (i.e., no disjunction of a subset of therkds is also a conflict), then it is a minimal conflict.
If X is the conjunction of all minimal conflicts (prime implicat then it is the case that for each diagnosis
AB(c1) A ... NAB(c,), thatAB(c1) A ... A AB(¢,) = X. Each prime implicant oE is a minimal diagnosis
(i.e., there is no conjunction of a subset of the diagnosisdis that is also a diagnosis). In our small
example AB(and, ) is the only conflict, makind\B(and;) the only diagnosis. In a more complex scenario
where the minimal conflicts areé = (AB(c1) V AB(c2)) A (AB(c1) V AB(c3)), the diagnoses akB(c;)
andAB(Cg) VAN AB(Cg).

4.2 Diagnosing Plan Faults in Incomplete Domains

We describe a plafi with a set of Horn clauseSD(7) and replace thA&B(-) predicates with propositions
from F (describing the incomplete domain features). A diagnasiken a conjunction of literals describing
incomplete domain features; the plan will fail in each damiaiterpretation satisfying the diagnosis. We
use the hypothetical observati@BS = —a,, (i.e., the goal action is not executed) to signify plan faslu
A conflict is a disjunction of literal€ = (f; V --- v —f; vV - - - ) where eacf € F andSD(7) A —a,, = C.
The querySD(7) A —a,, = C is equivalent to showing th&D(7) A —a,, A =C is inconsistent, or that
SD(7) A =C E a,. As we will show, because system description is a set of Htzmses and the query
SD(7) A =C [= a,, can be proven by Horn inference.

The system descriptioBD(7) consists of clauses that define the semantics of plans imiplete do-
mains, which includes conditions under which an action hale its preconditions satisfied and its effects
will change the current state. This subsection i) presémsystem description and maps it to the original
definitions of plans for incomplete domains and ii) des@ibhew an assumption-based truth maintenance
system (ATMS)|[de Kleer and Williams, 1987] can support meffisient diagnosis computation. In a fol-
lowing section, we make use of the intuitions developed teraotivate our forward-chaining state-space
planner .

Plan System Description:The system descriptid®D (7) is comprised of Horn clauses (rules) defined over
time-stamped propositions denoting state propositipps plan actions ), the absence of possible pre-
conditions (ﬂﬁfé(a,p))l)j the absence of possible delete effeetgeﬁ(a,p))), and the presence of possible
add effects4dd(a, p)))

Definition 4.1. The system descriptid®D(7) includes the following Horn clauses.

We can replace-del(a, p) and—pre(a, p) by ndel(a, p) andapre(a, p) to emphasize how the system description is com-
prised of Horn clauses because these literals appear ogdtinely.
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i) a1
||) 5t—1 AN /\ Pt N /\ (pt V _\ijé(&t,p)) — 5t t=0..n
pEpre(at) pEpre(at)
iii) dt — pt+1  forall p € add(ay)
iv) it A add(ag,p) — prr1 forall p € add(ay)
V) pt A =del(a, p) — prr1  forall p € del(ay)
Vi) pt — pr+1  forall p € P\(del(a;) Udel(at))

The rules can be understood as stating: i) the initial adsadways executed, ii) actions require their
preconditions to be satisfidalit also require the previous action to be successiliadd effects are proven
if the action is proven, iv) possible add effects are pro¥éme action is executed and the possible add effect
is actually an add effect, v) propositions that are posdilelgted will in fact be true if they were previously
true and they are in fact not deleted, and vi) all non-delgiegbositions are true if they were previously
true.

To show that the system description is in correspondende auit definition of the semantics of plans,
we prove that for each interpretation of an incomplete darfathe plan successfully achieves the goal iff
SD(7) U—C! = a,, where the conflict is defined = \/ —fv \/ f.

JEFT R

Theorem 4.2.SD(7) U ~C? k= a,, iff 7 is a plan in interpretationD".

Proof. We first show thafD(7) U —C’ = a,, iff SD'(7) = a,, whereSD'(7) is the system description of a
complete planning domain corresponding to interpretafidnand then tha8D*(7) |= a,, iff 7 is a plan in
interpretationD®.

We defineSD’(7) as the simplified form o8D(7) U ~C’ whereby each rule i6D(7) corresponds to
a rule inSD(7) and for eacHf (—f) if -C’ |= f (=C' = —f) andf (—f) is a literal in the antecedent of a
rule, then we replace it by, or if —f (f) is a literal in the antecedent of a rule, then we replace it_gnd
perform Boolean simplification (e.gp, A T = p,pA L=_1, etc.) on the rule. Any rule where the antecedent
becomesL is not added t&D (7). The system descriptioBD’(7) is equivalent to the system description
for interpretationD? where:

i) a1
||) 5t—1 N /\ Pt — ét t=0..n
pepre(a;) ,
iif) it — pey1 forallp € add(aj)
iv) pc — pey1 forallp € P\del(al)

It is clear thatSD(7) U ~C' |= a,, iff SD(7) = a, because&sD(7) U —~C' andSD'(7) are logically
equivalent — the latter was derived from the former by stitsitig logical true and false for the premises
entailed by-C'.

\ | SD'(7) = 3n | 7 is a plan in interpretatio" \

Base SDY(7) = a1 a—1 is the first action ofr
Case
Action | If SD*(7) = &, andP, = {p|SD'(7) |= | If a is applicable tos}, thens,,; =
Effects | p;}, thenPiy = {plp € P;\del(a}) U | si\del(al) U add(al)

add(a})}
Action |If SD'(7) = 3.1 A A p: then| If @4 is applicable ancre(al) C s!
Appli- _ pepre(aj) thena;, is applicable tos:.

cability | SD'(7) = &

11



To show thaSD*(7) [= a,, iff 7 is a plan in interpretatio?, we list both sides of the proof in the table
above. It should be clear that the base case holds in botttidims. For the action effects, if we assume that
an action proposition and a number of state propositiondeniged (the action is applicable to a state), then
we can derive the propositions denoted®y; which is equivalent ta! 1. For action applicability, if we
assume that the prior action proposition and all precamdigiropositions are derived (the prior action was
applicable and the current action has its preconditiorisfet), then the current action proposition can be
derived (the current action is applicable).

Therefore, by simplifying the incomplete plan system digsion SD(7) U —=C' to the complete plan
system descriptiorsD(7) for an domain interpretatio?, and showing its correspondence to the plan
semantics of a plan in a domain interpretatieb(7) U ~C' |= a,, iff 7 is a plan in interpretatio"’. O

The system description of the example planb, ¢) from Sectior 2 is as follows:
Bl AQa Ay — G

L, 50 A pr— by by A —pre(e, q) A ra — &
31— qo q1 A ~del(b, ) — g2 C2 — g3
d_1/ApoAdoArg— 3o by —r2 92 7 a3
a_1 A %/\ qo N\ —|pAr/e(c~L,7") — Ap rn—r r2 =13

N Co A — 2
po A —del(@, p) — p1 2/ 83— 33

ag A ;Ha(dﬂ“) —rn
do — q1
We can simplify the system description for the domain intetigtion D' where F! = {gaa(d,r),
pre(¢, q)}, makingC! = pre(a, ) \ del(@, p)V —add(a, ) V del(b, q) VV —pre(¢, ¢) to obtainsD* (7):

biAqa A — &

5 . .
S o Ap1— by N

a—1 — Po qi — o C2 — g3
a_i1—qo B dq2 — g3

~ ~ 1 — N

a_1 Apo/Ado/Aro— Qo ro —r3

~ ~ rh —1r ~ ~
a_1/Apo/Ado — Qo C2Ag3 — a3
Po — P1

50—>r1

dqo — Q1

Consider the propositions derived fr&D' (7) and the state sequengg = {p,q},s1 = {p,q.7}, 52 =
{q,7},s3 = {q,r,9}) corresponding to the plan. The derived propositions &%ei, po, 90, &0, P1,91, 1,
b1,q2, 2, &, 93,13, 83, as }. Each proposition in each state is in correspondence withexstamped propo-
sition that is derived. Upon inspection, it is possible te et bottsD(7) U ~C! |= 33 andSD' (7) k= as.
ThereforeC! is a conflict. However, 87] describes, only ¢hB(-) literals (and in our case
incomplete feature literals) that appear in a proof are @éead the conflict set; so that by inspecting the
incomplete feature literals used in the proof treesSf7) U —~C! = a3 shown in Figuréll, we find more
succinct conflict sets: .

CY = pre(a,r) V del(a,p) V del(b, q)

CY" = pre(a, r) V del(@, p) v —add(a, r) v del(b, q)
where the first subsumes the second. In other words, regl&diwith C'" would allow us to conclude
SD(7) U ~C" = a3 and derive a smaller conflict.
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ﬁdel V’ —del(b, q) °3
>J1 ﬁq
}5 C2 a3

1\
—|pre a r ro

g3
ﬁde| J/’p ~del(b, q) ﬁ
—(1 g2
3)01 2 as

—pre(&, r) dd 1y
add(a, r)

Q1]

Figure 1: Proof trees fD(7) U ~C! = a3 of planm = (a, b, &).

If we examine all subsets of the incomplete featufés_ F wheresSD(7) U ~C! |= a3, then we can
determine the minimal conflicts. In our example, we can aetfie following minimal conflicts:

S = (pre(@,r) V del(@, p) V del(b, q)) A (pre(a,r) V del(@, p) V pre(é, q))

We determine the following diagnoses (each a prime implicax):

pre(a, r)

del(a D)

del(b q) N pre(é, q)

The diagnoses are cases that will guarantee plan failure. fif$t actiona can fail because it might
require a preconditiom that is not satisfied. The second actipnan fail because its preconditignmay
be deleted byi. The third actior can falil if its possible preconditioq is required and the second actibn
possibly deletes.

Truth Maintenance Systems: The generate-and-test method of computing conflict setdvies selecting
all possible set§’ C F and determining ifD(7) U -C’ = a,,. An alternative is to employ an assumption-
based truth maintenance system (ATMS) [de Kleer, 1986] abwile can simultaneously compute all pos-
sible proofs for all possible sef§. The approach is to assert each possible literal that mighé¢ar in
any sentence:C’ as an assumption, and label each by the assumptions unde ivisi derived. Then, by
Modus Ponens, we apply the system description rules toadanid label new propositions. The assumptions
labelinga,, indicate which are required to derigg, and consequently the conflict sets and diagnoses of plan
failure.

An ATMS label for a propositiory that is derived from rules of the formy; A ... A p;, — q is defined
by:

l@) =V Allpy)

In the ATMS we must label each premise and assumption. Thepoemise is the initial actiod 1,
and the assumptions are the literald-ofThe labels are defined:
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ﬁprea r) ﬁde a p)A

\p g3 (ﬁdel b, q)v-pre(¢,q))
/ ﬂdelap/({d;ap ~del(b, q) /
—del(a, p) “d5| b, q) ﬁq

‘Q1
‘}yo —del(b,q) ﬁdel b q)
Ez a3
ﬁpre(a DA ﬁdel(a p)A
—pre(3, r —pr ﬂdel (a, ﬁpre(a r)A—del(3, p)
—|pre( T pe(a ) pre(3, r) A p \ (jde|(b Ve, q;) R q)vjpe}e(acpq))

Pelan add(3, r) ﬁpre(c q) PG R )
add(a r) —pre(e.q)

opre(a, r/\ﬁdela Vadd
—pre(a, )/\add(a r) pre.n) P)vadd(3, 1)

Figure 2: ATMS labels and proof trees for the system desoripif plan(a, b, ).

l(a 1) T,

[(f) = f for eachf € F, and

[(—f) = —f for eachf € F
The label of the initial action iS” (logical true) to denote that it is a premise. The label ohadacomplete
feature literal is the literal itself to denote that it canderived in contexts where it is given. All other
propositions are proven by one or more rules, and we definel#fiels as described above.

Figure[2 depicts the labels associated with each literahbypropositional sentence underneath the
literal. Consider the labé(¢,), that is proven by two clauses;, gz, r» — & andby, —pre(é, ¢),r» — &.
The label for each of the antecedents of the clauses arelasol

l(bl) =-p (ia, r) A —|de|(a p)

lq) = ~delb0)

I(rp) = —pre(a,r) A (—del(d, p) Vv add(&,r))
I(—pre(€,q)) = —pre(¢, q)

allowing us to compute
[(&) = (I(b1) A l(a2) Al(r2)) v (I(b1) A L(—pTe(E, ) A l(r2))
= —pre(d, ) A ~del(a, p) A (~del(b, q) V —pre(c, q))

If for some propositiony it is the case thatC! = I(q), it is the same as saying thed(7) U -C’ = q
or that—i(q) = C?, meaning thaC’ is a conflict forq. If ¥ is the conjunction of all conflicts, then it is also
the case thati(q) = X. If 3 is the conjunction of all implicates ofi(q), then the two are also logically
equivalent. Therefore, if a minimal diagnosis is a primeliognt of X it is also a prime implicant ofi(q).

By inspecting the negated goal action labé{as) = pre(a,r) V d?l(&,p) Y (cTéI(B, q) A pre(é,q)), we
see that there are three conjunctive sentences that entak{a, r), cTéI(d,p), andcTél(B, q) N pre(¢,q),
which correspond to the previously stated diagnoses. Bwptomyithe models of the negated labél(33),
of the goal action, it is possible to determine how many prtations of the incomplete domain will fail to
achieve the goal with the plan. In this example, there argythivo interpretations, and twenty-six will fail
to achieve the goal.

4.3 Counting Models and Diagnoses

The ATMS labels computed in the previous section identifysthcombinations of incomplete domain fea-
tures that permit a plan to satisfy the goals (i.e., the nsodékhe labels correspond to interpretations of
the incomplete domain that will succeed). From the labels possible to compute exactly how many
interpretations of the incomplete domain features leadsiocaessful or unsuccessful plan. Thus, counting
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the number of domains that will not successfully achievegibals can be reduced to counting the models
of the negated goal action label(3,,) (a propositional sentence). The planner described in tkieseetion

is based on the idea of using an ATMS to represent plans, ang ofdts subroutines involve comparing
propositional sentences (e.g., it compares and seledctmsdn its relaxed plans that will achieve a propo-
sition in more domain interpretations). In comparing a pifional sentence with another, we will refer

to its set of models\/(¢), its set of prime implicant$®1(¢), and its sets ok-cardinality prime implicants
Py ().

Counting models requires polynomial time when a propasitiGcentence is represented by an OBDD,
and it requires exponential time when represented by pnnpdicants. However, we note that the number
of prime implicants can be indicative of the number of modaled simply counting the number of prime
implicants is a heuristic.

From the example in the previous section, the disjunctiothefthree prime implicantspre(a,r) v
c]gl(d, p)V (dAe/I(INJ, q) N pre(¢, q)) has twenty-six models, whereas the disjunction of the tir@implicants
pre(a, ) \/d?l(&,p) has twenty-four models — the number of prime implicantshis tase, is proportional to
the number of models, 3:26 and 2:24. While the relationskip/ben prime implicants and models does not
hold in general, we can use the number of prime implicant&twiktically compare propositional sentences
(estimating the number of models).

Another observation is that having fewer prime implicantsmaller cardinality can result in fewer
models. For example, botpre(a,r) V del(@,p) and pre(a,r) V (del(b,q) A pre(,q)) have two prime
implicants, but the former has twenty-four models and titteddas twenty models. Thus, when comparing
two propositional sentences, we can compaté (¢)| and|PI; ()|, and if equal, compargPI»(¢)| and
|PI>(v)|, and so on, unti|PI;(¢)| # |PIx(¢)| for somek > 0; if k is the minimum cardinality where
|PI(¢)| < |PIx(v)|, then we prefer (assumingp represents interpretations of incomplete actions where
a plan fails). Thus, we define two preference relations opgsitional formulas representing plan failure:

e Model-basedip <y ¢ if |[M(p)| < |M(¢))]
e Diagnosis-baseds <pr ¢ if |PI;(¢)| < |PI(¢)],k > 0, and|PI;(¢)| = |PL;(z)| forall j < k.

In the following, we dispense with the notation for preferemelations, assuming that the context dictates
whether the propositional sentences are compared by moddiagnoses.

Comparing the prime-implicants is much less expensive twamting and comparing the number of
models, but this heuristic may be wrong. Nevertheless, wargsally compare counting OBDD models to
counting prime implicants within our planner, and demaatstimprovements in scalability when counting
prime implicants. Throughout our discussion, when we referounting models op, we assume that is
represented by an OBDD, and when we refer to counting theepiinplicants ofp, we assume that is
already represented by prime implicants (i.e., we assumeeiresentation that is most natural for the type
of counting in order to ignore any additional cost of norn@hfi conversion).

5 Forward State Space Planning With Faults

We present a forward state space planner callgAULT that uses the approaches developed in the previ-
ous sections to search for plans that have few faults or fesggretations of the incomplete domain features
that result in plan failure. Recall that having few faultdldew failed interpretations are connected but
rely on counting different quantities (prime implicantsrapdels). We employ the optimistic semantics
for incomplete domain features and extend our state deseripvith failure explanations to capture which
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incomplete domain features can cause failure to achievesate proposition. We note that computing and
representing the prime implicants can be costly; we addhés$y formulating our approach for any arbi-
trary, but fixed, bound on the prime implicant cardinalityhNg the cardinality of each prime implicant is
bounded, the number of prime implicants per propositiondsrectly bounded (i.e., there is a finite number
of sets with cardinalityt or less). The impact of bounding the prime implicant carlitynds that we may
under-approximate the number of interpretations of thenmalete domain in which the plan will fail.

We adapt the ATMS label propagation for a plan’s system dasan to the plan’s state space repre-
sentation. We propagate the equivalent of negated labdfstiae rules described below to capture failure
explanations as opposed to success explanations. Thesddghels provide us a measure of parsimony
within the planner because the planner prefers plans witilermength and a smaller number of models or
prime implicants (i.e., the planner attempts to minimizéhbglan quality metrics by breaking plan length
ties with model or prime implicant counting). As we show, thées for propagating failure explanations
over the plan are derived from the ATMS label semantics.

Fault Propagation: We previously described how to recursively define the failakplanation (negated
ATMS label) for a goal proposition; the propositional maelf the label reflect which interpretations
succeed in achieving the goal. In the following, we discuges for the forward propagation of failure
explanations to compliment our forward state-space planne

Initially, we use the explanatio#i(a_;) =L to denote that there are no failures affecting the initiafest
action and for allp € P,d(p-1) = T (we assume that the initial action is applied to a state whére
propositions are false, meaning their failure explanatimlicate they are false in all interpretations). For
all times0 < ¢ < n, we define:

d(a;) =d(ai—1)v V dp)v V  (d(p) Npre(ag, p))

pepre(a) pepre(as)
d(pe) A d(ay) . :p € adday)
d(p) A (d(ar) V ~adday, p)) : p € adday)
dps) =4 T : p € delar)
d(p:) V del(a, p) :p € del(a;)
d(pt) : otherwise

where the failure explanation of an actidfa,;) captures cases where the prior action failed or one if its
preconditions is not satisfied, and the failure explanatiba propositiond(p,1) captures cases were the
previous action’s effects can cause failure to achieve tbpgsition.

The following theorem relates the failure explanationshim ATMS labels for a plan’s system descrip-
tion.

Theorem 5.1. d(ps+1) = —l(pe+1) andd(a;) = —l(a;) fort = —1, ..., n.

Proof. By definitiond(a_;) = —l(a_;) =L. If we assume that,(p) = —l(p;) forallp € s; andd(a;—1) =
—l(a;-1), then
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d(a) = d(a—1) v \/ d(pe) v \/ (d(pe) N pre(ae, p))

peEpre(at—1) peEPTE(@)
==lGE-)V Sl v\ (Slpe) A pre(a, p))
peEPre(a) pEPrE(a)
=" (l(étl) ARG Y AN U RY _‘b\"/e(dup)))
pepre(a) pEPrE(a)
= —l(a)
and
d(pt) A dt(dt) . IpE a/\qth)
d(p) A (d(a;) v —adday,p)) : p € adda;)
dpe+1) =4 T - :p € del(ay)
d(py) Vv del(a, p) :p € del(ay)
d(py) : otherwise
(i) A-l(a) :p € adda,)
=l(pe) A (—l(ag) V —addag, p)) : p € adday)
=< T :p € del(a)
~i(pe) V del(a, p) : p € del(dy)
[ —l(pe) : otherwise
~(l(pe) Viay) :p € adday)
=(l(pt) V (I(ay) Nadday, p))) : p € adda;)
-{ -1 p € dela,)
=(l(pt) A —del(a, p)) i p € del(a,)
=((pr)) : otherwise
[ —l(per1) : p € adda)
=l(pt+1) : p € adday)
=49 ~lpey1):p€ %'(dt)
=l(pt+1) : p € del(ar)
[ —l(pi+1) : otherwise
= =l(pt+1)

O

To count the number of interpretations under which a plds,faie count the models of(7) = d(a,),
which expresses the interpretations where any of the plaonsadid not have its preconditions satisfied or
the goal was not satisfied.

Consider the fault propagation required for our exampl@e pfal?,&). Initially, the explanation for the
initial action isd(a—;) =1, and statesy = {p, ¢} is labeled as follows:
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d(po) = L
d(qo) = L
d(ro) = T
d(go) = T

After applyinga to sy, we attain the state, = {p, ¢, r} with the following explanations:
d(ap) = d(po) V d(qo) V (d(ro) A pre(a, )
L v L V(T Apre(a,r))
pre(a, r)
d(p1) = d(po) v del(a, p)
= 1 vdel(a,p)
del(a. p)
d(q1) = d(q) =L .
d(r) = d(ro) A (d(do) v ~adda, )
= T A(pre(a,r) Vv —adda,r))
— pre(a,r) vV —adda, r)
d(g1) = d(go) =T
Applying b to s; results in the state, = {q,r}, with the explanations:
d(br) = d(@o) v d(p1)
= prea,r) Vdela,p)

d(p2) = T o
d(g2) = d(q1) v del(b, q)
= 1 vdel(d,q)
= del(b,q)

d(T‘g) = d(T‘l) A d(i)l) .
— (pre(a,r) v ~adda,r)) A (pre(d,r) v del(a, p))
= pre(a,r)V (—adc(a r) A del(a p))

d(g2) = d(g1) =T

Finally, after applying’ to s,, we computes = {q,r, g} and the explanations:

d(éz) = d(b1) Vd(rs) v (d(g2) Npre(é,q)) - o
= (pre(a,r) v dela,p)) v (pre(a, r) v (-adda,r) A del(a, p))) v ((del(b, q)) A pre(é, q))
= pre(a,r) v dela,p) v (del(b, q) A preé, q))

d(ps) = dp2) =T

d(g3) = d(q2) = delb,q) .

d(rs) = d(re) = pre(a,r) V (—adda,r) A del(a, p))
d(g3) = d(g2) Nd(c2)

= prea,r) \/del(a p)V (del(b q) \pre(é, q))
The plan results in the following failure diagnoses:

d(7) = d(as) = d(g3) V d(¢2) = pre(a,r) v del(a, p) v (del(b, q) A pre(, q))

Forward State-Space Planning:DeFAULT is a forward state-space planner that is based on Downward
]EQB], and its greedy best first search algoritDetzAUL T compares partial plans only in terms of
their heuristic value (described in the next section). Wb#FAULT does not compare the faults introduced
by plan prefixes leading to states on the fringe of the se#nelse faults seed the relaxed planning problem
that is used in the heuristic computation.
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6 Incomplete Domain Heuristics

Similar to propagating failure explanations in a plan, we peopagate explanations in the relaxed planning
problem to compute a search heuristic. The heuristic is timeber of actions in a relaxed plan, and, while

we do not use the number of failed domain interpretationb@gtimary heuristic, we use the failure labels

to bias the selection of the relaxed plan actions and bremkhitween search nodes with an equivalent
number of actions in their relaxed plans. We solve the relgtanning problem using a planning graph and

we start with a brief description of planning graphs in STRd®mains.

Planning Graph Heuristics: A relaxed planning graph is a layered graph with sets of cestiP;, A, ...,
At Prrm+1). The planning graph built for a statgdefinesP; = {p:|p € s¢}, Aryr = {at|Vpepraa)Pt €
Pitk,a € AU A(P)}, andpt+k+1 = {pt+k+1|at+k S .AH_k,p S adda)}, fork=0,...,m. The setA(P)
includes noop actions for each proposition, such théP) = {a(p)|p € P,pre(a(p)) = adda(p)) =
p,del(a(p)) = 0}. Theh!'F heuristic [Hoffmann and Nebel, 2001] solves this relaxeghplng problem
by choosing actions fror;,,, to support the goals i#.,,+1, and recursively for each chosen action’s
preconditions, counting the number of chosen actions.

Incomplete Domain Planning Graphs: Propagating failure explanations in the planning grapbmdses
propagating failure explanations within a plan. The priyndifference is how we define the failed inter-
pretations for a proposition when the proposition has mlaltsources of support; recall that we allow only
serial plans and at each time each state proposition is gigoldoy persistence and/or a single action — action
choice is handled in the search space. In a level of the lpbening graph, there are potentially many
actions supporting a proposition, and we select the suppeith the fewest failed interpretations (requiring
us to count models or prime implicants). The chosen suppp#dction, denoted;  ;(p), determines the
failed interpretations affecting a propositiprat levelt + &k + 1.

A relaxed planning graph with propagated labels is a laygmegh of sets of vertices of the form
(Pt, Aty s Atym, Perm+1). The relaxed planning graph built for a statedefinesPy = {p[p € 5},
Avre = {aesk|Vpepre@pirr € Prpr,a € AU AP}, and Pryppr = {peyk+ilasr € Awr,p €
adda) U aA&o(d)}, for K = 0,...,m. Much like the successor function used to compute nextsstite
relaxed planning graph assumes an optimistic semanti@ctam effects by adding possible add effects to
proposition layers, but, as we will explain below, it asstes failure explanations with the possible adds.

Each planning graph vertex has an explanation, denétgd The failed interpretationd(p;) affecting
a proposition are defined by the current state, and: for0,

d(ar) =\ dper) v \/ (dpir) A pre@, p))
pepre(a) pepre(a)
d(prsn ):{ d(ai+1(p)) . 'pE ajj/daﬁk(p))
e d(ar1(p)) V ~addak(p), p) : p € addarir,(p))

Every action in every levet of the planning graph will fail in any interpretation wheteeir preconditions
are not supported. A proposition will fail to be achieved iy @nterpretation where the chosen supporting
action fails to add the proposition.

We note that the rules for propagating failures in the plagjraph differ from the rules for propagating
failures in the state space. In the state space, the actiorefainclude interpretations where any prior action
fails. In the relaxed planning problem, the action failuabdls include only interpretations affecting the
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action’s preconditions, and not prior actions; it is noclehich actions will be executed prior to achieving
a proposition because many actions may be used to achiemeprthpositions at the same time step.

Heuristic Computation: We terminate the relaxed planning graph expansion at tletdey k& + 1 where

one of the following conditions is met: i) the planning graphches a fixed point where the explanations do
not changed(p;+r) = d(pi+x+1) for all p € P, orii) the goals have been reached atk + 1 and the fixed
point has not yet been reached. @uar"* heuristic makes use of the chosen supporting actjp(p) for
each proposition that requires support in the relaxed plad, hence, measures the number of actions used
while attempting to minimize failed interpretations (thgporting actions are chosen by comparing failure
explanations). The other heurisfic’™ measures the number of interpretations that fail to reaglytials

in the last level (i.e., such that" = | M (V,egd(pitm—+1))|, wherem + 1 is the last level of the planning
graph. DeFAULT uses both heuristics, treatirig*'"" as the primary heuristic and usitg to break
ties. While it is likely that swapping the role of the heudstmay lead to better quality plans (fewer failed
interpretations), our informal experiments determineat the scalability oDeFAULT is greatly limited in
such cases; measuring failed interpretations is not @e@lwith solution depth in the search graph unlike
relaxed plan length. The relaxed plans are informed by tbpagated explanations because we use the
model count or prime implicant count to bias action selectio

7 Empirical Evaluation

The empirical evaluation is divided into three sectiong dlbmains used for the experiments, the test setup
used, and a discussion of the results. We use five configasatibthe plannerDe FAULT-FF', DeFAULT-
PIk (k=1, 2, 3), anddeFAULT-B DD, that differ in how they reason about domain incompleterfess
refer to each configuratiobe FAULT-X as.X). F'F is the control that does not compute failure explanations
and uses the FF heuristic; it is likely to find a plan that witink for only the most optimistic domain inter-
pretation.PIk, wherek is the bound on the cardinality of the prime implicants, usdy prime implicants
to compare failure explanation® D D uses OBDDs to represent and count failure explanations. rifieso
thorough comparison with the POND planner using the tréaegdI&€PP instances because we were not able
to draw any meaningful conclusions due to POND'’s scalgbiliowever, we do report the number of in-
stances that POND solved. (We also attempted, but do nota@myith the PFF [Domshlak and Hoffmann,
] planner because of several unresolved stability mpteimentation issues with the planner.)

The questions that we would like to answer with our evalueainziude:

e Q1: Will translating incomplete STRIPS problems to CPP [mols and using an off-the-shelf CPP
planner scale?

e Q2: Can a classical planner (that ignores action incompést®) find reasonable quality solutions in
incomplete domains?

e Q3: In what cases does a planner that counts models fail l%ca
e Q4: Can a planner that counts prime implicants scale welffiauachigh quality solutions?

e Q5: How does bounding the size of prime implicants affech pjaality and scalability?
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7.1 Domains

There are four domains that we use in the evaluation: a mddifehways, Bridges, a modified PARC
Printer, and Barter World. In all domains, we derived mudtimstances by randomly (with probabilities
0.25, 0.5, 0.75, and 1.0) injecting incomplete domain feestu The manner by which the features were
injected varies by domain, as we describe below; we injecteaimplete features that made sense for each
domain, rather than modifying the domains in a uniform manker each probability of injecting incom-
plete features (except 1.0) and each instance, we derivethséances with different random seeds and
present the results for each seed. The problem instancesag@rs and>e FAULT planner are available at
http://www.cs.usu.edw/danbryce/supplemental/default|jar.

The Pathways domain from the international planning coitipetinvolves actions that model chemical
reactions in signal transduction pathways. Pathways ist@ally incomplete domain where the lack of
knowledge of the reactions is quite common because theyragctive research topic in biology. We
introduced each type of incompleteness to model incomiiedevledge of products required, created, or
destroyed by reactions.

The Bridges domains consist of a traversable grid and tlkegas find a different treasure at each corner
of the grid. There are three versions where each subsegesmr has an additional type of incompleteness.
In Bridges1, a bridge might be required to cross between ggiddocations, modeled as an incomplete
precondition. In Bridges2, many of the bridges may have k living underneath that will take all the
treasure accumulated, and are modeled by a possible dékate én Bridges3, some of the corners may
give additional treasures, modeled as a possible add efféetinstances involve different size grids (2, 4,
8, 16, and 32)

The PARC Printer domain from the international planning petition involves planning paths for sheets
of paper through a modular printer. A source of domain indeteness is that a module accepts only certain
paper sizes, but its documentation is incomplete. Thussdich modules a possible delete effect models
that the module will become jammed.

The Barter World domain involves navigating a grid and bartpitems to travel between locations.
Items are available at different locations and may be reduio travel between other locations. The domain
is incomplete because some of the actions that acquirdrc@gens are not always known to be successful
(possible add effects) and traveling between some locatioaly require certain items (possible precondi-
tions) and may result in the loss of an item (possible del@tk® instances involve different size grids (2, 4,
8, 16, 32, and 64) and types of items (1, 2, and 4).

7.2 Test Setup

The tests were run on a machine running Linux with a 3 Ghz Xeoogssor, a memory limit of 2GB, and a
time limit of 20 minutes per run. AIDeFAULT code is written in Java and run on the 1.6 JVM. All versions
of DeFAULT share the same greedy best first search implementationgbaideferred heuristic evaluation
and a dual-queue for preferred and non-preferred opem,@kﬂ. All versions also use the same
planning graph implementation based on STAN [Long and E@g@} The number of failed interpretations
for a plan7 found by any of the planners is reported herein by countingeisoof an OBDD representing
d(7). The versions of the planner are compared by the numbereirgtations of the incomplete domain
that achieve the goal and total planning time in seconds. [¥¢eraport detailed results on the number of
solved instances per domain. Each configuratiobefAULT returns the first solution that it generates,
and POND is required to find solutions with the minimum praliighof goal satisfactionr equal to the
minimum proportion of successful domain interpretatiom®ag plans found bpe FAULT. POND uses a
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Figure 3: Incomplete Features By Instance.

Monte-Carlo based heuristic and we used ten particles perstie computation, as is representative of its
best performing settings [Brya al.,|2008].

7.3 Results

We first present results across all problem instances andidsrto assess the overall performance of each
version ofDeFAULT, and then discuss the performance within each domain tarstaehel how the structure

of the various domains affects performance. Figltes[2 too@/sksults that are relevant to every domain,
and the following figures detail each domain.

Overall Comparison: Figure[3 depicts the number of incomplete features for eambl@m instance. Each
point represents an instance that was solved by at leastféine planner configurations. The first cluster of
points (between 1 and 500) are from the Bridges domain. Txiglmee clusters (between 500 and 1300) are
from the PARC Printer domain. The next cluster (between 1860 2000) is from the Pathways domain.
The final cluster (between 2000 and 2500) is from the BarterldMdomain. The number of incomplete
features varies from less than 10 to over 25,000, and aredaigirof increasing the probability of injecting
incomplete features and problem size.

Table[2 lists the number of solved instances by domain foh @f¢he DeFAULT configurations and
POND. We delineate thé' F' configuration at the left to indicate that it sets the higlstahdard for per-
formance as our control, and among the four configuratioasrérason about incompleteness we bold the
maximum number of instances solved for each row. We alsmekie POND on the right. Among the
techniques reasoning about incompletenésk) solves the most problems overall, but is relatively close
to both of the otherPI configurations. Thd3 DD configuration solves the most problems in the Bridges
domain, but only by a small margin relative to the other domeaWe also see thdt/1 solves the second-
most problems and solves significantly more in the Pathwaysaih. POND does not solve a competitive
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[ Domain [ FF[ PIL__PI2_PI3_ BDD] POND|

PARCprinter 0.25 130 83 85 86 80 10
PARCprinter 0.5 | 130 87 88 87 80 0
PARCprinter 0.75 130 82 83 81 80 0
PARCprinter 1.0 13 10 9 9 8 0
Parcprinter 403 | 262 265 263 248 10
Bridgesl 0.25 33 19 19 19 19 2
Bridges1 0.5 33 15 15 15 15 2
Bridgesl 0.75 32 18 17 17 18 2
Bridges1 1.0 4 2 2 1 2 1
Bridges2 0.25 29 15 16 16 16 3
Bridges2 0.5 31 16 12 12 19 3
Bridges2 0.75 31 13 14 15 16 2
Bridges2 1.0 4 1 1 0 2 1
Bridges3 0.25 36 25 25 25 26 1
Bridges3 0.5 37 22 22 22 23 2
Bridges3 0.75 38 25 25 24 25 1
Bridges3 1.0 4 3 3 3 2 1
Bridges 312 174 171 169 183 21
Barter 0.25 150 | 106 128 129 108 60
Barter 0.5 150 134 137 134 118 45
Barter 0.75 150| 140 138 137 111 27
Barter 1.0 15 14 14 14 11 2
Barter 465| 394 417 414 348 155
Pathways 0.25 160 40 40 40 40 19
Pathways 0.5 160 70 60 50 60 13
Pathways 0.75 170 60 50 40 60 12
Pathways 1.0 19 5 6 6 7 2
Pathways 509| 175 156 136 167 46
\ Total \ 1689 \ 1005 1009 982 946\ 232 \

Table 2: Instances Solved By Domain

number of instances in any of the domains — this is due to a wealch heuristic, as we describe below.

Figure[4 depicts the total cumulative time across all insanin all domains for the solved instances.
The figure plots every one hundredth point, but each pointctflthe true cumulative time that includes
those points not plotted. THRe FAULT-F'F' configuration appears to have a high cumulative time, byt onl
as a consequence of solving several instances in PARC Pfivite an albeit high planning time) that the
other configurations could not. Among the configurations teason about incompleteness, we see that as
the bound on the cardinality of the prime implicants incesathe total planning time increases. Each of the
prime implicant approaches also takes less time overall B D D configuration. POND performs very
poorly, and is unable to scale very well, and we do not platitgime in the figure.

Figure[® includes several plots and a table that charaetéhniz relative quality of the solutions found
by each configuration ddeFAULT. The scatter plots include points that, for example in theemeft plot,

23



All Problems: Time

1e+08 F HE
@ le+07 : 1
QE) 1e+06 i 1
= 100000 | :
£ 10000 } :
E 1000 } :
© 100 ]
10 I I I I I I I
0 200 400 600 800 1000120014001600
Problems
FF — PI1 » PI2 -* PI3 -= BDD -=-
Figure 4: Cumulative Time Comparison in All Domains.
All Problems: Success
10 : . . — X and Y solve, but not FF
g 107 1 - X and FF solve, but not Y
) Y solve, but not FF or X
S < Y and FF solve, but not X
] 5
S 107 1
n —]
L ] Y Best, all solve
L ]
~ 0L i
g 10 ] X Best, all solve
D \
§ 105 | ] FF Best, all solve
(Q ] X solve, but not FF or Y
. . . . FF solves, but neither X or Y

10°  10° 10> 10%
X Succ. Dom / FF Succ. Dom

Figure 5: Scatterplot Legend.

correspond to
((2‘F‘—\1V1(d(frpn))|) (2‘F‘—IM(d(frm))D)
@FI-[M(d(7FF))) " @FI-|M(d(7rF)))

24



All Problems: Success

§ 10} + +] £ 10%°
e e
3 108} " ‘] 3 10°
& i i +++ &
% 10° ; ] . + % 10°
e i e
é 105 f 1 é 10°
E + ‘ o e | &0
105 10° 10° 10%°
P11 Succ. Dom / FF Succ. Dom
§ 101
e
% 10°
T
§ 10°
% 10°°
™
o
FF PI1 PI2 PI3 BDD
FF 0 148 157 158 121
PI1 603 0 82 80 204
P12 591 75 0 48 205
P13 564 59 52 0 194
BDD | 494 185 189 186 0

All Problems: Success

T T ‘ ]
4
L+ a
+ +
N> 4

r G +1
bl AT

105 10° 10° 10%°

P11 Succ. Dom / FF Succ. Dom

All Problems: Success

+ + +1
4
L+ + a
N g
+ +
L+ +* +
+
+ L L +\ * L
10° 10° 10° 10%°

P12 Succ. Dom / FF Succ. Dom

BDD Succ. Dom / FF Succ. Dom BDD Succ. Dom / FF Succ. Dom

BDD Succ. Dom / FF Succ. Dom

1010 L

105 L

100 L

1010 L

105 L

100 L

Figure 6: Ratio of solution quality in All Domains

All Problems: Success

+ ‘ +
g H + +
s i + *
o i
% =+ v+ gs'ftr +
4
+ “y
+ +
4
+ S |
, | | ,
10° 10 10° 10%

P11 Succ. Dom / FF Succ. Dom

All Problems: Success

+ +
I+ T T
£ Tt
+ T A +
+ + 4
.
+ L L L " L
0% 10 10° 10%°

P12 Succ. Dom / FF Succ. Dom

All Problems: Success

+ ‘ +
+ +
B +
* Wt
i }&
. 5 +4
+ 4
+ +
.
+ 1 1 1 - 1
10°  10° 10° 10%°

PI3 Succ. Dom / FF Succ. Dom

which in words is the ratio of the number of successful intetgtions for the plan found bpe FAULT-
PI1 with that of DeFAULT-F'F' along the horizontal axis and the ratio DEFAULT-PI2 with that of
DeFAULT-FF along the vertical axis. As summarized by Figlle ®#FAULT-F F solves the problem
and DeFAULT-PI1 does not we replace the ratio by 1e-8 (outside of the boundmgwithin the plot),

if DeFAULT-F'F does not solve the problem bDeFAULT-PI1 does then we replace the ratio by 1e10
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(outside the bounding box), and if neither solves the problee replace the ratio by 1.0. All points to the
left of the diagonal line (x=y) indicate th&eFAULT-PI2 found a better solution thabe FAULT-PI1,
and all points to the right indicate the opposite. Also, alihts below the horizontal line (where the ratio is
1.0) indicate thaDe FAULT-F' F' found a solution better thadde FAULT- P12 and vice-versa above the line.
Likewise, the vertical line (where the ratio is 1.0) indiesithatDe FAULT-F' F’ found a solution better than
DeFAULT-PI1 to the left and vice-versa to the right. Each plot represardgferent comparison of the
planner configurations. The table in the figure is the couthefinstances where the configuration in each
row finds a better solution (i.e., more interpretations shaiceed) than the configuration in the column. The
counts only include instances where both configurationgmet! a solution. The bolded entries in the table
indicate the configuration that found superior solutionsaricequently than the other (e.@eFAULT-FF
found 60 superior solutions compared@eFAULT-PI1, butDeFAULT-PI1 found 95 superior solutions
and is therefore bolded).

The results in Figurigl 6 indicate the following. The tablehivitthe figure shows that i) all configurations
find superior solutions more frequently thaif, ii) each of thePI configurations finds superior solutions
more frequently tha3 D D, and iii) of the PI configurationsP/1 finds superior solutions more frequently.
In comparing the magnitude of the difference in plan quality examining the scatter plots, we see that
among theP I configurations, there is not a significant distinction betw#hem in terms of quality; however
in comparison to theB DD configuration each of thé&I configurations shows marked improvement. In
the most extreme cases, tiid configurations find solutions that are several orders of madm better
than theB DD configuration, whereas at its best tBé D configuration can find solutions that are one to
two orders of magnitude better than any of #Hé methods. Another interesting observation is that when
comparing the cases where thé’ configuration solves a problem but only one of either fhleor BD D
configurations solves the problem, tBeD D configuration tends to finds fewer solutions, But tends to
find more solutions.

In summary, the answers to our research questions that ppersed by these results are as follows.

e Q1: Of the two competitive CPP planners that we used to soareskated incomplete planning do-
mains, POND exhibited very poor scalability in relationrD®FAULT and PFF would require further
development to address our problems, making it unclear hene®FF would perform better than
DeFAULT. POND fails to scale very well because it uses a Monte Cadedbaeuristic that samples
states from its belief state for which to compute a heuriste the number of incomplete features
grows POND is sampling a diminishing proportion of the polesistates, making its heuristic less
informed.

e Q2: The table if Figurgl6 indicates that, no, a classicalpéaicannot find reasonable quality solutions
when planning in incomplete domains. The number of instaweere it is inferior to the other
planner configurations is nearly three times the number sécahere it is inferior. The majority of
the cases where the classical planner finds superior swdusie better by a smaller magnitude than
the magnitude of the cases where it is superior. Howeverldssical planner can find solutions in
many cases where a planner that reasons about incompketeareot due to scalability.

e Q3: Table[2 indicates that thB DD configuration which counts models out-scales the other ap-
proaches in the Bridges domain, is comparable in the PAR@d?Prand Pathways domains, and fails
to scale as well in the Barter World domain. Figlfe 3 provides possible explanation in that the
Barter World domain instances include nearly an order ofmitage more incomplete domain fea-
tures, making model counting that much more expensive imihrst case. We designed the Barter
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World problem to have failure explanations with high caadity prime implicants, which also impacts
the OBDD representation and makes model counting costigtiprohibitive.

e Q4: As shown by Figurgl6 and Talile 2, counting prime implisatdes indeed lead to high quality
solutions, and quite unexpectedly, better solutions tlamting models. The issue of scalability is
linked with the structure of the domain and the relative adshodel counting, per Q3.

e Q5: Figure[6 suggests that as the bound on the size of the pmplEants becomes smaller, scal-
ability improves, but overall quality is not affected. Thiaup quality being unaffected is somewhat
unintuitive, but may be explained in terms our intuition fmw we compare two formulas expressed
by prime implicants; we compare the numbers of smaller oalily prime implicants before the
larger because the smaller cardinality prime implicanfisri® relatively more models. It appears that
comparing formulas in terms of their unit cardinality primeplicants is sufficient for most instances
that we evaluated, which supports GL's motivations for gingl single-fault plans.

Barter World: Figure[T depicts results in the Barter World domain in a fastsimilar to Figuré 6, and
Figure[11 includes a plot depicting the cumulative planringe for all solved instances for each of the
configurations. Planner scalability and runtime generatlysen as more information about the incomplete-
ness is used within the planner (i.é /" scales best, theR/k is best with lower values of, and BDD

is worst). In terms of qualityB.D D finds the most superior solutions, but with relatively lowsagnitude
better quality than those superior solutions found by#teconfigurations. There are many instances that
are solved by thé’I configurations that are not solved by tBd) D configuration and are not counted in
the Figurd T table, but can be seen in the plots.

PARC Printer: Figure[8 depicts the plan quality results and Fidure 11 depie cumulative planning
time for the PARC Printer domain. The total time taken by iheconfigurations is significantly less than
the other configurations, including theF’ configuration. ThePI configurations also scale better than the
BDD configuration. Each of th&I configurations has superior quality to thatiof' and BDD (with a
slight edge toPI1). The magnitudes of the differences in plan quality amormgritethods are relatively
small in this domain.

Bridges: Figure[9 depicts the plan quality results and Fidurde 11 depie cumulative planning time in the
Bridges domain, and the configurations show similar peréoroe. Unlike the prior domaing3 D D finds
the most and the best solutions in this domain.

Pathways: Figure[I0 depicts the plan quality results and Fidude 11aigephe cumulative time results in
the Pathways domain. The planning time and scalabilityghdai for thePI configurations than th& DD
method, and the plan quality tends to be better as well. Fhe configuration appears to find the best
quality plans and is followed by 72 and PI3.

Discussion: Our empirical evaluation has shown that counting prime ioaplts appears to be a viable
alternative to model counting in incomplete domains and theare is an advantage to reasoning about
multi-fault diagnoses beyond the single-fault diagnogadied by GL. We also showed that off-the-shelf
CPP planners are not, in their current form, reasonableoappes to solving incomplete domain planning
problems. Lastly, while ignoring the domain incompletenallows a classical planner to scale much better
than the approaches that reason with the incompletenesgyiihs very poor solutions.
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8 Related Work
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Planning in incomplete domains is noticeably similar toypiag with incomplete state information [Bonet and Geifner
2000; Bryceet all,[2008| Domshlak and Hoffmalnin, 2006; Bertetial., 2001 Smith and Weld, 1998; Palacios and Geffr
2006], where action descriptions instead of states arenpteie. As we have shown, incomplete domains



PARC-Printer Problems: Success

PARC-Printer Problems: Success

PARC-Printer Problems: Success

E 1010 [ T 7] E 1010 [ T 7] § 1000 T 7]
a a a
8 8 g
=)
A 10° 1 @ 10° f 1 @ 10° | 1
m m °
E 10°] # + £ 10° |4 + E 100 ¥ +
o a o
g 5 g 5 g 5
3107 1 3107 1 @ 107 1 1
N ++ e + 8 + HHHHHH
o ‘ ‘ ‘ ‘ o ‘ ‘ ‘ ‘ @ ‘ ‘ ‘ ‘
10° 10° 10° 10%° 10° 10° 10° 10'° 10° 10 10° 10%°
P11 Succ. Dom / FF Succ. Dom P11 Succ. Dom / FF Succ. Dom P11 Succ. Dom / FF Succ. Dom
PARC-Printer Problems: Success PARC-Printer Problems: Success
‘ ‘ = ‘
E 10} + +] s 10 | +]
] o
S 8
(&)
3 10° | ] @ 10° | ]
L &
= 0 0
£ 10° [ + E 10 § +
] o
g 8
2 10° ¢ . @ 10° | 1
™ [a)
a + - [a)] + HHHHHH
‘ ‘ ‘ ‘ @ ‘ ‘ ‘ ‘
10°  10° 10° 10'° 10°  10° 10° 10%°
P12 Succ. Dom / FF Succ. Dom P12 Succ. Dom / FF Succ. Dom
PARC-Printer Problems: Success
§ 10% [ 7]
FF PI1 PI2 PI3 BDD g
FF 0O 64 67 67 25 @ 10° | 1
L
PI1 125 0O 11 12 56 u
PI2 |122 7 0 10 51 E 10° 14 +]
a
PB |120 3 5 0 51 S
()
BDD | 86 37 41 39 0 @ 10° | 1
8 " —
@ ‘ ‘ ‘ ‘
10° 10 10° 10%°

PI3 Succ. Dom / FF Succ. Dom

Figure 8: Ratio of solution quality in PARC Printer Domain

can be translated to CPP domains, and planners such as ROiie i al.,'2008] and PFF [Domshlak and Hoffmann,
2006] are applicable. However, while the translation iote#@cally feasible, the approach does not seem to

scale as well as oPe FAULT planner. The connection betweBaFAULT and POND is much deeper than

their ability to solve incomplete planning problems if wens@ler their underlying state representations

and heuristics. POND represents belief states with OBDIsCaFAULT annotates its states with sen-
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Figure 9: Ratio of solution quality in Bridges Domain

tences represented by OBDDs or prime implicaBDesiAULT could have represented its state with a single
propositional sentence of the forfy,,, (p < —di(p)) that would resemble POND's belief state. Both
DeFAULT and POND propagate propositional sentences over planmaghg to compute their heuristics;
however,DeFAULT selects a single action to support each proposition in tlaged plan, and POND may
select several to increase the probability of goal satisfac DeFAULT can been seen as a type of con-
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Figure 10: Ratio of solution quality in Pathways Domain

formant planner that factors and approximates the bela€ gsimilar to_Twet all [2011]) and instead of
computing the probability of goal satisfaction, counts mledr prime implicants.

Our investigation is an instantiation of model-lite plamyi motivated by Kambhampati [2007]. Kambhanpati
[2007] argues that as planning becomes more adopted ircappiis, such as web service composition or
other net-centric tasks, it must be more robust to userscdraimake mistakes or omissions. Constraint-
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Figure 11: Cumulative Time Comparison in each domain.

based hierarchical task networks are an alternative, gxbiotit b)l Kambhampbii |20b7], which avoid spec-
ifying all preconditions and effects through methods anust@ints that correspond to underlying, implicit
causal links.

Prior work ofLQhang_a.nd_AJIhﬂ_LZDi%] also addresses planniity wmmcomplete models, but focusses
on online planning and execution to learn the model, simdamodel-based reinforcement learning. We
differ in that we assume no feedback from the environmentadiednpt to find the best plan possible offline.
However, the plans found H9e FAULT have the potential to guide either knowledge engineers jperéx
mentation as studied Ib;LQha.ng_and_Alhjr_LdOOG]. We have cdedwpreliminary study [Bryce and Weber,
2011] into planning and learning in incomplete domains thaimilar to that of Chang and Arir [2006],
and note that thé' [’ configuration (ignoring incompleteness) is most similathi® planner used by Chang
and Amir. Our results indicate that using any one of the nugho reason about incompleteness leads to
plans that require an agent to re-plan less often, and in roasgs take less overall time (including both
planning and execution) to achieve their goals.

As previously stated, this work is a natural extension olGeeland and Lesh |20b2] model for evalu-
ating plans in incomplete domains. Our methods for computiiure explanations are slightly different in
that we can use fault interactions of degree greater than\Waealso go beyond the work of GL to synthe-
size plans with incomplete domains and show that prime wapli counting, in the spirit of their definition
of plan faults, can lead to significantly better plans anddbetcalability than model counting in some cases.
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Interestingly, ourPI1 configuration is most similar to the framework considered@ly, and it tends to

perform the best across our experiments.
We base our generalization of the work of GL on approachestiefrbased diagnosis [de Kleer and Williams,

@]. There are several additional techniques that wergamporate, such as strategies for probing faults,

reconfiguring systems, correlated faults, and many otta.of our contribution is showing that diagnosis

is not only a natural fit for planning in incomplete domainst that it offers many useful tools to expand

the capability of planning systems for such problems.

9 Conclusion & Future Work

We have presented the first work to address planning in intsin@TRIPS domains as heuristic search to
find high quality plans. Our planneRe FAULT, performs forward search while maintaining plan failure
explanations, and estimates the future faults incurredrbpagating faults on planning graphs. We have
shown that, compared to a planner that essentially ign@gscés of the incomplete domaibe FAULT is
able to scale reasonably well but find much better qualitpgplaVe have also shown that representing ex-
planations of plan failure with prime implicants can leadb&idter scalability than a complete representation
using OBDDs and counting models.

Future work on this topic will focus on additional heuristifor estimating faults that incorporate pos-
sible delete effects and other negative interactions. Owreettbn for extending the heuristics will use
interaction propagation to measure the cost added by pessitreal mutexes [Bryce and Smith, 2b06].
Directions for extending our model of incompleteness ideli) adding probabilistic measures of various
action features existing in the true domain, ii) investiggthow incompleteness can be integrated with un-
certain/stochastic action effects, and iii) studying howse correlated and conditional effects. Handling
probabilistic incompleteness will amount to weighted made prime implicant counting. The challenge
of handling correlated incompleteness is that we may bestbto include additional propositions inko
that state which of the combinations are legal within dédfarinterpretations of the incomplete domain. Ad-
dressing more expressive action models will require extentthe system description and fault propagation
semantics. We are confident that many of the extensions @gémble issues addressed by model based
diagnosis and represent a unique application to planning.

Acknowledgements:This work was supported by the DARPA contract HR001-07-6600
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A Conformant Probabilistic Planning for Incomplete Domains

By viewing incomplete domains as a set of complete domaidsdascribing the uncertain features with
state propositions, we can formulate problems as confarplanning. Conformant planning captures all
state uncertainty in a belief state (or set of possible statehich can be thought of as a version space
representing alternative hypotheses of the domain. Conaiot plans seek to apply a sequence of actions that
will guarantee goal achievement from all possible statagch plans would be without fault. Unfortunately,
we are not guaranteed that it is possible to achieve the goal &ll states (i.e., with all interpretations of
the incomplete domain), and must be satisfied with achietriagyoal from as many states as possible.

If we cannot achieve the goal from all initial states, thenmugst select the appropriate type of confor-
mant planner, of which there are two possibilities: noredetnistic and probabilistic. Non-deterministic
conformant planners describe state (and action effec@rtaioty as sets of possibilities, whereas proba-
bilistic conformant planners use probability distributsoover the sets of possibilities. This distinction has
an important implication when the planner is tasked withi@ghg the goal from as many states as pos-

sible. Existing non-deterministic conformant plannérg@et aIL 200$; Hoffmann and Brafmbh, 2§b04;
Palacios and Geffrier, 2006; Berteli all, 2001] solve thestrong planning problem, where solutions must

achieve the goal from all possible states. Whereas, pridtabplanners find plans that achieve the goal
with as much probability as possible; if the distributioreoinitial states (interpretations of the domain) is
a uniform distribution, then the number of initial statetiaging the goal is proportional to the probability
the goal is achieved.

While using a probabilistic planner is not completely nsegg for finding plans that achieve the goal
from as many states as possible, existing planners can iegamgthout modification. While we do not
explore the possibility, incomplete domains could be dpEtiwith probabilities that incomplete features
exist in the ground-truth domain, and a probabilistic pEmwould be the most likely choice of planner.
Non-deterministic planners would be sufficient for the imgbete domains studied in this work if they
could find plans that achieve the goals from as many initetlest as possible; however, because no such
planners are readily available, we choose to employ cordontmprobabilistic planning (CPP).

In following, we describe how the incomplete actions carréedlated into incomplete state information.
The resulting CPP problem can be solved by any CPP plannaveAuwll show, the probability of achieving
the goal in the CPP translation is related to the number @danterpretations of the original incomplete
domain.
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A.1 Conformant Probabilistic Planning

Conformant planning deals with the problem of having a sedtaftes (a belief state) consistent with an
agent's knowledge and attempting to find a plan that will eehithe goals simultaneously from as many of
the possible states as possible.

Definition A.1. A conformant probabilistic planning domain defines the tupleX, A, b;, G, 7), where

e P is a set of propositions
e Aisasetof actions, where eaghe A defines a set of conditional effecty eff= {eff,(a), ..., eff,,_,(a)}.
Each conditional effect effa) consists of
— pre;(a) : 2P — {1, T}, a condition formula
— add;(a) C P, a set of add effects
— del;(a) C P, a set of delete effects

We require that no two conditional effects conflict (i.eerthare no cases where two conditional effects
are applicable in a state and they disagree on the effect on a propositiofs pre;(a), s = pre;(a)
and add(a) N del;(a) # {}).

e by is the initial belief state, such that(s) = Pr(s), forall s C P.

e (G C Pisthe goal

e 0 <7 <1isalowerbound on the probability of goal satisfaction

For example, the CPP translation (defined below) of the impteta domain example from Sectibh 2
defines:

o P={p,q,r g,valid} UF, whereF = {pre(a,r),add(a,r), del(a, p), del (b, q), pre(c, q)}
o A={a,b,c}

prey(a) = valid Ap A g A (rV —pre(a,r)) Aadd(a,r) add(a) ={r} deb(a)={}
pre,(a) = valid A\p Ag A (rV —pre(a,r)) Adel(a,p) add(a) ={} deli(a)={p}
pre,(a) = —(valid Np A g A (r V —pre(a,r))) add(a) ={} deh(a)= {valid}
pre,(b) = valid A p A del(b, q) addy(b) = {}  del(b) = {q}
pre, (b) = valid A\ p add (b) = {r} deh(b)={}
pre,(b) = —(valid A p) addy(b) ={} dek(b) = {valid}
pre,(c) = valid Ar A (¢ V —pre(a, q)) addy(c) = {g} deb(c) ={}
pre,(¢) = —(valid A r A (q V —pre(a,q))) add (c) ={} dek(c) = {valid}
b [ 1/25 :s={p,qvalid} UF',F'CF
* bils) = { 0  :otherwise

e G = {g,valid}

Without providing in-depth details on the translation (Seetior A.2), we use a propositienlid to denote

if it is not the case that a state (or one of its predecessaiigdfto satisfy a required precondition. Each
initial state has a different subset of the propositions et to true, and corresponds to one interpretation
of the incomplete domain. The probability of achieving tlwalgndicates the number of interpretations of
the incomplete domain that both satisfy all required pre@@mns and satisfy the original goal.
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Definition A.2. A plant = (ay, ..., a,—1) in @ CPP domainD is sequence of actions, that corresponds to
a sequence of belief statés, ..., b, ), where

(] b(] == b[
e bii1(s) = > bi(s), where
seS(s’)
- S(s") = {s|s’ = s\del(as, s) Uadd(as, s)}
—dellat,s) = U del(a)

i:sk=pre;(at)
— add(at, s) = U add(a:)
i:sf=pre; (at)

o 7 < > by(s)

s:GCs

For example, the platu, b, ¢) corresponds to a belief state sequefigeb, b2, b3). Each belief state
assigns2® states non-zero probabilities, and to retain a succinangi@we list the belief states below as
propositional sentences (each model of a sentence con@spo a state whose probability ig2°). The
belief states are as follows:

bo= pAgA-rA-gAvalid

by = (pAgA-rA-gA-walid A pre(a,r))V
pAgAT A-gAvalid A —pre(a,r) A ﬁc]\gl(a,p) ﬂadd(a, )V
—p A g AT A =g Avalid A —pre(a,r) A aa(a p) A ﬂadd(a, )V
pAgA—rA-gAvalid A —pre(a,r) A —|del(a p) A add(a, r))
—p A g A =1 A—gAvalid A —pre(a,r) A del(a p) A add(a, r))

\

(
(
(
(
(p A g A —r A=gA-—walid A pre(a,r))V
(=p A g ArA-=gAvalid A —pre(a,r) A —|dAe;|(a,p) A ﬁﬁa(a, r)A —|dﬁe;|(b, q)V
(=p A =g Ar A =g Avalid A —pre(a,r) A —Ee/l(a p) A ﬁa’%(a, r) A dﬁejl(b, q)V
(=p A g ArA-—gA—walid A —pre(a,r) A del(a p) A ﬁ;ia(a 7))V
(=p A g A1 A-=gAvalid A —pre(a,r) A —|de|(a p) A add(a r)A —Ee/l(b q)V
(=p A =g Ar A =g Awvalid A —pre(a,r) A —|de|(a p) A add(a r)A del(b q))V
(=p A g A —r A =g A —walid A —pre(a,r) A del(a, p) A add(a,r))
(p A g A —r A—gA—walid A pre(a,r))V
(=p A g ArAgAvalid N —pre(a,r) A ﬁc]\gl(a,p) A ﬂa/%(a, r) A ﬂdel( ,q))V
(=p A =g Ar A g Avalid A —pre(a,r) A ﬁc]\gl(a,p) A ﬁa/cm(a r) A deI( ,q) N\ —pre(e, q))V
(=p A =g Ar A =g A —walid A —pre(a,r) A —|c/i\e/|(CL p) A ﬂadd(a r) A del(b, q) A pre(e,q))V
(=p A g Ar A—gA—walid A —pre(a,r) A del(a p) A —|add(a )V
(=p A g ArAgAvalid \ —pre(a,r) A —|del(a p) A add(a ) A ﬂdel(b, q))V
(=p A =g Ar A g Avalid A —pre(a,r) A —|del(a p) A add(a r) A del( ,q) A\ —pre(c,q))V
(=p A =g Ar A =g A —walid A —pre(a,r) A —|del(a p) A add(a ) A del(b q) A pre(e,q))V

(=p A g Anr A =g A -walid A —pre(a,r) A del(a p) A add(a r))
The number of models of the logical representatiohsofrfhere bothy andwvalid are true is six, making the
probability that the goal is satisfie&}2° = 0.1875. Recall that the plan failure explanations included 26
models, which corresponds to six successful models, askh CP
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A.2 Translation to Conformant Probabilistic Planning

The intuition behind the translation to CPP is to augmentstiages so that new propositions describe the
action incompleteness. For example; ifias a possible preconditign then the new unobservable proposi-
tion pre(a, p) is introduced to indicate whether or nots a precondition. The new propositions describing
action incompleteness correspond whithThe actions require modification as well: an actiois translated

to an actionz with conditional effects. The action’s effects describeesa(subject to incomplete features)
where the action’s effects are given or the action fails. &@mple, the actioa with possible precondition

p has the add effegt, which corresponds to theeffectpre;(a) = —pre(a,p) V p,add;(a) = q (i.e.,q is
given as an effect only i is not a precondition or, if it is a preconditiop|s true).

Definition A.3. The CPP translationD = (P, A4, b;, G, 7) of the incomplete domair?( 4, I, G), is as
follows:

e P=PU/{valid} UF
e For eacha € A, there is ar € A, with one effect for each known add or delete effect and eash p

sible add or delete effect and one effect recording if theadtas failed. The effects are summarized
by the following table.

| aEffect | pre,(a | add,(a) | del(a) |
p € add(a) | valid /\ pre(a) {p} {}
p € add(a) | valid Apre(a) A add(a,p) | {p} {}
p € del(a) | valid N pre(a) {} {p}
p € del(a) | valid Apre(a) Adel(a,p) | {} {p}
—(valid NPTE(a)) {} {valid}
wherepre(a) = A pA A (pV —pre(a,p)) indicates the preconditions that must be satisfied

pepre(a) pepre(a)
by the action.

e The initial belief staté; is defined
- FI .o — CE. C
bl(s):{ 1/2F1 s =TUF;,F; CF

0 : otherwise
Theorem A.4. Aplan® = (a_1,do, ... ,an_1,dy) for an incomplete domai fails in | M (d(r))] inter-
pretations iff in the translated CPP domainthe corresponding plai = (o, . . . , @,_1) achieves its goals
\M(d( )|

with probability 1 — i

Proof. By construction, there is a statg = I in D' that corresponds to a statg € by (i.e., bo(35) > 0)
wheres) = I UF' U {valid}.

We consider two cases for action applicability: i) the plas hot failed because of the current or prior
actions, or ii) the current or prior actions cause plan failu

If we assume that the plan has not failed (i.e., all prioraatiwere applicable anehlid € 5!) and
5. = st UF" U {valid}, thenal is applicable tos! iff 5! = wvalid A pre(a;). If a is applicable tos
then préa;) C si, which also means thatvalid} U pre(ai) C si. If {valid} U pre(ai) C si, then
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5% |= valid A pre(a;) because by contradiction

5. A =(valid A pre(ay))

s Awvalid A pre(at) A FEA = (valid A /\ pA /\ (p V —pre(a p)))

pepre(a) peEpre(ar)

s Awvalid A\ pre(@t) AFEA | —walid v \/ —pV \/ (—=p A pre(a p)))
pepre(ar) pepre(ar)

s Awalid A pre(@i) A FP A V (pAT)v /(A L)
peEPTe(dr) peEpTe(ar)
pre(a,p)€F" pre(a,p)¢F"

s Awvalid A pre(al) A FCA \/ —-p

pEpTe(dr)
pre(a,p)€F’

L

wheres = 3\ ({valid} Upre(ai) UF?). Likewise, ifsi |= valid Apre(a,) thenal is applicable tosi because
no prior action failed (otherwisealid would not be satisfied) and, per the contradiction proof abitvmust
be the case that pi&) C 3. If pre(al) C 5t then préal) C s because = 5\ ({valid} U F*), meaning
thata! is applicable tos:.

If we assume that a prior or current action failed, tlgrs not applicable tos! iff 5i = —(valid A
pre(a;)). If @i is not applicable ta! thens: = —(valid A pre(a;)) because by the contradiction

5. A walid N pre(ag)

st/\fualzd/\ /\ A /\ (pV —pre(a,p))
pepre(a) pepre(a)
sinvalidh N\ pA N GvLDA N\ (V)

pepre(ar) pEpre(a ) peprear)
pre(a,p)€F’ pre(a.p)¢F*

Ef; A wvalid N /\ A /\ P
pepre(a) pepreas)
pre(a,p)eF*

5. Awalid A /\ D
pepre(ay)

and if eithervalid ¢ 5. or pre(at) ¢ 3. thengi/\validApepre@)pis unsatisfiable. 1§: = —(valid\pre(ay))

thena! is not applicable ta! because ifalid is satisfied a previous action failed or per the derivatioovab
if pre(al) Z 5. then préai) Z st.
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If we assume that; = s} U F* U {valid} and plan has not failed, thex}, ; = s}, UF" U {valid}
because:

Si11 =5;\del(a, 5;) U add(ay, 5,)
=(st UF" U {valid})\del(a,, 5) U add(ay, 5.)
=(st UF" U {valid})\del(a}) U adda:)
=s;,1 UF' U {valid}

where the add effects are related so that:

add(@,s;) = |J  add(a)

Jj:5i=pre;(ar)

= U pU U p
J:5i=valid \pT&(@) 5.5t =valid Apre(a) Aadd (a,p)
peaddar) peadda)

= add(a;)

and similarly for the delete effectdel(ay, 5i) = del(a).

If the plan has failed thes; is undefined iffvalid ¢ sj. If s} is undefined then an actiai, at time
0 < k < t— 1 failed because its precondition was not satisfiedspy As shown above, ifi, is not
applicable tosy, thensj |= —(valid A pre(a)), andvalid ¢ 5 ,,, meaning thavalid ¢ 5} for all
Jj > k+ 1. If valid ¢ sy thens; is undefined because as shown above, for some prior Aiméailure
occurreds! = —(valid A pre(a)). If a failure occurred at timé;, then all actions:bg., j > k, are not
applicable and the corresponding st@te’s undefined.

Each interpretatior’ corresponds to an initial stat§ € by, and per the above, applying satisfies
pre(al,) = G iff applying 7 to 5 achieves the goak U {valid}. If the number of interpretations that fail to
achieve the goal is equal to the number of models of the &#omplanatior| M (d()))|, and each state of

. . . . - - . . M(d(m
the initial belief state is given probability/2!F!, then the probability that achieves the goal is— 'é‘#
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