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Abstract

Planning graphs have been shown to be a rich source of hieumigtrmation for many kinds
of planners. In many cases, planners must compute a plagrépd for each element of a set of
states, and the naive technique enumerates the graphglirally. This is equivalent to solving an
all-pairs shortest path problem by iterating a single-se@gorithm over each source.

We introduce a structure, the state agnostic planning gréath directly solves the all-pairs
problem for the relaxation introduced by planning graphse fechnique can also be characterized
as exploiting the overlap present in sets of planning grabbsthe purpose of exposition, we first
present the technique in deterministic planning. A morerpnent application of this technique
is in belief state space planning, where an optimizationxjglaét state overlap between belief
states results in drastically improved theoretical coxiple We describe another extension in
probabilistic planning that uses common action outcometamty to further improve theoretical
complexity. Our experimental evaluation (using many éxgstnternational Planning Competition
problems) quantifies each of these performance boosts,eandristrates that heuristic belief state
space progression planning using our technique is conveedvith the state of the art.

1. Introduction

Heuristics derived from planning graphs (Blum & Furst, 1995) are spdead in planning (Gerevini,
Saetti, & Serina, 2003; Hoffmann & Nebel, 2001; Bonet & Geffner,4,9%unes & Simmons,
2003; Nguyen, Kambhampati, & Nigenda, 2002; Bryce & Kambhampati, 00planning graph
represents a relaxed look-ahead of the state space that identifiesipoosoreachable at different
depths. Planning graphs are typically layered graphs of vertiegs4o, P1, A1, .., Ak—1,P),
where each level contains a proposition layét; and an action layed;. In many cases, heuristics
are derived from aetof planning graphs. In deterministic planning, progression planners typi-
cally compute a planning graph for every search state. (The same situdsiesiia planning under
uncertainty when calculating the heuristic for a belief state.) A set of plargriayghs for related
states can be highly redundant. That is, any two planning graphs oféelapsignificantly. As an
extreme example, the planning graph for a successor state is a subefthphplanning graph of
the preceding state, left-shifted by one step (Zimmerman & Kambhampati, 2008)puting a set
of planning graphs by enumerating its members is, therefore, inherentigaadt.
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P={at(L1), at(L2), have(l1l), comm(I1)}

A={ drive(Ll, L2) = ({at(L1)}, ({at (L2) }, {at (L1) })),
drive(L2, L1) = ({at(L2)}, ({at (L1) }, {at (L2) })),
sanple(11, L2) =({at(L2)}, ({have(11)}, {})).
commun( 1 1) = ({have(I11)}, ({com(11)}, {})}

I={at(L1)}

G ={comm(11)}

Figure 1: Deterministic Planning Problem Example.

Consider progression planning in a deterministic planning formuldttom, I, G) of a rovers
domain, described in Figure 1. The formulation (discussed in more detail megisection) defines
setsP of propositions,A of actions,/ of initial state propositions;z of goal propositions. In the
problem, there are two locationsl andL2, and an imagé 1 can be taken at2. The goal is
to achievecom( | 1) , having communicated the picture back to a lander. There are four actions
drive(Ll1l, L2),drive(L2, L1),sanple(ll1, L2),andcomun(l1). The rover can
use the plandri ve(L1, L2),sanple(l1, L2),commun(l 1) to achieve the goal. The
sequence of states corresponding to the plan, where each state willbated by the heuristic, is:
sr={at(L1)}
s1={at(L2)}
so={at(L2), have(l1l)}
ss={at(L2), have(l1l), commun(l1)}

Notice thats; C so C s3, meaning that the planning graphs for each state will have initial proposi-
tion layers wheréPy(s1) C Po(s2) C Po(s3). Further, many of the same actions appear in the first
action layer of the planning graph for each state. Figure 2 (describeetail delow) depicts the
search tree and planning graphs for several states.

State Agnostic Planning Graphs: Avoiding the redundant construction and representation of
search heuristics as much as possible can improve planner scalabilityn@uerato avoiding re-
dundancy is an elegant generalization of the planning graph called theAStaistic Graph (SAG).
The general technique (of which we will describe several variations) ispresent a single plan-
ning graph skeleton to capture action and proposition connectivity (fargmditions and effects)
and use propositional formulas, called labels, to annotate which portiaihe skeleton relate to
which states. Our techniques are related to work on assumption based tintarmaace systems
(de Kleer, 1986), where the intent is to capture common assumptions made inlencidtipexts.
The contributions of this work are to identify several extensions of thistoleaachability heuris-
tics across a diverse set of planning problems.

From a graph-theoretic perspective, it is possible to view the plannimdgs exactly solving
a single-source shortest path problem, for a relaxed planning probldra.leVels of the graph
efficiently represent a breadth-first sweep from the single souncehd context of progression
planning, the planner will end up calculating a heuristic for many differentces. Iterating a
single-source algorithm over each source (building a planning graphegaech node) is a naive
solution to the all-pairs shortest path problem. We develop the SAG undesltbihg intuition:
directly solving the all-pairs shortest path problem is more efficient thartiitgra single source
algorithm.

This intuition falls short in most planning problems, because the majority of statesmeach-
able. Reasoning about such states is useless, so instead, we deveéd@yistlas a solution to the
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Figure 2: Planning graphs and state space projection tree.

multi-source shortest path problem. More precisely, the SAG is a repatigenof a set of plan-
ning graphs. The technique is to represent the propagation rules dath@ng graph and a set of
sources as boolean functions (labels) and to compose these functitealiong evaluating them.
Composition via boolean algebra yields a symbolic approach for building tleé skanning graphs
without explicitly enumerating its elements. This boosts empirical performanegddyiting redun-
dant sub-structure, in despite of the fact that the technique does novalts-case computational
complexity.

Planning Graph Deterministic Non-Deterministic Probabilistic
Traditional PG LUG McLUG
State Agnostic SAG SLUG CSSAG

Table 1: Planning Graph Taxonomy for Types of Planning.

The exact form of the label functions is specific to the type of planninglgbeing generalized
(see Table 1 for a taxonomy of the planning graphs generalized in thig.widik SAG represents
a set of relaxed planning graphs in deterministic planning, a set of labkeledipg graphs({UG)
(Bryce, Kambhampati, & Smith, 2006) in non-deterministic planning, and af $bnte Carlo la-
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beled planning graphs\ cLUG) (Bryce, Kambhampati, & Smith, 2008) in probabilistic planning.
(The LUG and M cLUG generalize planning graphs to compute heuristics for non-deterministic and
probabilistic belief states and probabilistic actions). Labels represernifssttes in deterministic
planning, sets of belief states in non-deterministic planning, and sets ofi@afsamples) in prob-
abilistic planning. In non-deterministic planning we can also overload the l&hetpresent belief
states in terms of their constituent states, arriving at an exponentially snellef label symbols
inthe SLUG. In probabilistic planning we can use the same overloading and additionallyasému
each planning graph through a setooinmon samplées the CSSAG, exponentially reducing the
sampling complexity over a naive adaptation of teL UG to its SAG version.

Layout: Our presentation describes traditional planning graphs and their djeatioa to state ag-
nostic planning graphs for deterministic planning (Section 2), non-detetiiplanning (Section
3), and probabilistic planning (Section 4). In Section 5.1 we explore argkzretion of relaxed
plan heuristics that follows directly from the SAG, namely, the state agnosixeet plan, which
captures the relaxed plan for every state. From there, we considamakstrategies for reducing
irrelevant heuristic computations in Section 5.2; the experimental evaluatemi@8 6.2) begins
by comparing these strategies internally. We then conduct an externahgsopin Section 6.3
with several belief state space planners to demonstrate that our pla@1€D is competitive with
the state of the art in both non-deterministic planning and probabilistic planWedinish with a
discussion of related work in Section 7 and a conclusion in Section 8.

2. Deterministic Planning

This section provides a brief background on deterministic (classical) ipignan introduction to
deterministic planning graphs, and a first discussion of state agnostlesgrap

2.1 Problem Definition

As previously stated, the deterministic planning problem defines the téplé, I, G), whereP is

a set of propositions4 is a set of actions/ is a set of initial state propositions, antlis a set of
goal propositions. A stateis a proper subset of the propositioRswhere every propositiop € s

is said to be true (or to hold) in the state Any propositionp ¢ s is false ins. The set of states
S is the power set of, such thatS = 2. The initial states; is specified by a set of propositions
I C P known to be true (the false propositions are inferred by the closed wsslghaption) and
the goal is a set of propositiois C P that must be made true in a statéor s to be a goal state.
Each actioru € A is described byp.(a), (" (a),e™(a))), where the execution preconditipp(a)

is a set of propositions, and™* (a), e~ (a)) is an effect where ™ (a) is a set of propositions that
causes to become true and(a) is a set of propositions causes to become false. An actiois
applicableappl(a, s) to a states if each precondition proposition holds in the statga) C s. The
successor staté is the result of executing an applicable actioin states, wheres’ = exec(a, s) =
s\e”(a) UeT(a). A sequence of action§ay, ...,a,,}, executed in state, results in a state’,
wheres’ = exec({a1, ..., am}, s) = exec(ap, exec(am—1, ... exec(ar,s) ...)) and each action is
applicable in the appropriate state. A valid plan is a sequence of actions #pgiicable ins; and
results in a goal state. The number of actions is the cost of the plan. Oussiist below will make
use of the equivalence between set and propositional logic représeataf states. Namely, a state
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s ={p1,...,pn} C P represented in set notation is equivalent to a logical statep; A ... A p, A
“Prt1 A eoe A TP, WhereP\s = {pn+1, ..., Pm }-

The problem description in Figure 1 lists four actions, in terms of their exetptiecondition
and effects; theri ve( L1, L2) action has the execution preconditan( L1) , causesat ( L2)
to become true, and causas(L1) to become false. Executirdy i ve(L1, L2) in the initial
state results in the state; = exec(drive(L1, L2),s;) = {at(L2)}. The states; can be
represented a§ = —at (L1) Aat (L2) A—have(l 1) A-com( | 1) . In the following, we drop
the distinction between set)(and logic notationg) because the context will dictate the appropriate
representation.

The most popular heuristic search formulation, progression, creategeatmon tree (Figure 2)
rooted at the initial state; by applying actions to leaf nodes (representing states) to generate child
nodes. Each path from the root to a leaf node corresponds to a pli pred expanding a leaf
node generates all single step extensions of the prefix. A heuristic estimaiesst taeacha goal
state from each state to focus effort on expanding the least cost ldéa$ no

2.2 Planning Graphs

One effective technique to compute reachability heuristics is through pganaph analysis. Tra-
ditionally, progression search uses a different planning graph to dentipel reachability heuristic
for each state (see Figure 2). A planning grapghG (s, A) constructed for the state(referred to as
the source state) and the action des a leveled graph, captured by layers of vertitegs(s), Ao(s),
Pi(s), Ai(s), ..., Ax—1(s), Pr(s)), where each level consists of a proposition layé?(s) and an
action layerA,(s). In the following, we simplify the notation for a planning graph®6:(s), assum-
ing that the entire set of actionsis always used. The notation for action layegtsand proposition
layersP, also assumes that the states implicit.

A planning graphPG(s), built for a single source, satisfies the following:

1. If p holds ins thenp € Py
2. For anyt such thap € Py, for everyp € pe(a), thena € A,
3. For anyt such that € Ay, thenp € P, forall p € e™(a)

The first proposition layef?,, is defined as the set of propositions in the stat&n action layer
A, consists of all actions that have all of their precondition propositior irA proposition layer
P, t > 0, is the set all propositions made true by the effect of an actiod:in. It is common to
use implicit actions for proposition persistence (a.k.a. noop actions) toestigt propositions in
P, persist tdP;. A noop actiom,, for propositionp is defined ag.(a,) = ¢ (a,) = p. Planning
graph construction continues until the goal is reachable (i.e., evernpgoabsition is present in a
proposition layer). (The index of the level where the goal is reachatride used as an admissible
heuristic, called the level heuristic.)

Figure 2 shows three examples of planning graphs for different statesietered within the
projection tree. For exampld?G(sy) hasat (L1) in its initial proposition layer. Theat (L1)
proposition is connected to thedy i ve(L1, L2) action because itis a precondition, and ii) con-
nected to a persistence action (shown as a dashed linefirihee( L1, L2) action is connected
toat (L2) because it is a positive effect of the action.
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RPExt r act (PG(s),G)
1: Let k be the index of the last level d?G(s)
2: forall p € GNPy do{Initialize Goalg
3: P,fp — P,fp Up
4: end for
5. for t = k...1do
6. forall p € P do {Find Supporting Action}
7: Finda € A;_1 such thap € 7 (a)
g ARE — ARF g
9: endfor
10: forall a € AR% . p € pe(a) do {Insert Preconditions
11: PEE — PEEUp
12:  end for
13: end for
14: return (PR AR PRE L ARP PRP)

Figure 3: Relaxed Plan Extraction Algorithm.

Consider one of the most popular and effective heuristics, which isdbasaelaxed plans.
Through a simple back-chaining algorithm (Figure 3) cafldexed plan extractionit is possible to
identify the actions in each level that can be used to support the goalsxeBglans are subgraphs
(PEP, ARP PREE .. ARE PEP) of the planning graph, where each layer corresponds to a set of
vertices. A relaxed plan captures the causal chains involved in supptitérgoals, but ignores how
actions may conflict.

Figure 3 lists the algorithm used to extract relaxed plans. Lines 2-4 initializeetheed plan
with the goal propositions. Lines 5-13 are the main extraction algorithm thrég atahe last level of
the planning graplk and proceeds to levél Lines 6-9 find an action to support each proposition in
alevel. Line 7 is the most critical step in the algorithm that selects an action togagmroposition.

It is common to prefer noop actions for supporting a proposition (if pogsii@eause the relaxed
plan is likely to include fewer extraneous actions. For instance, a propositay support actions
in multiple levels of the relaxed plan; by supporting the proposition at the eagplissible level, it
can persist to later levels. It also possible to select actions based owriGtheon, such as the index
of the first action layer where they appear. Lines 10-12 insert theopdiions of chosen actions
into the relaxed plan. The algorithm ends by returning the relaxed planhugitsed to compute a
heuristic as the total number of non-noop actions in the action layers.

Figure 2 depicts relaxed plans in bold for each of three states. The dgdéaefors; has three
actions, giving the state an h-value of three. Likewigehas a h-value of two, ang, one.

2.3 State Agnostic Planning Graphs

We generalize the planning graph to the SAG, by associating every védiies graph with a label
4:(+). The labels permit multiple source states by tracking the set of sourcésngace associated
graph vertices. Each label describes a set of source states with @sjpiaal sentence over the
domain propositions. Intuitively, a source stateeaches a graph vertexif s = 4;(x) (i.e.,sis a
model of the label formuld,(x)). The set of possible sources is defined by the scope of the SAG,
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denotedS, also a propositional sentence. Each SAG vertex |4lfe) denotes a set of states that is
a subset of the scope, meaning thét) = S.

The graphSAG(S) = ((Po, Ao, ..., Ax—1, Pr), ¢) is defined similar to a planning graph, but
additionally defines a label functiaghand is constructed with respect to a scépd-or each source
states wheres |= S, the following holds:

1. If p € s, thens = 4y(p) andp € Py

2. If s = 4y(p) for everyp € pc(a), then:

(@) s = £i(a)
(b) a € A

3. If p e et(a) ands = ¢;(a), thens = 4,41 (p) andp € Pyiy

This definition resembles that of the planning graph, with the exception tredsldiztate which
propositions and actions are included in various levels.

There are several ways to construct the SAG to satisfy the definitionx@licié approach might
enumerate the source states, build a planning graph for each, andtteflabel function for each
graph vertex as the disjunction of all states whose planning graph cotitaimertex (e.g.:(p) =
\/pept(s) s). Performing such an enumeration renders the SAG more or less pointtesgrk is
saved. Any practical approach avoids enumerating states (and theisponding planning graphs)
to construct the SAG. We note that actions appear in all action layers athefe¢heir preconditions
hold in the preceding proposition layer (a conjunction, see 2. below), anghtbpbsitions appear
in proposition layers wherhere exists an action giving it as an eff@cthe previous action layer (a
disjunction, see 3. below). We directly compute the label function, usingtluing propagation
rules?t

1. b(p) =S Ap

2. li(a) = A lp)
PEpe(a)

3. bp)= V lia(a),
a:p€eTt(a)

4. k = minimum levelt such that;(p) = ¢,+1(p),Vp € P,

The label of each initial proposition layer proposition indicates the souatessin which it
holds. The label of each action layer action is the conjunction of the acpoenditions’ labels.
The label of each later proposition layer proposition is the disjunction giatipg actions from
the previous layer. The index of the last proposition layer is the first letelre the succeeding
proposition layer is identical.

Figure 4 depicts the SAG for the rover example (Figure 1), witere T (the set of all states
is represented by the logical tru€). The figure denotes the labels by propositional formulas in

1. The graph structure is implied by the label function: an element exists igrétph if and only if its label is non-false.
Many labels are false, at least at early levels, so we retain the gramtuséras an efficient means of accessing
non-false labels.
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Figure 4: SAG for rover example.

italics above actions and propositions. By the third level the graph hasdest]¢hat is, the fourth
and subsequent levels are identical to the third. At that point the goah&dmred reachable by
every state except, = —at (L1) A—at (L2) A—-have(l 1) A—-comm( | 1) ;the goalis labeled
¢s(comm(11)) =at(L1) vat(L2) vhave(l1l) vcomr(l 1), the negation of which is,,.
Planning graphs over-approximate reachability, so it is certainly possiatestime of the states
satisfying/s(comm(1 1) ) = at(L1) vat(L2) vhave(l1l) vcomrl1) cannot, in fact,
reach the goal. What can be concluded with certainty is that states not entailing the goalls labe
at some level, truly cannot reach the goal in that many parallel steps. taseeofs,,, this lower
bound can be taken as sincevt, s,, ~ ¢;(comm(I1)). For other states, this lower bound, the level
heuristic, is given by the formulanin; s = (A, ¢(p))-

Of special interest are heuristics based on extracting relaxed plaractexg the relaxed plan
for a states from the SAG is almost identical to extracting a relaxed plan from a plannagghdouilt
for states. Naturally our goal is to ensure that the relaxed plans extracted fromABGea®e iden-
tical to the relaxed plans extracted from the planning graph . fa@euaranteeing such equivalence

2. Coincidentally the approximation of reachability of the goal happens texhet for this tiny problem (all states
besidess,, do reach the goal). However, the whole approximation is not exact: stisfyingat (L1) A at (L2)
are not in fact reachable, but considered so.
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amounts to ignoring every other planning graph represented by the S#&Geflicient approach (to
ignoring planning graphs irrelevant to the current purpose) is to ertbats = ¢;(z) whenever
considering some vertex in the SAG. For the purpose of extracting relaxed plans, it is sufficient
to enforce this constraint just when picking the support for subgomlsgsictions demand that all
preconditions hold). That is, when picking support for a subgaai levelt, we (lazily) remove
from consideration any actione A;_, that fails to satisfys = ¢;_1(a).

For example, to evaluate the relaxed plan heuristic for statgat ( L2) }, one might mistak-
enly try to supporconm( | 1) inP; withcommun( | 1) in Ay without noticing thatomun( | 1)
does not appear in the initial action layer of the planning graptfors; [~ ¢o(commun(| 1)).
By ensuring that; = ¢;(a) holds for eacla, t) in the relaxed plan (and leaving all other details of
extraction unchanged), we guarantee that the result is identical to tlkedgdan extracted from a
normal planning graph built fot;. The change to the relaxed plan extraction procedure (in Figure
3) replaces line 7 with:

“Find a € A;_1 such thap € e*(a) ands = ¢;_1(a)",

adding the underlined portion.

Sharing: The graphSAG(S), is built once for a set of states representedbyror anys such that

s = S, computing the heuristic forreuses the shared grapilG(S). For example, itis possible to
compute the level heuristic for every state in the rover problem, by findinfirgtéevelt where the
state is a model of;(comm( | 1) ). Any states wherecom( | 1) € s has a level heuristic of zero
becauséy(com( | 1) ) = comm(| 1) . Any states, whereconm( | 1) € sorhave(l1) € s,

has a level heuristic of one becausécomm{ soi | ) ) = comm(| 1) vhave(l 1), and so on for
states modeled by the labels of the goal proposition in levels two and threpo#isible to compute

the heuristic valuea priori, or on-demand during search. Later we will discuss various points along
the continuum between computing all heuristic values before search enmglitiag the heuristic at
each search node.

Label Implementation: At the heart of the SAG is representation of and inference upon boolean
formulas (labels). Very careful consideration needs to be given te tingslementation details.
Recall that the competing approach to SAG in forward state space sieabaiiding one planning

per search node. To apply SAG in this context one must take an upgm®s at what states
the search will end up visiting (discussed in more detail in Section 5.2). Thish®ay gross
overestimate, since the best available heuristic for estimating search belkdti® estimate given

by planning graphs.

So while there is a great deal of redundant structure to exploit, a SAfdagpstarts with the
handicap of constructing a potentially larger set of planning graphs.qliestion becomes: does
symbolic planning graph representation and inference (via booleatidngioffset this handicap?

To answer the question, the first observation to make is that satisfiabilityobédoo formulas (a

key part of the inferences needed in SAG) is not NP-hard — satisfiabfliolean formulasn
Conjunctive Normal Fornis NP-hard. Considering the operations needed within the SAG, sheds
light on the appropriate boolean function representation. In generdratit normal forms allow
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different sets of operations to be polynomial vs. NP-Raspecifically, we must consider which
and how often different operations are needed by the SAG; these énclud

Conjunction (action labels)

Disjunction (proposition labels)

Satisfiability (reachability)

Equivalence (level-off)

At every reachable graph vertex we need to perform either a conjanatia disjunction to
compute the label. In order to extract heuristics, all the labels of vertickgdedt in the heuristic
computation have to be checked for reachability. For example, for refaaed, the label of every
element of the relaxed plan must indicate the element is reachable from ¢imesgite. Reachability
checks are computed as entailment (the state must entail the label), whiclivadeuo checking
unsatisfiability of the conjunction of the state with the negation of the label. Firdigcking
equivalence of every label at a given level with the correspondirg) Etithe prior level is needed
to detect level-off of the graph, if the structure is being built that far.

In short, satisfiability will be the dominating operation in terms of sheer numbievo€ations
(many times per search node, as compared to once per potentially regalaableg graph vertex).
So the ideal implementation pushes as much effort as possible away frofiais#itis into conjunc-
tions and disjunctions, with significant bonuses if equivalence endsing bleeap. While there are
presumably more conjunctions than disjunctions (more actions than propssgiot entailment
can be reduced through conjunction), there are still many disjunctionsftoie and there is a fair
amount of nesting. Therefore, it might be a good idea to avoid a nornmaltfoat has a strong bias
in favor of either conjunctions or disjunctions.

CNF, for example, does not seem like a good choice; satisfiability is Né?-DéMF looks better
on paper; satisfiability is trivial. However, DNF is very similar to reasoning witheagplicit set
of models, which is the representation of the competing approach (i.e., ttratidfonal planning
graphs). Since the competing approach enjoys the significant advaritagly building the set of
planning graphs that are needed, not some gross overestimate, DN aeenpromising route.

We represent and manipulate labels using Ordered Binary Decision Bia¢@BDDs) (Bryant,
1986). In terms of structure, these are directed acyclic graphs (DA@dformulas are represented
by pointers to the appropriate node. Specifically we utilize the CUDD paci@&gmenzi, 1998),
which incorporates a great many optimizations. For our purposes, thalilecharacteristics are:

e Aformula and its negation are the same DAG; negation is a reserved bit inititenso
e Conjunction and disjunction are the same cgst\(g = —(—f V —g)).
e Equivalence is a single operation; if two formulas are equivalent they fwthe same place.

e Satisfiability is a special case of non-equivalence.

3. As a concrete example, satisfiability in Disjunctive Normal Form is trividbnjunction is hard within DNF, in
particular, repeated conjunction is NP-hard. Consider a DNFE olauses. Each clause, is in DNF, so evaluat-
ing f = AJ_, ¢ entirely within DNF must be NP-hard. While conjunction is hard within DNF, disfion (not
surprisingly) is easy. In CNF the roles are reversed: conjunction ysaabdisjunction is hard.
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e Entailmentis, at worst, two operations (negation and satisfiability) worseatlsanjunction.

e Any DAG is stored at most once in memory. If the representatiofi o€curs withing, f
points to the appropriate internal nodegof

That is, satisfiability, entailment, and equivalence are all much cheapeOBBD representation
than in DNF or CNF. The price is that repeated conjunctions/disjunctionsg iwahst case, resultin
diagrams of exponential size. But equivalence and satisfiability remdiavfas on huge diagrams,
and, many practical problems do not induce explosions in size. Furtierstthe desired result:
one cannot avoid paying a price somewhere, and the goal was to movechirthe expensive
computation to the SAG construction phase as possible, that is, to shift cdropataifficulty to
repeated conjunctions/disjunctions.

Consider the running example. The search tree for the rover probleatotal of six reachable
states, five of which are actually generated during search. By cotisgracplanning graph for each
state, the total number of planning graph vertices (for propositions dimharthat must be visited
is 56. Constructing the SAG for the set of all states requires 28 plannaphoertices. There are
a total of 10 unigue boolean functions in this SAG, but many end up beindusudtions of one
another under the first variable order we tried (L1) , at (L2), have(l 1), andcomm| 1) ).
Under that variable order, the total size of the shared OBDD repregenia 10 vertices, not
counting the special vertex denotifig So the SAG approach ends up with a 38+1 vertex structure
as compared to the 45 or so vertices considered by the approach whdh@anning graphs one
by one. Counting vertices in this way is at best a weak measure of actfmirpance, but it is quite
telling that even in this tiny problem the approach seems viable. Especially ammde no effort to
exclude the 10 unreachable states from consideration, nor anyteffgotimize the variable order
(though perhaps we picked a great order by accident), and the entiredae is aimed at improving
performance on large, not small, problems.

Ultimately we do improve the performance of our plan®p N D on deterministic problems
by employing the SAG approach. This is an exciting result, BGN D is designed as a belief
space planner, not a state space planner. So the results are unlikelgitedbly applicable to, say,
improving FF (Hoffmann & Nebel, 2001).0ur aim within deterministic planning is primarily to
explain the concept in a simpler context before moving on to the problemsiahterest: belief-
space planning problems.

3. Non-Deterministic Planning

This section extends the deterministic planning model to consider non-deteitnatége uncer-
tainty with no observability, follows with an approach to planning graph hecsigor search in
belief state space, and ends with a SAG generalization of the planninglggaghtics.

3.1 Problem Definition

The non-deterministic planning problem is given (@, A, b;, G) where, as in deterministic plan-
ning, P is a set of propositions is a set of actions, an€ is a goal description. Extending the

4. Though there is some promise to the idea of further developing the peedisally for deterministic planning. For
example, one could aim for a problem agnostic formulation of the planmighgheuristic; that is, one could aim to
amortize heuristic computation cost across problems.
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P={at(L1l), at(L2), have(l1l), comm(I1)}

A={ drive(Ll, L2) =({at(Ll)}, {({{}
drive(L2, L1) ({at(L2)}, {({{}
sample(11, L2) =({at(L2))}. {({{}
comun( | 1) = ({}. {({{have(11)}

{at (L1),have(l1)},{at(L1)}}

br={
G ={com(11)}

Figure 5: Non-Deterministic Planning Problem Example.

({at(L2)},  fat(L1) Hh}),
({at(L1)},  fat(L2) hh)}),
({have(11) }, {}H})}),
({fcom(11) }, {HH}H)}

Ll

deterministic model, the initial state is replaced by an initial belief ¢tat8elief states capture in-
complete information by representing all states consistent with the informatinanAleterministic
belief state describes a boolean functionS — {0, 1}, whereb(s) = 1if s € bandb(s) = 0 if

s € b. For example, the problem in Figure 5 indicates that there are two stdtgdi@noting that it

is unknown ifhave(| 1) holds. We also make use a logical representation of belief states, where
a states is in a belief staté if § = b. For examplep; = at (L1) A —at (L2) A —comm(|1).

As with states, we drop the distinction between the set and logic represeitatianse the context
dictates the representation.

In deterministic planning it is often sufficient to describe actions by theindi@tprecondition
and positive and negative effects. With incomplete information, it is conmétoedescribe actions
that have context-dependent (conditional) effects. (Our notation #ts@safor multiple action
outcomes, which we will adopt when discussing probabilistic planning. Weotloonsider actions
with uncertain effects in non-deterministic planning.) In non-deterministic jotgnan actior: €
Ais a tuple(pe(a), ®(a)), wherep.(a) is an enabling precondition anil«) is a set of causative
outcomes (in this case there is only one outcome). The enabling preconglifionis a set of
propositions that determines the states in which an action is applicable. An ad§@pplicable
appl(a, s) to states if p.(a) C s, and it is applicableppl(a,b) to a belief staté if for each state
s € bthe action is applicable.

Each causative outconi;(a) € ®(a) is a set of conditional effects. Each conditional effect

vij(a) € ®i(a) is of the formp;;(a) — (aj;(a),aij(a)) where both the antecedent (secondary
precondition)p;;(a), the positive consequeayg(a), and the negative consequeff(a) are a set
of propositions. Actions are assumed to be consistent, meaning that fobgag € ®(a) each
pair of conditional effects;;(a) andy;;(a) have consequents such th%t(a) Negia) = Oif
there is a state where both may execute (i.gy;(a) C s andp;j(a) C s). In other words, no
two conditional effects of the same outcome can have consequents tlyakdisa a proposition if
both effects are applicable. This representation of effects follows ttiz rdiddmal form presented
by Rintanen (2003). For example, thentrun( | 1) action in Figure 5 has a single outcome with
a single conditional effecfhave(l1) } — ({comm(I1)}, {}). Thecommun(| 1) action is
applicable tab;, and its conditional effect occurs only in states whease( 1 1) is true.

It is possible to use the effects of every action to derive a state transitiotidofi’(s, a, s’) that
defines a possibility that executiagn states will result in states’. In non-deterministic planning,
executing actiom in states will result in a single state’:

s’ = exec(®i(a),s) = sU ( U E;;(a)) \ < U €Z-_j(a)>

J:pijCs J:pijCs
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This defines the possibility of transitioning from statéo s’ by executinge as7'(s,a,s’) = 1 if
there exists an outcom; (a) wheres’ = exec(®;(a), s), andT'(s, a, s’) = 0, otherwise.

Executing actior: in belief stateh, denotecexec(a,b) = b,, defines the successor belief state
by asb,(s") = maxgep b(s)T(s,a,s"). Executingcommun( | 1) in by results in the belief state
{{at (L1), have(l1), comm(l1)}, {at(L1) }},indicating that the goal is satisfied in one
of the states, assumitave( | 1) was true before execution.

The resultt’ of executing a sequence of actiofs,, ..., a,, } in belief stateb; is defined as
b = exec({ay,...,am}, br) = exec(am,...exec(az, exec(ay, br))...). A sequence of actions is a
strongplan if every state in the resulting belief state is a goal state;G C s. Another way to state
the strong plan criterion is to say that the plan will guarantee goal satisfaotispective of the
initial state (i.e., for each € by, letd’ = exec({a1,...,am},{s}), thenVycy G C s). Under this
second view of strong plans, it becomes apparent how one might gigaiveing graph heuristics:
use a deterministic planning graph to compute the cost to reach the goaldobnstate in a belief
state and then aggregate the costs.

3.2 Planning Graphs

There are many ways to use planning graphs for non-deterministic coafbrplanning (Bryce
et al., 2006; Hoffmann & Brafman, 2004). The most straightforward@ggh is to ignore state
incompleteness. There is nothing about planning graphs that requinesgéhe first proposition
layer as a state; every other proposition layer already representefpsetsibly reachable states.
One could union the propositions in all states of the belief state to create anpnijmsition layer.
Alternatively, one could sample a single state from the belief state to use fptahring graph.
Using either of these approaches results in a heuristic that measuresthe e@ch the goal from
one (or some intersection) of the states in a belief state. This typically leadsutodan-estimate
because a strong conformant plan must reach the goaldhonfithe states in a belief state.

A more systematic approach to using planning graphs, involves constracgitagnning graph
for each state in the belief state, extracting a relaxed plan from each plagrapiy, and aggregating
the heuristic values (Bryce et al., 2006). For example, the top portion ofé-&shows two planning
graphs, each built for a different statetin The bold subgraphs indicate the relaxed plans, which
can be aggregated to compute a heuristic. While this multiple planning grapteappran provide
informed heuristics, it can be quite costly when there are several statesheltaf state; plus, there
is a lot of repeated planning graph structure among the multiple planning graisirey multiple
planning graphs for search in the belief state space exacerbates thenpmsdaced in state space
(deterministic) planning; not only is there planning graph structure repekitbmeen search nodes,
but also among the planning graphs used for a single search node.

The solution to this problem is addressed with the labeled (uncertainty) ptagraph (UG).
The LUG represents multiple explicit planning graphs implicitly. The planning graph didttem
of Figure 6 shows the UG representation of the multiple planning graphs at the top.L[IW@ uses
labels, like the SAG in deterministic planning. The difference betweer h@ and the SAG is
that theLUG is used to compute the heuristic for a single search node (that has multipl¢ atates
the SAG is used to compute the heuristics for multiple search nodes (each aBtateonstruction
semantics is almost identical, but the heuristic computation is somewhat different.

The LUG is based on thd PP (Koehler, Nebel, Hoffmann, & Dimopoulos, 1997) planning
graph, in order to explicitly capture conditional effects, and extends ipoesent multiple state
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2o # Py # 7, P
at(L2) at(L2)
at(L1) at(L1)

sample(I1, L2)
have(I1) e % have(I1)
commun(I1) comm(Il)
at(L2 at(L2 at(L2
drive(L1, L2) (L2) (L2) (L2)
at(L1) at(L1) at(Ll) = - at(L1)
have(I1) have(I1) have(I1) have(I1)
commun(I1) commun(I1)
comm(I1) comm(I1) comm(I1)
al(L1)A=at(L2)/ at(L1)/\~at(L2)/N al(L1)A=ar(L2)/
W;‘;\'"’"(t ’( ; )2 o —comm(I1) aLI)A=ar(L2)A —comm(Il)  aLI)A=al(L2)A
at(L. =ai . .
aLDA=aL2)A  —have(I1)A\-comm(11) | drive(L2, L1) ~comm(ll) ~eomm(l1)
—~comm(l1) at(L2) at(L2) 2 at(L2)
at(LD)A=~at(L2)A  at(LD)A=at(L2)A
—comm(I1) =have(I1) A—comm(I1)
at(LI)A=at(L2)A B
rive(L1, L2V a(Ll)A-anL2)1 drive(L1. L2 N(LIA=a(L2)/ at(L1)A=ai(L2)/
—have(I1)A~comm(I1) . ( 2 ) —comm(I1) ( > ) —comm(I1) —comm(I1)
e AL T LD A i D
—comm(I1) H(L1)A=at(L2)A —comm(I1)
o f,’/)AAﬁ ‘"(LZ)(? ) a(L)A=at(L2)A “ Jom,:(tz(n )
avef Commy
aLIA—at(L2N a(LDA-ar2)n \haredDAcommdl) LD A4 (LD A-an(L2)A
have(I1)A—comm(I1) have(1)A~comm(11) Y sample(I1, L2) KJ1® o)A -comn(I1) sample(I1, L.2) —comm(I)
have(I1) {----- LN e L have(l) - have(Il) y---=— = havedl)
have(I1)\—comm(I1) —comm(Il)

at(LI)A—at(L2)A at(LI)A—at(L2)\ at(LI)AN—at(L2)\

at(LI)A=at(L2)A at(L)A=at(L2)A at(L1)A=at(L2)A
have(Il)A~comm(I1) have(II)\—comm(I] | . have(11)\ —comm(I1)
at(L)A—at(L2)A have(I1)\ ~comm(I1) at(LDA—at(L2)A —have(I1) A~comm(I1) —comm(I1)
commun(I1) Whave(I1)A~comm(I1) commun(I1) have(I1)A~comm(I1) commun(I1) a'(L_{c)g;':(‘l(f‘)ZM
comm(Il) == == == === comm(l]) == == == == comm(I1)

Figure 6: Multiple planning graphs adJG.

causal support (as present in multiple graphs) by adding labels to ttheegesf the actiond, effect
£, and propositiorP layers® The LUG, built for a belief staté (similar to a deterministic SAG with
scopeS = b), is a set of vertices and a label functidil/ G (b) = ((Po, Ao, Eo, -y Ak—1, Ek—1, Pk),
¢). Alabel /,(-) denotes a set of states (a subset of the state in beliefigtitem which a graph
vertex isreachable In other words, the explicit planning graph for each state represémtie
label would contain the vertex at level the same level. A proposgii@reachable from all states
in b aftert levels if ¢,(p) = b.

For everys € b, the following holds:

1. If p € s, thens = ¢y(p) andp € Py
2. If s = 4i(p) for everyp € pe(a), then:

(@) s = £i(a)
(b) a € A

5. Like the deterministic planning graph, the/G includes persistence actions. Using the notation for conditional
effects, the persistence actiap for a propositiorp is defined ap.(a,) = poo(a,) = iy (ap) = p.
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3. Ifa € Ay ands [= 4(a) A 4:(p) for everyp € p;;(a), then:
@) s = blpija))
(b) ij(a) € &
4. Ifpe z—:jj(a) ands = Et(«s;; (a)), thens |= ly11(p) andp € Py

Similar to the intuition for the SAG in deterministic planning, the following rules candmziu
to construct the. UG:

1. lo(p) =bAp
2. b(a) = N l(p)
pEpe(a)
3. U(pij(a)) = b(a) A N\ L(p)
pEpij(a)
4. U(p) = . \/+( )ft—l(sﬁij(a))a

5. k = minimum levelt whereb = ( A Et(p)>
peG

The initial layer propositions are labeled to denote all statéswhere they hold. The actions
are labeled to denote all states that reach all of their preconditions. fEutsedre labeled to denote
all states where associated action is reachable and all antecedentschabte. The propositions
are labeled to denote all states that reach an action that gives the propasitio effect. The goal
is reachable by all states brat the last levek when each state ilis a model of the conjunction of
goal proposition labels. The levilis also the level heuristic far.

For the sake of illustration, Figure 6 depictd. &G without the effect layers. Each of the
actions in the example problem have only one effect, so the figure onlyts@gitons if they have
an enabled effect (i.e., both the execution precondition and secongexymalition are supported).

The heuristic value of a belief state is most informed if it accounts for alliplesstates, but the

benefit of using the. UG is lost if we compute and then aggregate the relaxed plan for each state.

We can extract a labeled relaxed plan to avoid enumeration by manipulating. |athe labeled
relaxed plan((PEP, AR, e8P, PR .. ARP  ERE PEP) ¢RP) is a subgraph of the UG that
uses labels to ensure that chosen actions are used to support thegoaddl States in the source
belief state. For example, in Figure 6, to suppmoim( | 1) in level three we use the labels to
determine that persistence can support the goal from &aateL 1) , have( | 1) } in level two and
support the goal from stafat ( L1) } withcommun( | 1) inlevel two. The relaxed plan extraction
is based on ensuring a goal proposition’s label is covered by the ldtgiegen supporting actions.
To cover a label, we use intuition from the set cover problem, and the fatca thbel denotes a set
of source states. That is, a proposition’s label denotes a set of statesaeh action’s label denotes
a set of states; the disjunction of chosen action labels denotes a set sftttmust contain all
states denoted by the supported proposition label.

The procedure fok UG relaxed plan extraction is shown in Figure 7. Much like the algorithm for
relaxed plan extraction from deterministic planning graghi$G relaxed plan extraction supports
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RPExt r act (LUG(b), G)
1. Letk be the index of the last level @fUG(b)
2: forall p € GNPy, do {Initialize Goalg
3 PP — PR Up
4 () — N ()
p'eG
5: end for
6: fort =k...1do
7. forall p € P/F do {Support Each Propositidn
8: ¢ « (FP(p) {Initialize Possible Worlds to Covgr
o: while ¢ #1 do {Cover Labe}
10: Find pij(a) € &1 such thap € € (a) and (¢4 (ij(a)) A €) #L
11: St}i}; — Sﬁq U (pz‘j(a)
12: 0P (pij(a)) «— £ (pij(a)) V (bi(pij(a)) A L)
13: AR — ART Ua
14: (i (a) — 6 (a) V (Le(pij(a)) A L)
15: £ — LN ﬁE,g((pij(a))
16: end while
17:  end for
18:  forall a € A™Y p € p.(a) do {Insert Action Preconditior}s
19: PEE — PEE Up
200 4" (p) — (1 (p) Vv £1¥1(a)
21:  end for
22:  forall ¢;j(a) € EEY,p € pij(a) do {Insert Effect Precondition}s
23: PEE — PEE Up
24: L (p) — () VA (wi5(a))
25:  end for
26: end for
27: return ((PEP, ARP EfP PR ARD (ERE PRP) gRP)

Figure 7: Labeled Relaxed Plan Extraction Algorithm.

propositions at each time step (lines 7-17), and includes the supportingsattithe relaxed plan
(lines 18-25). The significant difference with deterministic planning is wiipeet to the required
label manipulation, and to a lesser extent, reasoning about actions anefftbetis separately. The
algorithm starts by initializing the set of goal propositicS’Fl,glD at time k and associating a label
EkRP(p) with each to denote the statestirirom which they must be supported (lines 2-5). Then
for each time step (lines 6-26), the algorithm determines how to supporogitmms and what
propositions must be supported at the preceding time step. Supportinghaduatiproposition at
time ¢ from the states represented &y’ (p) (lines 7-17) is the key decision point of the algorithm,
embodied in line 10. First, we initialize a varialflevith the remaining states in which to support
the proposition (line 8). Until there are no remaining states, we choosgse#erd their associated
actions (lines 9-16). Those effects that i) have the proposition as aveosftect and ii) support
from states that need to be covered (ig(yp;;(a)) A ¢ #1) are potential choices. In line 10, one of
these effects is chosen. We store the effect (line 11) and the statewfichit supports (line 12), as
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well as the associated action (line 13) and the states where its effect iinseldl). The states left

to support are those not covered by the chosen effect (line 15). getecting the necessary actions
and effects in a level, we examine their preconditions and antecedentsrmitetéhe propositions
we must support next (lines 18-25); the states from which to suppolt gaposition are simply
the union of the states where an action or effect is needed (lines 20 and'I2 extraction ends
by returning the labeled subgraph of th&/G that is needed to support the goals from all possible
states (line 27). The heuristic is the sum of the number of non-persisteticasain each action
layer of the relaxed plan. TheUG in the bottom of Figure 6 depicts the vertices and labels of a
labeled relaxed plan in bold. The labeled relaxed plan supports the goabioth states, and the
labels indicate which states support the goal using the indicated vertices.

3.3 State Agnostic Planning Graphs

Generalizing the. UG to its SAG version, at first glance, raises the worst case complexity by-an e
ponential factor (by representing a set of sets of planning graphsye-ifhino complexity-theoretic
advantage to the technique. However, we describe an equivalent 8A€alization of the. UG,
SLUG, whose worst-case complexity is identical to tHidG—an exponential reduction in the naive
SAG generalization’s complexity. The intuition is that th&/G operates on a set of states, and the
naive SAG generalization would operate on a set of sets of states. vilgvrepresenting the
union of these sets of states, thBUG manages to reduce the complexity of the representation.

As stated, thd.UG is a kind of SAG. TheLUG is an efficient representation of a set of plan-
ning graphs built for deterministic planning with conditional effects. We intoedl Figure 4 as an
example of the SAG for deterministic planning; it is possible to re-interpretanaesxample of the
LUG. The graph depicted in Figure 4 is built for the belief state S that contains every state in
the rover example. TheUG is more than a representation of multiple planning graphsL @ is
a full-fledged planning graph for belief-space planning, that can ctertpe heuristic for a belief
state. Howevell. UG heuristics do not amortize graph construction effort across seadgsneven
though it uses the deterministic SAG’s labeling technique to efficiently build easbn about a set
of planning graphs.

We generalize the UG to its naive SAG version by analogy to the state agnostic generalization
of the planning graph in deterministic planning. We introduce a label extemsitrack which
sources reach vertices. In this case, sources are belief statesusBehal UG already defines
its own labels over states, the SAG version of théG reasons about which states of which belief
states reach vertices. In order to complete the generalization, we introdditiersal symbols to
the label functions to describe belief states (using the original propoditsynabols to refer to
states). A label represents sets of pairs of belief states and Gtatgsvith a boolean formula over
the problem proposition® and a new sef”’ for belief states. We denote to the boolean formula
(defined over? and P’) of a pair(b, s) by z(b, a). Each pair(b, s) denoted by a label signifies that
the planning graph for staterepresented withih UG(b) reaches the graph vertex.

This state agnostitUG is a labeled graph built for a scogecontaining the set of belief states
B = 2%, The following holds for every € B, ands € b:

1. If p € s,thenz(b, s) = ¢o(p) andp € Py

2. If z(b, s) E ¢(p) for everyp € p.(a), then:
(@) z(b, ) |= £i(a)
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(At(L1)Aat(L1)) v

(Ad(LI)/a(L])) v (A(L2)/at(L2))

Al(L2)/a(L2) (A(L2)Aat(L2))

. (AY(LI)N\a(L1)) V (At(L1)/at(L1)) vV (At(L1)/\at(L1)) vV
At(L2)/at(L2) drive(L2, L1) (AHL2)/at(L2)) drive(L2, L1) (A(L2)/ai(L2)) drive(L2, L1) (A(L2)/al(L2))
at(L2) ("------mmmmmmm ooy g at(L2) (=---------mmmmmmmmmymom ooy at(L2) ("----mmmmmmmmm ey at(L2)

(At(L1)Aat(L1)) V

(A(LI)Aat(L1)) Vv
AY(L1)/at(L1) (A(L2)Aat(L2)) (Al(L2)/\ar(L2))
(A(L1)Nat(L1)) vV

drive(L1, L2) drive(L1, L2) drive(L1, L2)
(At(L2)Aat(L2))

at(Ll) “Ao--\ommmmmee e ennne A(L1) Formmoyon oo at(L1) oo at(L1)

(A(LI)/at(L1)) V
(A(L2)/aK(L2))

(A(LI)Aat(L1)) v

At(L1)Nay(L1) (AY(L2)/\at(L2))

(A{(LI)Aar(L1)) v
(A(L2)/aK(L2))

(A(LI)Aat(L1)) V
(At(L2)Aa(L2))

sample(I1, L2)

AN(L2)Nat(L2)

(At(L1)Nat(L1)) vV

(AHLD)fal(L1)) v (A(L2)at(L2))

N o (At(L2)Nat(L2)) V (AH(L2)Nat(L2)) v ’
Have(I1)Ahave(I1) (Have(I1)have(I1)) (Have(I1)have(I1)) (Have(Il)\have(Il))
have(Il) (------------=----------~ have(Il) <;------------------mm---omo- - have(Il) --------------=----------------d have(I1)

(AY(LI)/at(L1)) v
(A(L2)Mat(L2)) V
(Have(I1)Ahave(Il))

(AL2)at(L2)) V
(Have(I1)Ahave(Il))

commun(I1) (A(L2)Aat(L2)) V

(Have(11)Ahave(Il)) V (Have(11)/\have(I1))
Comm(11)/\comm(I1) (Comm(I1) A\comm(11)) (Comm(11)/Acomm(I1))
comm(I1) --===----=---mm=mmmmoooeT comm(Il) -----==--------ommooomoooooT comm(Il) ---=--------mmmmmmmoooeooooon comm(I1)

(AH(LI)Aat(L1)) V
(A(L2)/at(L2)) v
(Have(1l)Nhave(Il)) V
Comm(I1)/\comm(I1))

commun(I1) commun(I1)

Figure 8: Graph structure of a naive SAG, representing a SeV/&f.

(b) a € A,
3. Ifa € A andz(b, s) |= li(a) A 4i(p) for everyp € p;;(a), then:
(@) 2(b,s) = Li(wij(a))
(b) wij(a) € &
4. Ifpe sjj(a) andz(b, s) = (pij(a)), thenz(b, s) = 4,11 (p) andp € Pryq

Figure 8 depicts the state agnostic generalization oL{l& for the example. The labels (in

italics) use uppercase propositions to denote elements ahd lowercase propositions to denote
elements ofP.

SLUG: Itis possible to optimize the state agnodtidG by eliminating the distinction between
belief states in labels. Introducing the new set of propositions is suffimentpresenting arbitrary
extensions of the planning graph to belief state space. LTH8, however, does not require this
mechanical scheme. Intuitively, the propagation rules ofltbké&s depend only upon properties
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P={at(L1l), at(L2), have(l1l), comm(I1)}
A=A{

drive(Ll, L2) =({at(L1)}, {(1.0, {{}

{at(L2)}, {at(L1) h}HD),
{fat(L1)}, {at(L2) )]},
{have(11)}, {HH}),
{fcom(11)}, {HHH}

drive(L2, L1) ({at(L2)}, {(1.0, {{}
sanpl e(11, L2) ({at(L2))}, {(.9, {{}
conmun( 1 1) =({}, {(0.8, {{have(11)}
br = {(0.9,{at (L1) ,have(11)}),(0.1,{at (L1) })}
G ={comm(I11)}

Ll

Figure 9: Probabilistic Planning Problem Example.

of world states (as opposed to properties of belief states). An, optimitaid Sgnostic Labeled
Uncertainty Graph{L UG) exploits this:SLUG(B) represents a s¢t.UG(b)|be B} for the price
of a single elementUG(b*), b* = \/,. b. Figure 4 also depicts th€L UG for every belief state
in the rover example because= \/,_zb = \/,c.5 V., s = S (i-e., the union of all belief states
is the set of states).

Any query concernind-UG(b), for anyb € B, can be answered usingl.UG(B) and the
following rule for propositions (similarly for effects and actiong):€ P.(b) iff p € P,(B) and
b = ¢:(p). By analogy with the level heuristic for the SAG, it is possible to compute a hexaiis-
tic for the SLUG. The level heuristic for belief state space planning, extracted §o@iG (B) for
belief stateh is defined as minimum levewhereb = A . ¢:(p). Like how the SAG is used in de-
terministic planning (performing entailment checks $tatesand labels), heuristics use entailment
checks withbelief stateand SL UG labels.

The algorithm to extract the relaxed plan for a belief stafeom SLUG(B), whereb € B,
involves a minor change to the labeled relaxed plan extraction algorithm é-®urThe change
replaces line 4 with:

“GEP) — A @) Ab

p'eG
the conjunction of each goal proposition label witfthe underlined addition). By performing this
conjunction, the relaxed plan extraction algorithm commits to supporting thefrgoalonly states
represented ih. Without the conjunction, the relaxed plan would support the goal froenyestate
in someb’ € B, which would likely be a poor heuristic estimate (effectively computing the same
value for eachh € B).

4. Probabilistic Planning

Probabilistic planning involves extensions to the underlying planning modehipiguigraphs, and
state agnostic planning graphs. The main extension in probabilistic planngesg dirom using
actions with stochastic outcomes.

4.1 Problem Definition

The probabilistic planning problem is defined ¥, A, b;, G, 7), where everything is defined as
the non-deterministic problem, except that each A has stochastic outcomes, is a probability
distribution over states, andis the minimum probability the plan must satisfy the goal.

A probabilistic belief staté is aprobability distribution over statesdescribing a functiom :
S —[0,1], suchthad 5 b(s) = 1.0. While every state is involved in the probability distribution,
many are often assigned zero probability. To maintain consistency with etenrainistic belief
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states, those states with non-zero probability are referred to as statesbiglidfestate,s € b, if
b(s) > 0.

Like non-deterministic planning, an actienc A is a tuple(pc(a), ®(a)), wherep.(a) is an
enabling precondition and(a) is a set of causative outcomes. Each causative outedjfig <
®(a) is a set of conditional effects. In probabilistic models, there is a weigkt w;(a) < 1
indicating the probability of each outcombeing realized, such that, w;(a) = 1. We redefine the
transition relatiori'(s, a, s’) as the sum of the weight of each outcome whére exec(®;(a), s),
such that:

T(Sv a, S,) = Zi:s’:ezec(@i(a),s) Wy ((Z)

Executing actioru in belief stateh, denoteckxec(a, b) = b,, defines the successor belief state
such thath,(s') = > ., b(s)T(s,a,s"). We define the belief staté reached by a sequence of
actions{ay, asg, ..., an } asb’ = exec({ay, as, ...an},b) = exec(am, ...exec(az, exec(ay,b))...). A
plan’s probability of satisfying the goal is the probability of the goal in theltesy belief state)
and must exceed, such tha) .., 0'(s) > 7. The cost of the plan is equal to the number of
actions in the plan.

4.2 Planning Graphs

Itis possible to extend theUG to handle probabilities by associating probabilities with each model
of each label (Bryce et al., 2008). However, handling uncertain agtiwhether non-deterministic
or stochastic, is troublesome. With deterministic actions, labels only captuegtaimty about the
source belief state and the size of the labels is bounded (there is a finite nohst@tes in a be-
lief state). With uncertain actions, labels must capture uncertainty aboutlie¢ $tate anagach
uncertain action at each level of the planning grabbcause every execution of an action may
have a different result. That is, théJG labels capture the joint distribution over random variables
(Xb, Xa,0-o0» Xa2 05 s Xah—1, -, Xar k—1), WhereXj, is distributed over the states in the source
belief stateb, and (X, ..., X,/ ;) are distributed over the corresponding action outcomes in ac-
tion layert. An assignment of values to the random variables corresponds to a satgtenthistic
planning graph, built for the given state and set of action outcomes. &ligtas the number of lev-
els and actions increase, the labels used to exactly represent this distriietiome exponentially
larger and quite costly to propagate for the purpose of heuristics. $tmmemake sense txactly
compute a probability distribution withinr@laxedplanning problem. Monte Carlo techniques are
a viable option for approximating the distribution (amounting to sampling a sethiplg graphs).

The Monte CarloLUG (McLUG) represents a set of planning graph samples using the la-
beling technique developed in thdJG. The McLUG is a set of vertices and a label function:
McLUG(b) = ((Po, Ao, oy oy Ak—1,Ek—1, Pr), £). The McLUG represents a set df particles
(joint sets of sampled values). Each particle n = 0, ..., N — 1, is a set of pairs of random vari-
ables and their sampled valugsXy, s), (Xa,0, ®i(a)), ..., (Xa 0, i(d’)), ..., (Xq k-1, Pi(a)), ...,
(Xo k—1,P;(a’))}. In the following, we denote the'" sampled value from the probability distri-
bution over random variabl& by P(X) < v. To facilitate labels, each particle is also associated
with a boolean formulg(z") (a model), defined over the special propositions .., Yiog,(n)—1)-
For example, wheiV = 4 as in Figure 10y(z°) = —yo A —y1 andy(2?®) = yo A y1.

For each particle™, n = 0...N — 1, the M cLUG satisfies:
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P A, 2 A, 2, 4 7
- 7 T
Yon-yl T T
at(L2) (C--------m-emere e\ at(L2) - at(L2)

T drive(L1, L2)
Yon—y1 T T T
at(L1) #---------mmmmmmmmeoe oo at(L1) --fmmmmmmmmm oo at(L1) - \---mmmmmmmmmmmmmoeo oo at(L1)
T -0 V-yl
v v le(11, L2
yl YOAyI Y0A—»1 sample(l, 1.2) I
have(Il) g= == == == = = = . have(Il) y------------------mommmoooeos have(Il) g----------------------- have(I1)
T -y0ANy1 )
—»0/y1 2041 YOADL yo )
y0Nyl yowwi
commun(I1) SO
comm(I1) comm(I1)

‘Y(XO) = 5041, y(x') = 3041, y(x?) = 5oyl y(x*) =091 ‘

Figure 10: Monte Carlo labeled uncertainty graph.

1. If P(X3) ~ s, andp € s, then(Xy, s) € 2™, y(z™) |= Lo(p), andp € Py
2. Ify(z™) = 4 (p) for everyp € pc(a), then:

@) y(2") = ti(a)
(b) a € A

3. Ifa € Ay, y(z™) |= li(a) A £y(p) for everyp € p;j(a), andP(X,) ~ ®;(a) then:

(@) (Xat, ®i(a)) € 2™
(b) y(z") = Li(pij(a))
(C) Pij (a) €&

4. Ifpe 52-?(@) andy(z") = li(pij(a)), theny(z") [= bi41(p) andp € Py
The following label rules can be used to constructAMeLUG:

1. If P(X3) % s, then(Xy, s) € 2”,n =0,..., N — 1

2. lo(p) = V y(a")

z":pes,(Xp,s)Exm

3. li(a)= A Lp)

pEpe(a)

4. If P(X,4) ~ ®;(a), then(X,, ®;(a)) € 2",n =0,.., N — 1
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5. l(pij(a)) = L(a) A ( A Et(p)> A ( » V_( . "y(x")>

pepij(a) Xa,t,q:‘ a

6. li(p) = V b—1(pij(a))

pij(a)€€s—1:peef;(a)
{x" y(ﬂﬁ?)?( A MP))}
peEG
N

The M cLUG label construction starts by samplingstates from the belief stabeand associat-
ing each state with a particle. Figure 10 depictstaL UG for the initial belief state of the example
in Figure 10. Two particles sample stdet (L1) } and two sampldat (L1), have(l 1) }. The
label of each initial proposition is the disjunction of the labels of the particldsstraple states in
which the proposition holds. Each action label is the conjunction of its pditom proposition
labels (as in the.UG). The label of each effect is the conjunction of the associated actioh labe
the conjunction of the secondary precondition labels, and the conjundtibie disjunction of the
labels of particles that sample the outcome containing the effect. The lasofetred McLUG
(and also the level heuristic) is defined by the first level where the ptiopmf particles reaching
the goal propositions is no less than A particle reaches the goal if its label is a model of the
conjunction of goal proposition labels. In Figure 10 there/sire- 4 particles. One particle reaches
the goalcorm{ | 1) at level one; two particles, at level two; and three particles, at levetthree
relaxed plan shown in bold, supports the goal (in the relaxed plannirug spéth probability 0.75
because it supports the goal in three particles.

Labeled relaxed plan extraction in thd cLUG is identical to the.UG, as described in the pre-
vious section. However, the interpretation of procedure’s semanticsaff@amge slightly. We pass a
McLUG for a given belief staté to the procedure, instead ofld/G. The labels for goal proposi-
tions (line 4) represent particles, and via thecLUG termination criterion, we do not require labels
to contain all particles — only a proportion no less than

In the example, the goalorm{ | 1) is labeled with three particlég(comm( 1 1) ) = yoVy1 =
y(x') v y(z?) v y(z3). Particlest?, 2* are supported by the persistence effggf(con(1 1) ,,),
and particlez! is supported bypgo(commun( 1 1) ), so we include both in the relaxed plan. For
each action we subgoal on the antecedent of the chosen conditicaet! &sfwell as its execution
precondition. The relaxed plan contains three invocationsasfrrun( |1 1) (reflecting how ac-
tion repetition may be needed when actions have uncertain outcomes), aird the( L1, L2)
andsanpl e(L1, L2) actions. The value of the relaxed plan is five because it uses five non-
persistence actions.

7. k = minimum¢ such that >

4.3 State Agnostic Planning Graphs

The SAG for non-deterministic and deterministic planning captures a singlaiptagraph for
each state because the actions are deterministic. In probabilistic planningldbh&G deals with
actions with uncertain outcomes, meaning there is potentially several plamajplgsgper state. The
McLUG shows how it is possible to compute a heuristic for a belief state by first sangtiagof
states from the belief state, and for each state sampling from its set of pbpdamiaing graphs.
Developing a state agnostic generalization of el UG requires a data structure that can
compute the heuristic for all probabilistic belief states (of which there an infiniteber). A com-
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plication is that theM cLUG generates new and potentially different planning graphs for each state
sampled from each belief state. As a first step toward a state agndstidJG, it seems reasonable
to sample a fixed pool of planning graphs for each state and re-sampi¢Hi®pool during search.
It is possible to ensure that the pool of planning graphs can compute thistieefor any set of
state samples by generatingplanning graphs for each state (whévds the maximum number of
samples per belief state). This means that, using ideas frof\/th&; (where labels describe sets
of states, instead of pairs of belief states and states), the state agnadtidG capturesD(N2/71)
planning graphs.

Consider the number of random numbers, used in this scheme, to corsstate agnostic
MCcLUG. Each of theN 2"l planning graphs represented by the state agngsiit UG will have
at mostk levels (determined below), wittb(A) actions per level. If each action has an uncertain
outcome, there are on the order@f N2!”!|A|¥) samples needed to construct the state agnostic
McLUG. Under this scheme, each label defines a set of gairs™(s)), defined as a boolean
function over state propositions and the particle propositions. Becaupaitiiee propositions are
state dependent, there is a set of propositigiis), .., y.4,(nv)—1(s) for each state. Each state

dependent particle™(s) samples the value of each random variabl&, denotedP(X) < v.
The state agnostic version of thdcLUG for all s € S and alln = 0...N — 1 satisfies:

1. If p € s, thens A y(z™(s)) E lo(p) andp € Py
2. If sAy(z™(s)) | i(p) for everyp € pe(a), then:

@) s Ay(a"(s) = bela)
(b) a € A

n,s

3. Ifa e Ay, s Ay(a™(s)) = Li(a) A 4(p) for everyp € p;j(a), andP(Xq¢) ~ ®;(a) then:

(@) (X, @ia)) € 2"(s)
(b) s Ay(x"(s)) = le(pij(a))
(©) wij(a) € &

4. Ifpe efj(a) ands A y(z"(s)) = l(pij(a)), thens A y(z™(s)) = lip1(p) andp € Pyiq

Since each label denotes a set of p&itsc™(s)), the label representation is dependent both on
the number of states and the number of samples per state. Using the notiemofén samples”,
it is possible to reduce the size of the label representation and the cosipiuting the SAG
generalization of theVicLUG.

CSSAG. We consider a planning graph called the common sample $ASAG) to share action
outcome samples between states. THESAG is a set of vertices and a label function, defined:
CSSAG(S,N) = ((Po, Ao, &0y -y Ak—1,Ek—1, Pk), £). In the CSSAG, labels define sets of pairs
(s,2™),s =S,n=0...N —1, wherez" refers to a joint set of action outcome samples that is inde-
pendent of the starting state. A label denoting the pairs™) and(s’, "), signifies that whether
starting in states or s’ and fixing the same outcomes to uncertain actions in the planning graph,
the labeled vertex is reachable. This reduces the number of samplesl rissde) (N 2171 A|*)

to O(N|A|*). The complexity of the? SSAG s the same order of magnitude as thécLUG but
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the actual complexity is often higher in the state agnostic version becauseatigeusually more
actions per level.

Notice the effect that using common samples has upon the number of propesiteded to
represent particles. Without common samples, the SAG version gftbeUG uses state specific
propositionsyo(s), ---, Yiog,(n)—1(s) for each states, and with common samples we use proposi-
tions yo, .-, Yiog,(v)—1 that are independent of the state (an exponential reduction). Furtreermo
compared to the UG, theC S SAG only increases the number of label propositions by a factor log-
arithmic in N (where the naive SAG generalization of thécLUG increases the number of label
propositions by a factor exponential iy and logarithmic inV).

TheCSSAGforall s € S andn = 0...N — 1 satisfies:

1. If p € s, thens A y(z™) = 4o(p) andp € Py
2. If s Ay(a™) = Li(p) for everyp € pc(a), then:

@) s Ay(a") | i(a)
(b) a €A

3. Ifa € Ay, s Ay(z™) |= b(a) A L(p) for everyp € pij(a), andP(X,,t) ~ ®;(a) then:

(@) (Xat, Pi(a)) € 2™
(b) s Ay(z") = pij(a))
(©) wij(a) € &

4. Ifpe sfj(a) ands A y(z") = 4i(pij(a)), thens A y(z™) = li41(p) andp € Py

The following rules can be used to construct (iteSAG.

1. b(p) =S Ap
2. Et(a) = /\ Zt(p)
pEpe(a)

3. If P(Xay) ~ ®;(a), then(Xoy, ®i(a)) € 2™,n=0,...,N — 1
4. bi(pij(a)) = Li(a) A ( A Et(p)> A ( \% y(ﬂ@”))
pEpij(a) z":(Xa,t,Pi(a)) €x™

5. 4(p) = V b 1(pij(a))

wij(a)e&s 1 :pEa:rj (a)

6. k£ = minimum¢ such thatP; = P,y1, ¢, (p) = li+1(p),p € P, and

{w" y(fﬂ”)l=< A Zt(p)>}
peEG
N

=1.0
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Po ’40 Pl ’41 Pz 4 P3
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A(L2) (oo at(L2) (“-omoemeene e A(L2) (Commemme ey at(L2)
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at(L1) rive( ) at(L2) drive(L1, 1.2) Z;FIL‘Z v rive( ) at(L2)
I B T B R at(L1) ---yommmmmmm e at(L1)

Yol 7 0Vl

sample(I1, L2)
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‘y(xo) = 041, y(x') = y0a-y1, y(x2) = 0av1, y(x3) = yony! ‘

Figure 11: Graph structure of(5 SAG.

The initial layer propositions are labeled to denote the states in the scope thighold® Ac-
tion labels denote the states and particles where their preconditions amchbbde. Each particle
samples each action outcome at each level. Each effect label denotestiblepthat sample an
outcome with the effect and where the effect is reachable (i.e., its actiosemmothdary precondi-
tions are reachable). Each proposition label denotes the states antepavtiere it is given by
some effect. The last levé&lis defined by the level where proposition layers and labels are identical
and all particles satisfy the goal.

Using theCSSAGto evaluate a heuristic for a belief statawolves sampling a set d¥ states
from the belief state to identify a label formula, denotét), where

€(b) = s A V y(z")

n:P(Xp)~s,n=0..N—1

The level heuristic is the first levélwhere the proportion of state and particle pairs (sampled from

the belief state) that reach the goal exceeds the goal satisfaction tldresho
Hz"ly@)EO A pea e o
N -

6. Because labels are defined over state propositions and particlerdapesipions and particles are independent of the
state, proposition labels denote the proposition is reachable fvrgdirticles (i.e.(SAp) = V  oy@™)=T).
=1...N

n—= —
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For example, the level heuristic for the initial belief state= {(0.9, {at (L1) ,have(l 1) }),
(0.1,{at (L1) })} is computed as follows. IV = 4, we may draw the following sequence of state
samples from the initial belief stat¢at (L1) }, {at (L1) ,have(l1) },{at (L1) ,have(Il1) },
{at (L1) ,have(l 1) }) to define

(by) = (at(L1l) A—at(L2) A—have(l1l) A—-comm(l1) A—-y0A-yl)V
(at (L1) A—-at (L2) Ahave(l1) A—-comm(l1) A (y0Vyl))
The conjunction of the label of the goal propositmorm{ | 1) and/(b;) at level zero is
lo(comm(I1) A £(br) = comm( 1 1) A4(br) =L
meaning zero particles reach the goal. At level one the conjunction of tidadpe! with¢(b;) is
fr(com(11))AL(by) = (comm(l1) V(yoAhave(l1l)))AL(br)
= at(L1l) A—-at(L2) Ahave(l1) A—-com{Il 1) Ay
meaning that two particles reach the goal becausegath) = yo A —~y1 andy(z3) = yo A y1 are
entailed by the conjunction above. At level two, the conjunction of the gbal laith £(b;) is
lo(com( 1 1) )AL(by) = (com(11) VvV (-ys Aat(L2))V
((yo vV —y1) Ahave(l1)))AL(br)
= at(L1l) A—at(L2) Ahave(l1l) A—-com(l1) Ay
meaning that the same two particles reach the goal at level two as in levehblexel three, the
conjunction of the goal label with(b;) is
lo(comm( 1 1) )A4(b;) = (have(l1l) vat(L2) vat(L1l) vcomm(l1))A£(bs)
meaning that all particles reach the goal because each particle label tr@ddsmula above.

Thus, the probability of reaching the goal is 0/4 = 0 at level zero, 2/4 =t0éveal one, 2/4 =
0.5 at level two, and 4/4 = 1.0 at level three. Without expanding’th8AG further, it is possible
to say the level heuristic is at least three, whesa 1.0.

Relaxed plan extraction for the common sample SAG is identical to relaxed piacton for
the SLUG, with the exception that the intersection in line 4 of Figure 7 replaces the btliefhs
with the formula representing the set of state-particle sample pairs, sudiméhdtecomes:

W) = N @I
adding the undizrlined portion. The addition to relaxed plan extractionaggdhnat the relaxed plan
supports the goal in only those state and particle pairs sampled to computeitistitie

5. Advanced SAG Techniques

This section covers two extensions to the SAG techniques described iretheysrsection. The first
extension carries the analogy between planning graphs and state agiastiog graphs through
to relaxed plans to extract a state agnostic relaxed plan, which captumetaatd plans. The
second extension more closely examines the choice of scope used tacot&rSAG, defining a
continuum between planning graphs and state agnostic planning graphs.

5.1 State Agnostic Relaxed Plans

There two fundamental techniques that we identify for extracting relabat from state agnostic
planning graphs to guid®ON D’s search. As previously described, the first, simply called a re-
laxed plan, extracts relaxed plans from the state agnostic graph duargnsgon generating each
search node. The second, called a state agnostic relaxed plan, dkieaelsaxed plan for each state
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(or state and sample pair) before search, and during search comtamectssary relaxed plans to
evaluate specific search nodes.

Much like how the SAG can be used to represent a set of planning gratthisibels indicating
which states are relevant to which planning graph vertices, it is possibtetteedsame for relaxed
plans. The idea is to extract a labeled relaxed plan to support the goalgHeoentire scope of
the SAG. Each action in this state agnostic relaxed plan is labeled to denotetéisettstd use it to
support the goal. Then, to evaluate the heuristic for a specific seateh we count the number of
actions in the state agnostic relaxed plan that are used for the states dantitedearch node.

The trade-off between traditional relaxed plans and the state agnoskedgikan, is very sim-
ilar to the trade-off between using a planning graph and a S&@iori construction cost must be
amortized over search node expansions. However, there is anotitkr difference between the
relaxed plans computed between the two techniques. Relaxed plan extragiioded by a simple
heuristic that prefers to support propositions with supporters thatilbotgrsupport in more states.
In the traditional relaxed plan, this set of states contains exactly thosetiatese needed to eval-
uate a search node. In the state agnostic relaxed plan, the set of s@teanfesubset of) used
to choose supporters may be much larger than the set used to evaluateesingegrch node. By
delaying the relaxed plan extraction to customize it to each search nodeldaked plan can be
more informed. By committing to a state agnostic relaxed plan before searclotvihowledge
of the actual search nodes), the heuristic may make poor choices ind-glaxeextraction and be
less informed. Despite the possibility of poor relaxed plans, the state agredatied plan is quite
efficient to compute for every search node (modulo the higher extraatstj c

5.2 Choosing the SAG Scope

The choice of scopé& has a great impact on the performance of any approach based on@e SA
Using fewer states in the scope almost always requires less computatigrapler While not every
label function becomes smaller, the aggregate size almost always decrBastricting the scope,
however, prevents the SAG from representing the planning graplstdims so excluded. If such
states are visited in search, then a new SAG will need to be generated tatlvene All of the
approaches based on SAG can be seen as a particular strategydiongadkie set of all states with
shared graphs. We define four points in that spectrum: Global-SAGhRbk-SAG, Child-SAG,
and the PG (Node-SAG).

Global-SAG: A Global-SAG is a single graph for an entire planning episode. The scdalkss to
be the set of all states (or state and sample pairs); that is, Global-SA@es#sgenerate partition
containing only the set of all states (or state and sample pairs).

Reachable-SAG:A Reachable-SAG is also a single graph for an entire planning episoderrah
planning graph is constructed from the initial belief state of the problem; &sstansistent with
the last level form the set from which the Reachable-SAG is built. Thatisesare partitioned into
two groups: definitely unreachable, and possibly reachable. A grapnirated only for the latter
set of states.

Child-SAG: A Child-SAG is a graph built for the set of children of the current nodeis Tesults

in one graph per non-leaf search node. That is, Child-SAG partitiotsssita@o sets of siblings.
While this is still an exponential number of graphs, the reduction in computation tetaive to

Node-SAG, is still significant.
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Node-SAG: A Node-SAG is built for the smallest conceivable scope: the curremtiseende. In
some situations, label propagation is useless, and therefore skippatlisTNode-SAG is just a
name for the traditional approach of building a planning graph for ewesaycé node.

6. Empirical Evaluation

In this section, we evaluate several aspects of state agnostic plannimg goaanswer the following
guestions:

Is the cost of pre-computing all planning graphs with the SAG effectivelgréized over a
search episode in order to improve planner scalability?

What choices for SAG scope are most appropriate?

Will using state agnostic relaxed plans improve planner performance cweg velaxed
plans?

How will using the SAG compare to other state of the art approaches?

To answer these questions, this section is divided into three subsectibadirst subsection
describes the setup (domains, planners, and environments) usealicxtmn. The last two sub-
sections discuss the first three questions in an internal evaluation andtthadation in an external
evaluation, respectively. We use a number of planning domains and prekiat span determinis-
tic, non-deterministic, and probabilistic planning. Where possible, we sugpliedomains from the
literature with domains used in several International Planning Competitions éternanistic and
non-deterministic tracks). In the case of non-deterministic planning, wastisactual competition
results (where our planner competed using SAG techniques) in additiom tovolexperiments.

6.1 Evaluation Setup

This subsection describes the domains, planners, and environmentsethetewo evaluate our
approach.

Domains: We use deterministic, non-deterministic, and probabilistic planning domainsppaaga

either in the literature or past International Planning Competitions (IPC)etarhinistic plan-

ning, we use domains from the first three IPCs, including logistics, rolkysksworld, zenotravel,
driverlog, towers of hanoi, and satellite. In non-deterministic planningusesrovers, logistics,
ring, and cube from (Cushing & Bryce, 2005), and blocksworld, sodommunication, universal
traversal sequences, adder circuits, and sorting networks fromfthdfC conformant planning
track. In probabilistic planning we use the logistics, grid, slippery gripged, sand castle (Bryce
et al., 2008) domains. Each of the domains contains several problemdestan

Planners: PON D is implemented in C++ and makes use of some notable existing technologies:
the CUDD BDD package (Somenzi, 1998) and the IPP planning graphh(&oet al., 1997).
POND uses ADDs and BDDs to represent belief states, actions, and planaipig lgbels. In this
work, we describe two of the search algorithms implementeBGnV D: enforced hill-climbing
(Hoffmann & Nebel, 2001) and A* search (with a heuristic weight of fivBjiefly, enforced hill-
climbing interleaves local search with systematic search by locally committing to aletiblead to
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search nodes with a decreased heuristic value and using breadtedndt # it cannot immediately
find a better search node.

We compare our planndPON D with several other planners. In non-deterministic planning,
we compare with Conformant FF (CFF) (Hoffmann & Brafman, 2004) ar(@#lacios & Geffner,
2006) in the IPC results, and CFF, KACMBP (Bertoli & Cimatti, 2002), BB&mh{anen, 2005),
and MBP (Bertoli, Cimatti, Roveri, & Traverso, 2001) in additional non-tdatristic planning
results. CFF is an extension of the FF planner to handle initial state uncert@f#y is similar
to PON D in terms of using forward chaining search with a relaxed plan heuristicehewCFF
differs in how it implicitly represents belief states and computes relaxed plaisties by using
a SAT solver. The t0 planner is based on a translation from conformamiiptato deterministic
planning, where it uses the FF planner (Hoffmann & Nebel, 2001). KBBMises a combination
of cardinality-based and reachability based heuristics to measure botiz¢hef belief states and
number of actions needed to achieve goals. BBSP uses regressicm, sgeded by a belief state
cardinality heuristic. MBP uses a forward chaining search with a belief statinality heuristic.

In probabilistic planning, we compare with Probabilistic FF (PFF) (Domshlak dfriHann,
2006) and CPplan (Hyafil & Bacchus, 2003). PFF further genemaltAde- to use a weighted SAT
solver and techniques to encode probabilistic effects of actions. PFFRutesmelaxed plan heuris-
tics by encoding them as a type of Bayesian inference, where the welgAlesblver computes the
answer. CPplan is based on a CSP encoding of the entire planning prabigrtan is an optimal
planner that finds the maximum probability of satisfying the goal in a k-steg plaimcreasing
k incrementally, it is possible to find a plan that exceeds a given probabilifjoalf satisfaction
threshold.

Environments: In all models, the measurement for each problem is the total run time of thegplann
from invocation to exit, and the resulting plan length. We have only modified th@enam which
the heuristic is computed; despite this, we report total time to motivate the impodbopgmizing
heuristic computation. It should be clear, given that we achieve larger$aof improvement, that
time spent calculating heuristics is dominating time spent searching.

All tests, with the exception of the deterministic planning domains, the Fifth IPC ihsma
and PFF solving the probabilistic planning domains, were run on a 1.86GHzinBA machine
with 1GB memory and a twenty minute time limit. There are several hundred problethg in
deterministic planning IPC test sets, so we imposed relatively tight limits on theitexedfive
minutes on a P4 at 3.06 GHz with 900 MB of RAM) of any single problem. We ebecfailures
due to these limits from the figures. In addition, we sparsely sampled these$ailith relaxed
limits to ensure that the results were not overly sensitive to the choice of limitsintilghe point
where physical memory is exhausted, the trends remain the same. The Eiftrad?run on a single
Linux machine, where competitors were given 24 hours to attempt all proliteatisdomains, but
no limit was placed on any single problem. We were unable to run PFF on thensaahéne used
for other probabilistic planning problems. We used a significantly faster imachut report the
results without scaling because the speed of the machine did not giverPlHear advantage in
scalability.

6.2 Internal Evaluation

We describe several sets of results that address which scope ipagowhether using the SAG
is reasonable, and how computing different types of relaxed plang®fi@anner performance. The
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results include deterministic, non-deterministic, and probabilistic planninggamsb Due to the
high number of combinations between the models and issues under evaluaialescribe the
results in the following manner. We evaluate every scope in deterministic andaterministic

models and present results for two scopes in each model: Node-SAGeauthdble-SAG. With
respect to these two scopes, in every model we present results tddesaiability improvements
due to the SAG, where we extract a relaxed plan at each search nodky, ipon noticing that the
SAG is most beneficial in probabilistic models, we concentrate on how comphenglaxed plan
differently (either at each search nodeagpriori) affects performance.

Scope:We do not present exhaustive results for the range of choices ofs88@e because of the
following observations:

e The Global-SAG is always dominated by Reachable-SAG because it wasigsificant
amount of time projecting reachability for unreachable states. While the Riel@eBAG’s
dominance may seem obvious, the phase-transition inherent to BDDs (whioke to rep-
resent labels) is a factor that is not well understood without experimemtaifibat is, the
Global-SAG uses labels (boolean functions) that represent more staggrnments to vari-
ables), and the Reachable-SAG generally represents much fewemvedtliknown that the
BDD representation of boolean functions is typically simple when there ayermany or
very few satisfying assignments to the function variables. It appearghirat is not enough
simplification in the boolean functions to make the Global-SAG viable. The RbeeSAG
performs well despite having potentially less boolean function simplificatioausecit is
more likely that fewer unreachable actions and propositions enter thepdegmaph.

e The Child-SAG improves upon the Node-SAG in virtually all problems. Howetat mar-
gin is relatively small. The Child-SAG typically improves upon the Reachablé-8Ade-
terministic planning problems in cases where the number of evaluated statey smnadl
compared to the number of reachable states. In almost all non-determinisininggrob-
lems, the Reachable-SAG outperforms the Child-SAG because the samefitrieappear
in a search node’s descendants. If the same state appears withimdiffelief states multiple
times, then the Reachable-SAG will compute the planning graph for this stage lmurtcthe
Child-SAG may compute the planning graph multiple times.

In the remainder of the empirical evaluation, we limit discussion to the ReacBaileand the
Node-SAG (also referred to as a planning graph).

Amortization: The primary issue that we address is whether it makes sense to use thd 8IRG a
The trade-off is between efficiently capturing common structure amongod gketnning graphs and
potentially wasting effort on computing unnecessary planning graplise Hieuristic computation
cost per search node is decreased (without degrading the heutistitthe SAG is beneficial.

We start by presenting results in Figure 12 that compare the ReachaBlevii\the planning
graph (PG) in deterministic planning. The top graph is a scatter-plot of thiertwtaing times.
The line “y=x"is plotted, which plots identical performance. The middle griaptach figure plots
the number of problems that each approach has solved by a given @eadlw bottom graph
in each figure offers one final perspective, plotting the ratio of the totahing times. We see
that the Reachable-SAG produces an improvement on average. Whileather-plots reveal that
performance can degrade, it is still the case that average time is improvetly mhaee to the fact
that as problems become more difficult, the savings become larger.
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ministic Problems

In light of this, we have made a investigation in comparing SAG to state of the ale:rimen-
tations of deterministic planning graphs. In particular, Hoffmann and Ngii¥l1) go to great
lengths to build deterministic planning graphs as quickly as possible, andgubdly extract a
relaxed plan. We compete against that implementation with a straightforward imykgioa of
SAG within FF. We ran trials of greedy best-first search using the FFadlplan heuristic against
using the same heuristic as the Reachable-SAG strategy. Total perf@emvasdmproved, some-
times doubled, for the Rovers domain; however, in most other benchmalbkeprs, the relative
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closeness of the goal and the poor estimate of reachability prohibited angviempent. Of course,
per-node heuristic extraction time (i.e. ignoring the time it takes to build the SAG)alveays
improved, which motivates an investigation into more sophisticated graph-tgstliategies than
Reachable-SAG.

We see that in non-deterministic planning problems, depicted in Figure 13 iruthe format
as the deterministic planning problems, the scatter-plots reveal that Rea&#(B always outper-
forms the PG approach. Moreover, the boost in performance is wellvemfoom the break-even
point. The deadline graphs are similar in purpose to plotting time as a functiamnuilexity: ro-
tating the axes reveals the telltale exponential trend. However, it is difficoietmsure complexity
across domains. This method corrects for that at the cost of losing the abittynpare perfor-
mance on the same problem. We observe that, with respect to any deadhobaBle-SAG solves
a much greater number of planning problems. Most importantly, Reachal@ee8t-scales the
PG approach. When we examine the speedup graphs, we see thatitiys sgow larger as the
problems become more difficult.

Figures 14 to 20 show total time in seconds and plan length results for thatplistic planning
problems. The figures compare the relaxed plan extracted frofd41$A\G (denotedN R P), the
state agnostic relaxed plan (denotedG R P), the M cLUG (denoted by the number of particles),
PFF, and CPplan. We discuss the state agnostic relaxed plan later in tldstguiband comparisons
to PFF and CPplan in the next subsection. We use 16 or 64 particlestpet/G or CSSAG as
indicated in the legend of the figures for each domain, because these nsymineed best in our
evaluation.

Figure 14 shows that th&SSAGimproves, if only slightly, upon thé{cLUG in Logistics p2-
2-2. Figure 15 shows similar results for Logistics p4-2-2, with@l§e&AG performing considerably
better than theMcLUG — solving the problem where = 0.95. Figure 16 shows results for
Logistics p2-2-4 that demonstrate the improvements of using @AG, finding plans forr =
0.95, where theM cLUG could only solve instances where< 0.25. Overall, using th€ SSAGis
better than theVicLUG.

Figure 17 shows results for the Grid-0.8 domain that indicateCth8AG greatly improves
total planning time with th&€ SSAG over the M cLUG. However, Figure 18 shows the results are
different for Grid-0.5. Th&€ S SAGperforms much worse than thel cLUG. A potential explanation
is the way in which the SSAG chooses a pool of common action outcome samples to use in the
planning graphs. The\cLUG is more robust to the sampling because it re-samples the action
outcomes for each belief state, where theSAG re-samples the action outcomes from the pre-
sampled pool.

Figures 19 and 20 show results for the respective SandCastle-6Tipper Gripper domains,
where theM cLUG outperforms the& SSAG. Similar to the Grid-0.5 domairGSSAG has an im-
poverished pool of action outcome samples that does not plaguel tiidJG. Since these problems
are relatively small, the cost of computing thécLUG pales in comparison to the quality of the
heuristic it provides. Overall, theSSAGis useful when it is too costly to computed cLUG for
every search node, but it seems to provide less informed heuristics.

Relaxed Plans: In general, the state agnostic relaxed plan performs worse than the tradition
relaxed plan both in terms of time and quality. The heuristic that we use to extedetagnostic
relaxed plans is typically very poor because it selects actions that hegvadhe goal from more
states. The problem is that with respect to a given set of states (neeelauate the heuristic for

a single belief state), the chosen actions may be very poor choices. ggsstsithat an alternative
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action selection mechanism for state agnostic relaxed plans could be bettat imdividualizing
relaxed plan extraction to each search node is preferred. An alterndiat we do not explore,
examines the continuum between state agnostic relaxed plans and nederdlased plans by
extracting aflexible state agnostic relaxed plan that allows some choice to customize the relaxed
plan to a specific search node.

6.3 External Evaluation

In addition to internally evaluating the SAG, we evaluate how using the SAG #¥Ij€ D compete
with contemporary planners. We discuss three groups of results, théaterministic track of the
Fifth IPC, a comparison with non-deterministic planners from the literatuceaaromparison with
CPplan and PFF in probabilistic planning.

Non-Deterministic Track of IPC: We entered a version d?ON D in the non-deterministic track
of the IPC that uses an enforced hill-climbing search algorithm (Hoffmarve&el, 2001), and
the Reachable-SAG to extract a relaxed plan at each search nodeth&n@lanners entered in the
competition are Conformant FF (CFF) (Hoffmann & Brafman, 2004) andP&acios & Geffner,
2006). All planners use a variation of relaxed plan heuristics, but thex ptanners compute a type
of planning graph at each search node, rather than a SAG.

Figures 21 to 26 show total time and plan length results for the six competition damain
POND is the only planner to solve instances in the adder domain, and it outperfdrothex
planners in the blocksworld and sorting network domaiR€) N D is competitive, but slower in
the coins, communication, and universal traversal sequences donhainmsst domains?ON D
finds the best quality plans. OveraRON D exhibited good performance across all domains, as a
domain-independent planner should.

Additional Non-Deterministic Domains: In addition to the results for the non-deterministic track
of the IPC, we conducted our own external comparisoPOfN D with several of the best confor-
mant: KACMBP (Bertoli & Cimatti, 2002) and CFF (Hoffmann & Brafman, 200&nd conditional
planners: MBP (Bertoli et al., 2001) and BBSP (Rintanen, 2005). asethe results of the in-
ternal analysis, we used relaxed plans extracted from a con#héitz, using the Reachable-SAG
strategy. We denote this mode BON D as “SLUG” in Figure 27.
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Figure 27: Comparison of planners on conformant (left) and conditifngtit) domains. Four
domains appear in each plot. The conformant domains include RoversR¥8)11io-
gistics (L1-L5), Cube Center (C5-C13), and Ring (R2-R10). Theltmmal domains
are Rovers (Rv1-Rv6), Logistics (L1-L5), Medical (M2-M14), aB@CS (B10-B80).

In this external comparison, we chose domains that exhibit two distinct diorensf difficulty.
The Rovers and Logistics problems require significant planning effaausethe goal. The Cube
Center and Ring domains, on the other hand, require effdkhtavthe goal. The distinction is
made clearer if we consider the presence of an oracle. The formegipain,complete information,
remains difficult. The latter pair, given complete information, becomes trivaktively speaking.

We see theSLUG as a middle-ground between KACMBP's cardinality based heuristic and
CFF's approximate relaxed plan heuristic. In the Logistics and Roversidep@FF dominates,
while KACMBP becomes lost. The situation reverses in Cube Center and R\GMBP eas-
ily discovers solutions, while CFF wanders. Meanwhile, by avoiding appration and eschewing
cardinality in favor of reachability?O N D achieves middle-ground performance on all of the prob-
lems.

We also devised conditional versions of Logistics and Rovers domaingrioglirting sensory
actions. We also drew conditional domains from the literature: BTCS (Waldefson, & Smith,
1998) and a variant of Medical (Petrick & Bacchus, 2002). Our v&iod Medical splits the multi-
valued stain type sensor into several boolean sensors.

The results (Figure 27) show th&ON D (using an AO* search) dominates the other con-
ditional planners. This is not surprising: MBP’s and BBSP’s heuristicelgebstate cardinality.
Meanwhile,PON D employs a strong, yet cheap, estimate of reachability (relaxed planstegtrac
from SLUG, in Reachable-SAG mode). MBP employs greedy depth-first seardesguality
of plans returned can be drastically poor. The best example of this iresults is instance Rv4
of Rovers, where the max length branch of MBP requires 146 actionsareahpo 10 actions for
POND.

Probabilistic Planning: In the probabilistic planning problems that we previously used for internal

comparison, we also compare with the PFF and CPplan planners. As Figutesl9 identify,
PON D generally out scales CPplan in every domain, but sacrifices quality.
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Due to some unresolved issues with the PFF planner, we are only able ¢otpresults in the
Logistics and Grid domains. The issues are of low impact because the LegisticGrid domains
are the most revealing in terms of planner scalability. We see that PFF seassnably well in
Logistics p2-2-2 (Figure 14), solving instances up to a probability of ga$faction threshold of
0.5 an order of magnitude faster than any other planner. PFF also sateasaes in p4-2-2 (Figure
15) much faster, but fails to find plans for higher goal probability thrieshé > 0.25). PFF
scales even worse in p2-2-4 (Figure 15) and Grid-0.8 (Figure 17erWiiimning PFF, it appears to
expand search nodes very quickly, indicating it spends relatively little tinteearistic computation.
Perhaps, PFF’s poor scalability in these domains can be attributed to compmgingeak of a
heuristic to provide effective search guidané&) N D, using theCSSAG, spends relatively more
time computing its heuristic and can provide better guidance. It is not alwagghat spending
more time on heuristic computation will lead to better scalability, but in this case itapgeat the
time is well spent.

7. Related Work

The state agnostic planning graph is similar to many previous works that osaao structure of
planning problems within planning algorithms, use precomputed heuristicgdiearch, or speed
up the construction or use of planning graphs.

Planning Algorithms: The SAG represents an all pairs relaxation of the planning problem. The
work of Harwood and Warren (1974) describes an all pairs solutiotetinpg, called a universal
plan. The idea implemented in the Warplan planner is to encode the curréiitgdhe state space

so that a universal plan, much like a policy, prescribes the action torpeifoevery world state for
any current goal. The SAG can be viewed as solving a related reachabdtiiem (in the relaxed
planning space) to determine which states reach which goals.

Planning Heuristics: As previously noted, forward chaining planners often suffer fronptioblem
of computing a reachability analysis forward from each search nodethenSAG is one way to
mitigate this cost. Another approach to guiding forward chaining plannersusdaelaxed goal
regression to compute the heuristic; work on greedy regression gffsigiisermott, 1999) as well
as the GRT system (Refanidis & Vlahavas, 2001), can be understoodadkis This backwards
reachability analysis (i.e., relevance analysis) can be framed within plagrapips, avoiding the
inefficiencies in repeated construction of planning graphs (Kambhammake® & Lambrecht,
1997). The main difficulty in applying such backwards planning graphagghes is the relative
low quality of the derived heuristics.

Pattern databases (Culberson & Schaeffer, 1998) have been Uneedistic search and planning
to store pre-computed heuristic values instead of computing them durirchs@dre SAG can be
thought of as a type of pattern database, where most of the heuristic taiimpuwost is in building
the SAG and per search node evaluation is much less expensive.

Planning Graphs: We have already noted that the SAG is a generalization dfth@ (Bryce et al.,
2006), which efficiently exploits the overlap in the planning graphs of mesniifeat belief state.
Other works on improving planning graph construction, include Liu, Kaearigl Furcy (2002)
where the authors explore issues in speeding up heuristic calculation inTH&P approach uti-
lizes the prior planning graph to improve the performance of building theectuplanning graph
(the rules which express the dynamic program of HSP’s heuristic gamesto the structure of a
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planning graph). We set out to perform work ahead of time in order te samputation later;
their approach demonstrates how to boost performance by skippingiadization. Also in that
vein, Long and Fox (1999) demonstrate techniques for representilagnaimpg graph that take full
advantage of the properties of the planning graph. We seek to exploidnia between different
graphs, not different levels. Liu et al. (2002) seek to exploit thelapdsetween different graphs as
well, but limit the scope to graphs adjacent in time.

The Prottle planner (Little, Aberdeen, & Theibaux, 2005) makes useiofjleplanning graph
to compute heuristics in a forward chaining probabilistic temporal plannesttl€iconstructs a
planning graph layer for every time step of the problem, up to a boundézbhpand then back
propagates numeric reachability estimates from the goals to every actiorr@pasition in the
planning graph. To evaluate a state, Prottle indexes the propositions tiorsaxtive in the state
at the current time step, and aggregates their back-propagated estimatesptiote a heuristic.
Prottle combines forward reachability analysis with backwards relevaragagation to help to
avoid recomputing the planning graph multiple times.

8. Conclusion

We described a generalization of the traditioisaigle sourceplanning graph to the state agnostic,
multi source planning graph. Motivated by the fact that some of the best performarmprs use
forward chaining search and construct a planning graph for eauicts@ode, we developed the
state agnostic planning graph as a way to avoid this mostly redundant compatadiamortize the
cost over multiple heuristic computations. We found that the state agnostidrgagmaph is most
beneficial in cases where multiple heuristic computations overlap significastly) belief state
space planning. Through extensive empirical evaluation, we showetthéhstate agnostic planning
graph techniques are beneficial in three problem classes, and thalaooer is competitive with
the state of the art in non-deterministic and probabilistic planning.

An exciting future direction for state agnostic techniques includes thataiilggm agnostic
planning graphs. It should be possible to extend the SAG techniques st-arfler representation
where the planning graph is problem independent for a given domairiesest. Specifically, by
using skolem objects with the domain’s predicates and the action schemasoltenpagnostic
planning graph could be constructed offline and used for any problstarice in the domain. The
primary challenge is in the propagation and efficient inference ovediidgr label functions. Using
advances in first-order decision diagrams may be a promising direction i ¢ehjursue problem
agnostic planning graphs.
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