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Abstract

Planning is ubiquitous in real life. Al planning and single-ageh heuristic
seard, two major areasof arti cial intelligence researt, focus on macdine-
generatedsolutions to a great range of real-life planning applications. To
successfullytackle large planning problems,signi cant advancesin technology
are necessary

This researt focuseson speeding up planning and single-ageh seard.
Abstraction, a certral idea of this work, is exploredin three major applica-
tion domains,ead assuminga di erent level of application-speci ¢ knowledge
available beforehand.

The rst framework is fully automated Al planning, with no application-
speci ¢ knowledgeprovided. The cortributions include a family of adaptive
techniguesthat automatically infer new information about a domain. Macro-
actions are extracted from previously acquired information. Algorithms for
ranking, Itering, and using macrosat runtime are introduced. Experimers
shov animprovemert of ordersof magnitude,ascomparedto a state-of-the-art
plannersud asFF, in domainswherestructural information canautomatically
be inferred. Macro-FF, an adaptive planner that implemerts theseideas,suc-
cessfullyparticipated in the International Planning Competition IPC-4, taking
the rst placein 3 out of 7 domainswhereit competed.

As a seconddomain, abstraction for path- nding on grid mapsis explored.
Partial application-speci ¢ knowledgeis assumed,since path- nding usually

takes place in a spacewith topological structure. The main cortribution is



Hierarchical Path-Finding A*, an approad showvn to achieve up to a 10-fold
speed-upin exdiangefor a 1% degradationin path quality, as comparedto a
highly optimized implemertation of A*.

The third researty domain providesa rich application-speci ¢ cortext: the
puzzle of Sokoban. The main cortribution is a novel solving approad that
combines planning with abstraction. A mazeis partitioned into rooms and
tunnels, allowing the decompsition of a hard initial probleminto seweral much
simpler sub-problems.Experimerts show that a prototype implemertation of
theseideasis competitive with a state-of-the-art specializedsolver, on a subset

of problems.
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Chapter 1

In tro duction

1.1 Al Planning and Heuristic Search

Planning has an ubiquitous presencen real life. Humansneedto plan many

of their activities, from shoppingor driving to a destination to industrial pro-

cesse®r construction projects. As a natural consequencethe exploration of

planning hasbecomea major themein the areaof computing sciencejn an at-

tempt to provide macdine-generatedanswersto humans' day-to-day planning

jobs. Formal computertheoriessud asarti cial intelligence(Al) planning [32]

and heuristic seart [74], which model real-life planning, are well-recognized
areasof Al researd.

The elds of Al planning and heuristic seart sharemany commonideas.
At a high level of interpretation, they both try to provide a sequenceof ac-
tions that will lead to a goal state starting from the current state. Common
solutions are presen at a more concrete,algorithmic level too. While se\eral
major planning approadesexist (e.g., planning assatis abilit y and constrairt
satisfaction [54], the graphplan algorithm [4], planning with hierarchical task
networks [26, 80, 84], etc.), planning as heuristic seart has provento be one
of the most e ective [5, 42].

Planning and sear@ are hard by their nature, both for humansand com-
puters. To illustrate this, considerthe problem of airplane transportation.
Speci cally, considersdeduling ights on a large network of airports while
taking into accoun routes, aircraft capacity, pilots, attendants, airport avail-

ability, fuel costs,airport local con guration, etc. Furthermore, assumethat



the sdedule should optimize someparameterssud as operating costsor av-
eragewaiting time between igh ts.

Sud a computation is next to impossiblefor a human to do, sinceit is
large, will require lots of time to solwe, and errors are very likely to occur.
Encoding so many constrairts into a computer application would result in a
very large problem, which exceedghe capabilities of current technology Eadch
new variable, or new range of valuesof an existing variable, can result in a
combinatorial blow-up of the problem complexity.

Despite the hardnessof planning and seart problems, great progresshas
beenadhievedin the developmert of e cien t solvingtechniques. The ewlution
of the international planning competition over its four editions [1, 40, 61, 67]
accuratelyre ects this. Successig editionsintroducedmore and morerealistic
and computationally challengingbendmarks, or harder problem instancesin
the samedomain. The top performerscould successfullysolwe a large percert-
ageof the problemsead time.

Howewer, many real-life domainsstill posegreat challengesor current tech-
niques. Arguably, the advancesin planning technology have yet to read a
point that would allow automated plannersto assisthumansin many daily
activities. In e ect, the needfor more e cien t planning methods, which push

the boundariesof current technology is of great importance.

1.2 Abstraction

Abstraction canbe a good answer to challenging planning problems. Humans
often abstract a problem solving task into higher level represemations, and
a similar idea can successfullybe usedin computer applications. Consider
again the exampleof airplane transportation. A human planner would never
work at sud a low level of detail that considersall variables of the model.
They would structure the problem hierarchically and decompseit into much
smaller subproblems. For instance, separatethe problem of ying between
airports (the global problem) from the problemsthat encade local constrairts

of eat airport. The global problem usesa map of inter-connectedairports.



On this map, airports are black boxes that ignore local details sud as the
terminal/gate whereto land, how to refuel the airplane, or how to processthe
passengersluggage. Thesedetails are solved as a separateproblem for eah
airport. The result is that many smaller problems get solved, with a large
reduction in the total solving e ort.

When the global problem is still too large, it can further be abstracted.
The network of airports can be structured into inter-communicating clusters.
Flying from Lethbridge, Canadato Trento, Italy is now a sum of smaller

problems:

1. Fly from Lethbridge to a closenational-sizeairport sud as Edmonton.

This involvessearting only in the airport network of Alberta.

2. Fly to Toronto, which has many international connections. This time

seart is performedonly in the network of important Canadianairports.

3. Fly to a major Europeanairport sud as Frankfurt, Germary. Now the

seard exploresonly major airports on the map.

4. Godown in the hierardy in a similar fashionuntil the destinationairport

is readhed.

Solutionsto planning tasks often have assaiated metrics that characterize
their quality. Examplesinclude the number of stepsin a solution, the total exe-
cution time, the resourceconsumedto achieve a goal, etc. Abstraction-based
solutions may not guarartee optimality. But even a near-optimal solution
might save millions of dollars per year, be more corveniert for customers,and

even more ervironmentally friendly than a hand-madesdedule.

1.3 Contributions and Target Applications

This thesisfocuseson designing,analyzingand evaluating techniquesfor speed-
ing up planning and seart. Abstraction is a certral ideaof this researti. The
term \abstraction"” hasa multitude of meanings,and many approadesfrom

the Al literature can t into this category In this thesis, abstraction refersto

3



the processof changing the level of granularity at which a problem is repre-
serted. Two successfuktrategiesthat re ne this high-level idea are reformu-
lating a problem on se\eral hierarchical levels, and using macro-operators.

A macro-operator abstracts se\eral related actions into a single action.
When added to a searty spaceas new transitions, macros can reduce the
distance to goal states, at the price of increasingthe branching factor. To
balancethis trade-o in favor of faster sear®, heuristic rules are introduced
that aim to prune macrosthat are probably not shortcutstowards a goal state.
As shawvn in Sections3.3.1and 5.1.1, macroscan alsoimprove the accuracyof
heuristic state ewvaluation in fully automated Al planning.

In this thesis, abstraction ideas are exploredin a variety of frameworks,

ead assuminga di erent level of application-speci ¢ knowledge:

Fully automatedAl planning. This is alsoknown asdomain-independen
planning. No application-speci ¢ knowledgeis available beforehand,and
one single planner (i.e., solver application) addressesnarny classesof

problems.

Path- nding on grid maps. This framework assumegartial application-
speci ¢ knowledge: application domainsin this classcortain a topolog-
ical structure (e.g., a city map, a gamelevel, a building where robots
navigate, etc.) which can be exploited by e cient solving methods.
In principle, one software application can tackle multiple domainswith

topological structure.

An application-speci ¢ cortext, the puzzle of Sokoban. No limitation
is imposed on the amourt of domain-spgeci ¢ knowledge that can be

encaled in the soler.

The following subsectiongrovide more details on eat framework. In eath
subsection, rst the correspnding application domainis introduced,and then

the contributions are outlined.



1.3.1 Domain-Indep endent Al Planning

Al planning focuseson solving problems expressedn a given standard lan-
guagesud as PDDL [65. A domain de nition includesgeneralinformation
sudh as object typesin that application, relationshipsthat can exist between
objects, and actions, along with their preconditions (i.e., conditions that are
required for an action to be applicable) and e ects. A problemis de ned as
an initial state and a goal condition. A solution plan is a sequenceof actions
that readesthe goal starting from the initial state.

In domain-indepgendert Al planning, a planner must addressa large classof
previously unknown domains. Hencedomain-sgeci ¢ knowledge,which often
makesa huge cortribution to the succes®f an Al application, is not available
beforehand. The challengeis to design generic methods that work well in
many application domains. In particular, systemsthat canadapt their solving
strategy to the particularities of a domain are very appealing.

The cortributions of this thesisto the areaof Al planning include:

A family of adaptive techniquesthat automatically learn new informa-
tion about a domain and useit to speedup planning in future problems
in that domain. Domain structure information is inferred with compo-
nent abstiaction and/or solution abstiaction, briey introducedin the
following paragraphs. Macro-operators are generatedbasedon the pre-
viously acquiredinformation. Algorithms for e cient ltering, ranking,

and runtime useof macrosare introduced.

The cortributions are evaluated both with systematic scierti ¢ exper-
iments, and at an internationally recognizedcompetition. When new
domain information can automatically be inferred, the performanceim-
provesby ordersof magnitude, ascomparedto the state-of-the-art plan-
ner FF [42]. Macro-FF, an adaptive plannerthat implemerts theseideas,
successfullyparticipated in the Fourth International Planning Competi-

tion IPC-4 [4Q], taking rst placein 3 out of 7 attempted domains.

Componert abstraction groups related low-level constarts of a planning



problem into more abstract ertities called abstiact compnents The idea is
similar to how humanscan abstract featuresconnectedthrough static relation-
shipsinto a more complex functional unit. For example,a robot that carries
a hammer could be considereda single componert, which combinesthe skills
of a robot and a hammer. Componert abstraction is a clustering procedure
in a static graph Nodes of a static graph are distinct objects sud as bill-
the-r obot , ja ck-the-r obot , the-red-hammer , etc. Edgesmodel static
relationships betweenobjects. The goal of clustering is to idertify small local
sub-graphsas patterns that are relevant for the domain structure. In this
example,a cluster can model an abstract functional ertity sud asja ck-the-
r obot-with-the-red-hammer

In solution abstraction, the solution of a planning problem is represented
asa solution graph Nodesare solution steps(i.e., actionsin the plan). Edges
model interactions between actions. Solution abstraction analyzesa solu-
tion graph to extract local patterns that are relevant to the structure of the
givendomain. Theselocal patterns, in fact small sub-graphscorrespnding to

macro-actions,are usedfor faster planning in new problems.

1.3.2 Path-Finding on Grid Maps

The objective of path- nding is to plan a route from an initial position to a
destination on a map with obstacles.The problem is of crucial importancein
applications sud asrobotics, transportation, tra ¢ optimization in computer
networks, and commercialcomputer games,a fast growing multi-billion dollar
industry.

Besidesthe potentially large sear® space,path- nding problemsoften ex-
hibit signi cant additional challenges.Path- nding problemsin robotics and
commercial computer gamesusually have to be solved in real time and un-
der constraints of limited memory and CPU resources.Moreover, a problem
ervironment can changedynamically, and parts of the map may be unknown
in advance. For somedomains, important criteria regarding the quality of
solutions (e.g., \lo ok human-like") can be hard to quartify.

For the problem of path- nding on grid maps, the cortributions of this

6



thesisinclude:

Hierarchical Path-Finding A* (HPA*), a hierardical path- nding algo-
rithm that adieves high performanceand successfullyaddresseshal-

lengessud asthose mertioned before.

Experimenrtal results for hierarchical seard on a variety of gamemazes,
shawing up to a 10-foldspeedimprovemert in exchangefor a 1%degrada-
tion in path quality, ascomparedto a highly optimized implemertation
of A*,

In this thesis, partitioning a map into a set of clustersis called topolagical
abstaction. Clustering allows to decompse an original problem into sev-
eral, much smaller problems: one problem asseiated with eadt cluster, and
one global problem that models interactions between clusters. Sincea grid
is usually represered as a graph of atomic locations (tiles) inter-connected
by neighborhood relationships, topological abstraction is a graph clustering
problem.

HPA* abstracts a map into linked local clusters basedon topological ab-
straction. Ead cluster generatesa graph with ertrance nodes and crossing
path edges.At the local level, optimal distancesfor crossingead cluster are
precomputedand caded. At the global level, a whole cluster is traversedin
a singlebig step. Graphs of adjacert clustersare connectedthrough common
ertrance points. In this way, all cluster graphsare conbined into one abstract
graph that coversthe whole problem map.

A hierarchy can be extendedto more than two levels. Small clustersare
groupedtogetherto form larger clusters. Computation of graph edgegcrossing
distances)for a large cluster usesthe graphsof the smaller cortained clusters.

Path planning starts with a seart at the most abstract level of the graph.
An abstract solution can gradually be re ned until a completelow-level solu-
tion is obtained. HPA* is fully automated, needsno domain-sgeci ¢ knowledge
other than the assumptionof topologicalstructure, and allows great exibilit y

in execution, solving parts of the problem if and whenthey are needed.



Name Target Application | Utility Graph
Applications | Independent | Scope Abstraction

Componert | Al planning Yes Domain | Small clusters
Abstraction aslocal patterns

Solution | Al planning Yes Domain | Small subgraphs
Abstraction aslocal patterns
Topological | Path- nding Partially Map Clustersthat
Abstraction Solkoban No partition a map

Table 1.1: Abstraction strategies.

1.3.3 Sokoban

Sokoban s a single player gamecreatedin Japanin the early 1980s. A man
in a mazehasto push seeral stonesfrom their initial locationsto designated
goal locations [10]. SeeSection2.3 for a detailed description of the rules. As
shown in Chapter 7, Solobanis a challengingapplication for both humansand
computers, being characterized by long optimal solutions, a large branching
factor, and the presenceof deadendsin the seart tree. The cortributions of

this researt to this domaininclude:

A novel solving approat basedon problem decompsition. Similar to
HPA*, atopological abstraction strategy decompmsesa map into rooms
connectedthrough tunnels. This allows for the decompsition of a hard
initial problem into seweral simpler sub-problems,with great potential

for reducingthe overall seard e ort.

Experimerts show that, on problem instancesthat an initial implemen-
tation of this approad cantackle, its performanceis competitive with a

state-of-the-art specializedsolver suc as Rolling Stone [49].

Table 1.1 summarizeskey properties of componert abstraction, solution
abstraction, and topological abstraction, the three major approathesexplored
in this thesiswork. Topologicalabstractionin path- nding is listed aspartially
dependingon the nature of a given application domain. The only application-
speci ¢ knowledgeassumeds the existenceof a topologicalspaceaspart of the

application de nition. The column\Utilit y Scope" indicatesthe rangewhere
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an abstraction remainsvalid onceit is completed. For componert abstraction
and solution abstraction, the utilit y scope is a planning domain. Information
acquiredfrom training instancesin adomaincanbe usedto solve newinstances
in the samedomain. For topological abstraction, the utilit y scope is a map:
se\eral problemson the samemap can reusethe map's abstraction.

As pointed out before,eat of theseabstractionscanbe seenasa particular
caseof the more generalproblem of abstraction in a graph. The last column
of Table 1.1 indicates the result of the graph abstraction performed by eah

technique.

1.4 Publications and Thesis Overview

The structure of the remaining chapters is the following: Chapter 2 surveys
related work in the Al literature and provides a badground for the remain-
ing chapters. Contributions to domain-independent Al planning are the topic
of Chapters 3{5. Chapter 3 presernts macro-operators created with compo-
nert abstraction. This work was previously reported in [13] and parts of [15].
Chapter 4, basedon [14] and parts of [15), describes macro-operators created
with solution abstraction. Chapter 5 presens experimerts in Al planning
previously discussedin [13 14, 15. Chapter 6, basedon [12], summarizes
researt on hierardhical path- nding. With a cortent similar to [10, Chap-
ter 7 exploreshow planning can be performedin an abstractedrepresemation
of the Sokoban puzzle. Chapter 8 presens the conclusionof the thesis and

summarizesdirections for future work.



Chapter 2

Literature Review

This chapter surveysrelatedarti cial intelligencereseart and providesa badk-
ground for the following chapters. Section2.1focuseson Al planning researd.
Section 2.2 surveysrelated work on abstraction in map navigation. Sokoban
is the topic of Section2.3. Section2.4 descrikeswork on abstraction in other
single-agenh seartt domains. Section2.5 preserts the conclusionsof this chap-

ter.

2.1 Al Planning

The planning cortributions of this thesisare in the areaof classi@l planning.
In principle, the sameideascan be applied to extensionsof classicalplanning
sudth astemporal planning, numerical planning, and planning with incomplete
information, but this is beyond the focus of this thesis. This section starts
with a short introduction to classicalplanning. Then three approates,which

are often combined in planning researf, are discussed:

Planning as heuristic seard, one of the most successfulpproadesto

Al planning.

Abstracting planning problemsbasedon the implicit structure of a do-
main, which is not part of the standard de nition of a problem. Sud
domain structure can be either automatically inferred, or encaled by
hand.

10



Macro-operators in Al planning, a topic that needsto be revived and

combined with current state-of-the-art technology.

2.1.1 Background of Classical Planning

When solvinga planning task, a plannertakesasinput a domain and a problem
instance. Se\eral problem instancesare usually de ned for one domain. Fig-
ures2.land 2.2shov adomain le andaproblem le in ToyLogistics,a simple
application where trucks can transport crates between places Variations of
the ToyLogistics' operatorsdrive , lo ad, and unlo ad are presert in seweral
other domainsaswell. ToyLogisticsis a simpli ed versionof Depots, a domain
usedin the third international planning competition [61]. ToyLogisticsis rep-
reserted in STRIPS, a simple but widely usedsubsetof the standard planning
languagePDDL. For information on PDDL and subsetssud as STRIPS and
ADL, see[3], 65].

In PDDL, a domain le cortains generalinformation sud astypes pred-
icates and operators (actions). A predicate hasa nameand a list of (typed)
variables. Eadh operator o has a name, a set of (typed) parameters,precon-
ditions and e ects. In STRIPS, the precondition Preqo) is a conjunction of
predicates.An e ect is split into a conjunction of positive (add) e ects Add(0)
and a conjunction of negatad (deletd e ects Del(o). More complicated sub-
setsof PDDL sud as ADL allow precondition formulas that use quarti ers,
implications, disjunctions, conjunctions, and negations. E ect formulas can
useuniversalquarti ers, conjunctions, negations,and conditional e ects [65].
A conditional e ect is a pair (c;e), wherec is a condition formula and e is an
e ect formula. Seebelow for details on how conditional e ects work when an
action is applied to a state.

In PDDL, a probleminstance le cortains speci ¢ information sud asthe
(typed) objects (constant symiwmls), the initial state so, and the gaal condition
G of the instance.

A state of a problem is represeted by a collection of binary variables
calledfacts. Facts are obtained from domain predicatesby instantiating their

parameterswith constart symbols. Only true facts in a state s are explicitly
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(de ne (domain ToyLogistics)

(:typestruck location crate)

(:predicates
(at ?t - truck ?p - place)
(at ?c- crate ?p - place)
(in ?c- crate ?t - truck)
)

(:action drive
parameters(?t - truck ?pl- place ?p2- place)
:precondition (and (at ?t ?pl))
‘e ect (and (not (at ?t ?pl)) (at ?t ?p2))

)

(:action unload
parameters(?t - truck ?c- crate ?p - place)
:precondition (and (at ?t ?p) (in ?c?t) )
e ect (and (not (in ?c?t)) (at ?c?p))

)

(:action load
parameters(?t - truck ?c- crate ?p - place)
:precondition (and (at ?t ?p) (at ?c ?p))
e ect (and (not (at ?c ?p)) (in ?2c ?t))

)

)

Figure 2.1: ToyLogisticsin STRIPS.

stated:
s = fpjpistrue in sg:

All unspeci ed facts are false,accordingto the so-calledclosel world assump-
tion [65].

Function :S A'! S modelstransitions betweenstates. S is the set
of states, and A is the set of instantiated actions. An instantiated action is
obtained from an operator by instantiating all its parameterswith constart
symbols. If s 6) Preqa), then (s;a) isundened. If s) Preda), then a
is applicableto s, and (s;a) is the state s® obtained by applying a's e ects

to s. For example,in STRIPS this meansthat all precondition facts of a are
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(de ne (problem Toylnstancel)
(:domain ToyLogistics)
(:objects
placeOplacel- place
truckO - truck
crateO - crate

)

(cinit
(at crateO place0)
(at truckO placel)

)
(:goal (at crateO placel)

)

Figure 2.2: A problem instancefor ToyLogistics.

true in s: Preqa) s. The resulting state s%is
= (s;a) = (s[ Add(a)) Del(a):

In ADL, a conditional e ect (c;e) is consideredonly if s) c¢. In suth a case,
e becomesart of the e ect formula that createss® from s.
A planningtaskisto nd asequencefinstantiated actionscalleda solution
plan
= aap:ian
that readiesa gal state s, starting from the initial state sy:

Si+1 = (S;a+1);i 07sy) G

When looking for a solution, plannersusually explore a search space asso-
ciated with the current planning task. The nature of a seart spacedepends
upon the solving strategy chosen. Di erent planning approadescan explore
di erent seard spaces.Forward chaining planning [32] exploresthe state space
de ned above. The root is the initial state sy, and the successorsf a state s
are the resulting statesof all actions applicablein s.

In regressionplanning, which seardes from the goal towards the initial

state, a state in the seard spaceis a collection of facts seenasgoal conditions.
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The root of this seart spaceis G. The successor®f a state s in this space
are obtained as follows: For simplicity, assumethat an action a achieves a
condition p 2 s and does not delete any condition in s. Then the successor
of s correspnding to a is obtained from s by removing p and adding all pre-
conditions of a. The next two subsectionscortain more details and references
about forward and regressionplanning.

Partial-order planning [73] exploresa spaceof partial plans. The root is an
empty plan, and a successopf a partial plan is obtained by resolvinga aw
(e.g., add a new action that satis es a goal condition, or add a new ordering
constrairt betweentwo actions of the partial plan). In SAT planning [54], a
problem is represeted as a SAT formula, and statesin this seard spaceare

partial assignmets to the formula's variables.

2.1.2 Planning as Heuristic Search

Planning as heuristic seart attempts to compute a solution plan with single-
agert seart techniques. The direction of spaceexploration can be either
from the initial state towardsthe goal state (forward-chaining search) or from
the goal state towards the initial state (regressionserch). The most popular
seard strategiesare basedon hill-climbing or best- rst search. A fewvariations
of thesestrategiesare descriked later in this section.

A heuristic state evaluator guidesthe problem spaceexploration. Given
the genericnature of fully automated planning, the only knowledgeabout the
application at hand that a heuristic function can usecomesfrom the domain
and problem formulations in a standard planning language. It is especially
challenging to designa heuristic evaluation function that usesno additional
hand-caded information, and works well in many classesf problems.

Many successfublanners use heuristic searti. The following paragraphs
focus on fully automated plannersthat have had a major impact on the de-
velopmen of the ideasin this thesis. Heuristic-searty plannersthat can use
hand-caded information (e.g., TLPlan, TALPlanner, SHOP) are described in
Section2.1.3.

Bonet and Ge ner's Heuristic Seart Planner (HSP) [5] rst demonstrated
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the e ciency of heuristic seard in modern planning, and generateda lot of
researt interest on this topic. HSP implemerts a heuristic state evaluator
basedon problemrelaxation. Given a state s and a fact p, h(s; p) is the length
of a shortest sequenceof relaxel actions that achieves p starting from s. A
relaxed action is obtained from a regular action by ignoring its deletee ects.
Given a collection of goal facts G = fgy;:::; 00, the heuristic evaluation of

state s is «
h(s) =  h(s;g): (2.1)

i=1
This additive formula introducesyet another approximation, assumingthat

goal facts are independer. This heuristic can overestimatethe real distance
and henceis not admissible Admissibility of a heuristic h meansthat, for eat
state s, h(s) h (s), whereh (s) is the minimum cost of a path from s to a
goal state. This property ensuresthat an algorithm sud as A* [33 produces
optimal solutionswith respect to their cost.

Se\eral versionsof this planner exist that dier mainly in their searh
strategy. HSP implemerts an incomplete hill-climbing algorithm. HSP2im-
plemerts weighted A* (WA*) [75], a best- rst seart algorithm [5]. In wA*,
nodes in the open queue (i.e., nodes generatedbut not expandedyet) are

sorted accordingto a valuef (s) assaiated to ead state s:
f(s)= (1 w)g(s)+ wh(s);05 w 1

This is a weighted sum of g(s), the distancefrom the root to the current state
s, and h(s), the estimated distance to a goal state. When w = 0.5, wA*
is equivalert to A*. Valuesof w larger than 0:5 are usedwith the purpose
of achieving a goal state faster, as nodes evaluated closerto a goal state are
expandedwith increasedpriority. On the other hand, solutions computed
with wA*, w > 0:5, are not guararteed to be optimal, even if the heuristic h
is admissible.

In HSP and HSP2, which useforward-chaining seard, an important per-
formance bottlenedk is that the heuristic evaluation has to be recomputed
from scratch in ead state. HSPr performsregression(backwards) seard us-

ing WA*. The benet of regressionseard is a much faster computation of
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heuristic state evaluation. Recall that regressionseart tries to read so by
exploring a spacewhere statess = fpy;:::; p,g are collectionsof facts seenas
current goal conditions. The evaluation h(sp;s) of a state s= fpy;::;;pngis
h(so;S) = _an h(so; pi): (2.2)
i=
Sincethe rst parameter of h in Equation 2.2 is xed (i.e., Sp), h(so;p) is
precomputedfor ead fact p in the problem. Then, for eat state s, h(sp;S)
is quickly obtained with Equation 2.2. Note that the idea of precomputing
h(s;p) is hard to apply in forward seart, sinces can take arbitrary values
(seeEquation 2.1).

Ho mann's plannerFast Forward (FF) [42] signi cantly advancedthe stan-
dards establishedby HSP. Due to its great successFF's planning strategy is
implemerted in many current planners. Perhapsthe mostimportant cortribu-
tion of FF is a new domain-indegendert heuristic function that proved to be
very successfuin practice. The newmethod presenesthe action relaxation of
HSP, but doesnot assumethat goal conditionswill be achievedindependerily .
For ead state that hasto be evaluated, the distanceto a goalstate is approxi-
mated by the length of a relaxedplan that achievesall goal conditions starting
from the current state. The relaxedplan is computedwith relaxal graphplan
a relaxation of the standard graphplan algorithm [4] in which delete e ects
of actions are ignored. Solving a relaxed problem optimally is NP-hard [16],
but suboptimal relaxed plans can be found in polynomial time. Despite this
signi cant reduction, FF often spendslarge amourts of time doing heuristic
state computations. FF's heuristic is not admissible,but in practiceit actsas
a lower-bound for the real value in most cases.

FF implemerts two forward seart algorithms. Enforced hill climbing
(EHC) is a fast but incomplete algorithm that greedily seartes for a goal
state in the problem space.If EHC fails, becauseof either its incompleteness
or the absenceof a solution, a complete best- rst search (BFS) algorithm is
launchedto nd a path to a goal state.

EHC starts from the initial state of a problem and performsa local seart

using a breadth- rst strategy. When a state with a better evaluation than the
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starting state is found, the current local seart stopsand a newlocal seard is
launched starting from the newly found state. In EHC, the relaxedgraphplan
computation for a state is usednot only to nd a heuristic evaluation, but also
to further prune the seard spacewith helpful action pruning. When a state
is expanded,only movesthat occur in the relaxedplan and can be applied to
the current state are considered.

BFS is in fact wA* with w = 1, an algorithm alsoknown as pure heuristic
sarch [58. When ordering nodesin the open queue,only h, the estimated
distanceto a goal state, is taken into accourt. Nodesewaluated to be closer
to a goal state are expandedwith higher priority. This strategy tendsto nd
solutionswith fewer expandednodesfor the price of sub-optimality.

Vidal's planner YAHSP (Yet Another Heuristic Seart Planner) [87, 88
advancesFF's approad in two signi cant directions. First, the useof arelaxed
plan is extended. The motivation is that a relaxed plan often contains useful
information about the solution of the real problem. If this information is
compressedo only one number, the heuristic evaluation of the current state,
much useful information might be lost. To addressthis, Vidal introduces
lookahed policies. A lookaheadpolicy executesparts of the relaxed plan in
the real world. This often providesa path towards a goal state with no sear®
and few states evaluated. This technique heuristically ordersthe actions in
the relaxedplan and iterativ ely appliesthem aslong asthis is possible.When
the lookahead procedure cannot be cortinued with actions from the relaxed
plan, a plan repair method selectsa new action to be applied.

As a secondcortribution, YAHSP combines EHC, BFS, and lookahead
policies into one single algorithm, in an attempt to exploit the bene ts of
ead. EHC is fast and cancut o large parts of the spacewith helpful action
pruning, while BFSis complete. The newalgorithm presenesthe completeness
of BFS, but expandshelpful nodes generatedby helpful actions with higher
priority than the remaining nodes.

HSP, FF and YAHSP usesomekind of relaxation of the graphplan algo-
rithm for heuristic evaluation of states. Helmert's planner Fast Downward

implemerts a new approad basedon causalanalysis[34, 35]. The motivation
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of this work is that graphplan relaxation often losesmuch of the structure
of the problem, and the heuristic becomesinaccurate. This is the case,for
example,in transportation domains. When a mobile object sut asa truck or
an airplane movesfrom location A to location B, in a relaxed state the object
can be in both locations at the sametime. In bad casesthe relaxedplan has
solittle relevancefor the real problem that the seart becomesblind.

Fast Downward represetts problemstateswith multi-v aluedvariablesrather
than asin the classicalstyle with propositional logic. In the exampleabove,
there will be a variable for ead mobile object, with a value for eat possible
location of that object. Further, a causalgraphis de ned for a problem. Each
state variable is a node in the graph. If changing the value of a variable v
can depend on changesto a variable u, a causallink (u;v) is de ned. One or
seweral subgraphs,called SAS* 1 structures, are extracted from the causal
graph. A SAS™ 1 structure has one node (variable) called the high-level
variable and se\eral nodes called low-level variables. There is one edgefrom
ead low-level variable to the high-level variable. SAS* 1 structuresare used
to compute the heuristic value of a state. For ead structure, a local plan is
computed that changesthe high-level variable from the current value to the
goalvalue. Local plans of all structures are conbined into the heuristic of the

global state.

2.1.3 Abstraction in Planning

Automatic discovery and exploitation of the implicit structure of adomainhas
beenexplored by Knoblock [59. In this work, a hierarchy of abstractionsis
built starting from the initial low-level problem description. A new abstract
level is obtained by dropping literals from the problem de nition at the pre-
vious abstraction level. Planning rst producesan abstract solution and then
iteratively re nes it to a low-level represemation. The hierarchy is built in
sudh a way that, if are nement of an abstract solution exists, no badtracking
acrossabstraction levels is necessaryduring the re nement process. Badk-
tracking is performed only when an abstract plan has no re nement. Sudh

situations can be arbitrarily frequert, with negative e ects on the system's
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performance.

Bacdus and Yang [3] de ne a theoretical probabilistic framework to an-
alyze planning in hierarchical models. Abstract solutions of a problem at
di erent abstraction levels are hierarchically represeted as nodesin a tree
structure. A tree edgeindicates that the target node is a re nement of the
start node. An abstract solution can be re ned to the previous level with
a given probability. Hierarchical seart in this model is analytically evalu-
ated. The analytical model is further usedto enhanceKnoblock's abstraction
algorithm. The enhancemen refers to using estimations of the re nement
probabilities for abstract solutions.

Fox and Long proposealgorithms that exploit the symmetry presett in a
planning domain [29, 30]. Symmetriesbetweenobjects are identi ed starting
from the initial state of a problem [29]. Two objects are symmetrical if swap-
ping them does not changethe initial state of the problem. Symmetriesare
further usedto idertify equivalernt actionsthat can be applicableto a state.
The seard spacecansafelybe prunedbasedon equivalert actions: it is enough
to generateonly oneaction that represets an ertire equivalenceclass.In [29,
the only symmetriesrecognizedin seart are a subsetof the initial symmetry
group extracted from the initial state of a problem. Howewer, many other
symmetriescan exist at various levels of a seart space. Hencethe authors
extend their method to dynamically identify larger equivalenceclasseq3Q].

Two successfubpproatesthat usehand-craftedinformation are temporal
logic cortrol rules and hierarchical task networks Thesecan be seenas forms
of abstraction by hand, sinceplanning usesinformation about the structure of
a domain that is not explicitly encaledin the domain de nition. In planning
with temporal logic cortrol rules, a formula is ass@iated with ead state in the
problem space. The formula of the initial state is provided with the domain
description. The formula of any other state is obtained basedon its prede-
cessor'sformula. When the formula assaiated with a state can be proven
false,that state's subtreeis pruned. The best known plannersof this kind are
TLPlan [2] and TALPlanner [60].

Hierarchical task networks (HTNs) guide and restrict planning by using a
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hierarchical represemation of a domain. Human experts designhierarchies of
tasks that shav how the initial problem can be broken down to the level of
regular actions. The ideawas introducedby Sacerdoti[80] and Tate [84], and
has beenwidely usedin real-life planning applications [89. SHOP2 by Nau
et al. [72 is a well-known heuristic seart planner where seart is guided by
HTNSs.

2.1.4 Macro-Op erators in Planning

Early work on macro-operators in Al planning includes Fikes and Nilsson's
planner called STRIPS [28. Macros are obtained from solution plans by re-
placing constant argumerts of actionswith genericvariables. Minton extended
this work by introducing techniquesthat lter asetoflearnedmacro-operators
[68. In his approad, two types of macro-operators are preferred: S-macros,
which occur with high frequencyin problem solutions, and T-macros, which
can be useful but have low priority in the original seart algorithm. Iba pro-
posesgeneratingmacro-operatorsat run-time usingthe so-calledpeak-to-peak
heuristic [47]. A macrotraversesa\v alley" betweentwo peaksof the heuristic
state evaluation. This can correct problemswith the heuristic evaluation. A
macro ltering procedureusesboth simple static rules and dynamic statistical
data. Mooneyconsiderswvhole plansasmacrosand introducespartial ordering
of operators basedon their causalinteractions [70].

Work on improving planning basedon solutions of similar problems has
beenreported by Velosoand Carbonell [86]. Large collections of casesare
stored as more instancesare solved in a domain. A caseis an ertire solution
of a solved problem annotated with additional relevant information sud as
explanationsof successfubr failed seart decisions.When a newproblemis fed
to the planner, casescorrespnding to similar problemsare usedto guide the
current planning process.The sameidea of reusingsolutions of past instances
is exploredby Kambhampati [53] in a hierarchical planning framework. In this
work, solutionsareannotatedwith causaldependenciedbetweenthe e ects and
the preconditions of solution steps. When a new problem is being solved, an

old plan is modi ed into a valid solution to the current problem. In both cited
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works, similarity metrics are de ned that determine what stored solutions
should be retrieved and usedto solwe the currert instance.

McCluskey and Porteousfocus on constructing planning domainsstarting
from a natural languagedescription [64]. The approad combines human ex-
pertise and automatic tools, and addressesoth correctnessand e ciency of
the obtained formulation. Macro-operators are a major technique that the
authors proposefor e ciency improvemert. In this work, a state in a domain
is composed of the local states of seeral variables called dynamic objects.
Macros model transitions betweenthe local statesof a variable.

Recertly, Colesand Smith implemerted support for macro-ogerators in
their planner Marvin [18]. Macrosare generatedwith two di erent techniques.
First, action sequenceshat esca a plateau (i.e. read a state with a better
heuristic starting from a local minimum) are discoveredonline and caded for
later use. Secondano ine method generatesa reducedproblemby exploiting
symmetriesin the original instance. The solution of this problem is usedto
generatemacrosthat will be usedin the main seart:. No macrosare stored

from one problem instanceto another.

2.2 Path-Finding

The problem of path- nding is to computea path betweentwo given locations
on a map that can cortain both blocked areasand passableareas. Path-
nding is important in numerousapplications sud as commercialcomputer
games,robotics, transportation, etc. Path- nding problemsare usually solved
by running a single-ageh seart such as A* on a graph asseiated with the
problem at hand. A commonway to obtain sud a graph is to apply a grid
onto the problem map. Unblocked grid cellson the map becomegraph nodes.
Graph edgesrepresen adjacencyrelationships betweencells. Other methods
of abstracting maps into seard graphs, suc as visibility points, quadtrees,
and navigation meshes,are discussedn the following subsections. This sec-
tion reviewspath- nding in commercialgames,abstraction applied to robot

navigation, and other relevant work.

21



2.2.1 Abstraction for Path-Finding in Commercial Com-
puter Games

Path- nding in gamesusing a two-lewel hierarchy is described by Rabin [77).
The author providesonly a high-lewvel presenation of the approad. A map is
abstractedinto clusterssuc asroomsin a building or squareblocks on other
topologies. An abstract action crossesa cluster.

Another important hierarchical approad for path- nding in commercial
gamesusespoints of visibility [78]. This method exploits the local topology of
a domain to de ne an abstract graph that coversthe map. Nodesrepresemn
cornersof corvex obstacles.Edgeslink all nodesthat can seeead other (i.e.,
they can be connectedby a straight line). This method is particularly useful
whenthe number of obstacless relatively small and they have a convex polyg-
onal shape. The e ciency decreasesvhen marny obstaclesare presen and/or
their shape is not a corvex polygon. Considerthe caseof a map containing
a forest, a densecollection of small obstacles.Modeling sud a topology with
points of visibility would result in a large graph (in terms of both number of
nodesand edges)with short edges.The key idea of abstraction, traveling long
distancesin a single step, would not work. When the problem map cortains
concave or curved shapes, the method either has poor performanceor needs
sophisticatedengineeringto build the graph e cien tly.

A navigation mesh (also known as a NavMesh) is a powerful abstraction
technique useful for 2D and 3D maps. In a 2D ernvironment, this approach
coversthe unblocked area of a map with a (minimal) set of corvex polygons.
A method for building a near optimal NavMesh is preserted in [85. This
method relaxesthe condition of the minimal set of polygonsand builds a map
coveragemuch faster.

Many cortributions to the problem of path- nding in computergamescome
from work on commercialgamesrather than academicreseart. Hierarchical
seard appearsto be usedby se\eral gamecompanies.The algorithmic details

are not public.
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2.2.2 Abstraction for Path-Finding in Rob otics

Quadtrees have been proposedfor hierarchical map decompsition in robot
navigation [81]. A map is partitioned into square blocks of dierent sizes
sudh that a block contains either only empty cells or only blocked cells. The
problem map is initially partitioned into 4 blocks. If a block contains both
obstaclecells and walkable cells, then it is further decomppsedinto 4 smaller
blocks, and soon. A movein this abstractedframework connectscerters of two
adjacen blocks. Sincean agen always goesto the middle of a box, solutions
are sub-optimal.

The solution quality can be improved by framed quadtrees [17, 90]. In
framed quadtrees,the border of a block is augmened with cellsat the highest
resolution. An action crossesa block betweenany two border cells. Sincethis
represemation permits many anglesof direction, the solution quality improves

signi cantly. Howewer, framed quadtreesuse more memory than quadtrees.

2.2.3 Other Relevant Work

Learning macro-operators for path- nding is explored by Markovitch in [62].
Givena xed map and a distribution of the node pairs for which paths have to
be computed, training problemsare generatedand solved. The solutions are
analyzedto extract commonpatterns that will be stored as macro-operators.
Macrosare Itered accordingto the so-calledminimum-to-better rule, which is
very similar to the plateau-escapingule presened at the end of Section2.1.4.

Shekharet al. decompsean initial problem graph into a set of fragmernt
sub-graphsand a global boundary sub-graph that links the fragmen sub-
graphs [82]. Shortest paths are computed and caded for future use. The
authors analyze what shortest paths (i.e., from which sub-graphs)to cade,
and what information to keep(i.e., either completepath or only cost) for best
performancewhen limited memoryis available.

Yap analyzesgrid abstractions in path- nding problems[91]. Grid ab-
straction discretizesa problem map into a grid with a regular structure. The

structure of a grid is determinedby the shape of its atomic cells(e.g., squares,

23



hexagons,etc.), their relative positioning (e.g., squarescan be either aligned
or shifted like bricks in a wall), and possible transitions between adjacen
cells (e.g., in four straight directions or in eight straight and diagonal direc-
tions). The author analyzeshow performancein path- nding is a ected when
thesegrid abstractions are conmbined with seart algorithms sud as A* and
IDA* [56)].

Reeseaand Stout classifypath- nding problemsaccordingto the type of the
resultsthat are sough, the ervironment type, and the amourt of information
available [79]. Challengesspeci ¢ to eat problem type and solving strategies
sudh asre-planning and using dynamic data structures are brie y discussed.

Moore et al. usea multi-level hierarchy to enhancethe performance of
multiple goal path-planning in a Markov Decision Process (MDP) framework
[71]. The problem posedis to e ciently learn near optimal policies (X;y)
to travel from x to y for all pairs (x;y) of map locations. The number of
policiesthat have to be computed and stored is quadratic in the number of
map cells. To improve both the memoryand time requiremerts, at the price of
losing optimality, a multi-level structure is used{ a socalledairport hierarchy.
All locations on the problem map are airports that are assignedto di erent
hierarchical levels. The strategy for travelling from x to y is similar to traveling
by planein the real world. First, travel to bigger and bigger airports until a
connectionexiststo the areathat cortains the destination. Secondgodown in
the hierarchy by travelling to smallerairports until the destination is reaced.

Precup et al. use macro-actionsto speed up planning in reinforcemen
learning [76]. In this work, a macro-actionis de ned as a starting state, a
policy that will befollowed, and a completionfunction that tells the probability
of completing the macro-actionat a giventime step. The completion function
of a macro models sub-goal achievemert. Since policies have probabilistic
transitions, execution of a macro-actionmay end-upin dierent nal states.
The authors focus on deweloping a mathematical foundation of this model.
They illustrate the model with an application of navigating inside a building
with rooms. Macro-actions model leaving a room and reading a hallway

point. Macrossolwe the local problemsof navigating inside a room, which are
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Figure 2.3: Soloban puzzle.

compiledaway from the global problem.

2.3 Sokoban

Figure 2.3showsthe Solobanproblem#1 in the 90-problemtest suite available
at [48). It consistsof a mazewhich hastwo typesof squares(also calledtiles):
inaccessiblewall squaresand accessiblenterior squares. Seeral stones are
initially placed on someof the interior squares. A man can walk around by
moving from his current position to any adjacen stone-freeinterior position.
Considera row (or column) of three adjacent interior squaressud that the
man is on one end square,a stoneis in the middle, and the other end square
is free. A push move is to shift both the man's and stone's positions by one
squarein the direction of the initially free square. The goal is to push all
stonesto marked gaal squaes In Figure 2.3, the six goal squaresare the
marked onesat the right end of the maze.

Culbersonshowned that Sokoban is PSPACE-complete[19. In computer
Sokoban, the state of the art is represemed by Junghanns'solver Rolling Stone
[52] and an anonymousJapaneseesearter [49]. Little information is available
about the latter. Both solversare ableto nd solutions for about two thirds
of the standard 90-problemtest suite [52].

While certered on a classicalsingle-ageh sear® approad, Rolling Stone
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owes part of its succesgo abstraction techniques. Two of the most e ective
conceptsin Rolling Stone are tunnel macros and gaal macros [52]. A tunnel
is a line of adjacert free cells borderedby walls. The endsof the tunnel are
connectedto the rest of the maze. Tunnel macrosare move sequenceshat
push a stonethrough a tunnel from oneendto another. A tunnel macro does
not interact with the rest of movesthat are legal on the maze. Interleaving
singletunnel moveswith other movesleadsto a blow-up of the seard.

A gaal room is an areathat connectswith the rest of the mazevia a few en-
trancesand contains oneor se\eral goalsquares.Goal macrosare precomputed
sequenceghat arrange stonesinto a goal room. While losing completeness,
goal macroseliminate many deadlacks that could be generatedby incorrect

ling of a goalroom.

2.4 Abstraction in Single-Agen t Search

This section summarizescortributions that are not necessarilydesignedfor
planning, path- nding, or Sokoban, but still remain relevant for the work
reported in this thesis.

Culbersonand Schae er [20, 2]] introduce pattern databasesJarge collec-
tions of abstractions of problem states that represem a heuristic evaluation
function. State abstraction is performedby replacing part of the featuresthat
characterizea state with a generic\don't care" symbol. Subsequenreseart
signi cantly extendedthis idea. Korf usedpattern databasesto compute op-
timal solutionsto the Rubik's Cube puzzle[59]. Holte et al. analyzedhow to
bestusea xed amourt of memory when se\eral pattern databasesare avail-
able [45. The authors shawv that seeral smaller databasescan be better than
onesingledatabase.Recert work exploits symmetriesthat pattern databases
can exhibit as a result of symmetriesin problem states[27].

Edelkamp usespattern databasesn domain-independen planning [23, 24].
Hernadvelgyi applies usespattern databasesto nd macro-operators in Ru-
bik's Cube[37]. Korf [57] and Iba [47] apply macro-operatorsto the sliding-tile

puzzle.
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Holte et al. [43 usehomomorphismabstiaction to analyzehow a hierarchi-
cal represemation of a seard spacecan be exploited in sear&. In homomor-
phism abstraction, a graph node at an abstract level represeis seeral nodes
from the previouslevel. Seeral levelscan be built on top of oneanother until
an abstract one-statespaceis obtained. The authors arguethat two strategies
for exploiting an abstract solution at the previouslevel have mainly beencon-
sideredin the literature. The rst strategy usesan abstract level to build a
heuristic function at a lower level. The distance betweentwo low-level nodes
is approximated by the length of an abstract path betweenthe two abstract
nodesthat correspnd to ead low-level node. The secondstrategy generates
a lower-lewel solution by re ning an abstract solution. Nodesin the abstract
solution act as sub-goalsin the low-level problem. Re nement generatesa
path betweentwo abstract nodes. The authors show the similarities between
the two approadiesand dewelop a uni ed framework.

Holte et al. introduce Hierarchical A* [46], a sear®h method designed
for situations when no heuristic function is provided. Hierarchical A* uses
homomorphism abstraction to structure an original sear& spaceon se\eral
levels. The hierardhy isthen exploited accordingto the rst strategy merntioned
before: sear® at a given level provides a heuristic function for the previous
level. The authors presen techniques (e.g., smart cading of seard results)
that result in expandinglessnodesthan blind seard in the initial space.

Homomorphismabstractionandre nement in explicitly represemed graphs
are explored by Holte et al. in [44]. A clustering algorithm called STAR is
introducedas an e cien t approad for homomorphismabstraction in generic
graphs. Seweral re nement techniquesare evaluated, out of which a method
called AltO is shown to be the overall winner. In AltO, stepsof an abstract
solution are graph nodesrather than graph edges.A sear® to nd an abstract
solution and a seart to re ne a solution are performedin opposite directions.
AltO is opportunistic in the sensethat stepsin an abstract solution can be
skipped whenthe re nement process nds shortcuts towards the goal state.

Helmstetter and Cazenae use abstraction in a solitaire card game called

Gaps[36. When this puzzleis played with a standard 52-cardded, 4 types
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of moves exist, one for ead suit. If moves of only one suit are considered,
they comein a forced sequencewith no branching. Branching is generated
whenmovesof di erent suits are consideredat the sametime. At somepoints,
sequence®f di erent suits may interact: the subsequen ewlution of a suit
candependon whethera move wasmadefor another suit. The authors exploit
thesefeaturesof the puzzleto abstract an initial seard spaceinto blacks A
block is a part of the spacewhere move sequence®f di erent suits do not
interact with ead other. Blocks are e cien tly searted, sincethere is no need

to interleave movesof di erent types.

2.5 Conclusions

This chapter has presened Al researt related to this thesiswork. The focus
has beenon the state of the art in using abstraction in seart: and planning.
This survey indicatesthat variations of abstraction ideashave generatedlots
of interestin Al planning and heuristic seartr. Many of the successfutortri-
butions have beenapplied in a domain-sgeci ¢ context. There are rather few
application-independent successtoriesin this area.

There is much room left for researt on how abstraction can be exploited
in faster problem solvers. This implies both designing new algorithms and
applying abstractionto newdomains. In particular, abstraction appearsto be
necessaryin domainswhere low-level seart is often unableto nd solutions
using the available CPU time and memory resources. Examples of such do-
mains are somecurrent planning bendimarks, path- nding on realistic maps,

and Soloban, the target applications of this researa.
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Chapter 3

Comp onent Abstraction in Al
Planning

In many domains,the performanceof a planner can be improved by inferring
and exploiting information about the domain structure that is not explicitly
encaledin the initial PDDL formulation. The implicit structural information
that a domain encalesis, arguably, proportional to how di cult the domain
is, and how realistically this modelsthe world. For example,considerdriving
a truck betweentwo locations. This operation is composedof many subtasks
in the real world. To namejust a few, the truck should be fueled and have
a driver assigned.In a detailed planning formulation, se\eral operators suc
asfuel , assign-driver , and drive would be de ned. This represemation
already cortains implicit information about the domain structure. It is quite
obvious for a human that driving a truck betweentwo remote locationswould
be a macro-actionwhere rst the truck is fueledand assigneda driver (with no
ordering constraints betweenthesetwo actions) and next the drive operator
is applied. In a simpler formulation, one can remove the operators fuel and
assign-driver . Now driving a truck is modeled as a single action, and part
of the original structure has beenremoved from the model.

In this chapter an automated method is presened that learnssud implicit
domain knowledgeand usesit to simplify planning for new problem instances.
This is usefulin fully automatic planning, whereonly a domainand a problem
de nition are fed into a planner. Additional input that would encale, for

instance, human knowledgeof the domain at hand is not provided.
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1. Analysis{ Extract newinformation about the domain structure.

2. Generation{ Build macro-operators basedon the previously ac-
quired domain structure.

3. Filtering { Selectthe most promising macro-operators.

4. Planning { Usethe selectedmacro-operatorsto improve planning
in future problems.

Figure 3.1: A genericplanning approad that usesabstraction to generate
macro-ogerators.

Domain ] Enhanced
AY Domain 1y Domain [
Abstraction
Real |# Sample ol Real |#
Instances Instances Instances
(@) (b)

Figure 3.2: (a) Standard planning framework. (b) CA-ED { Integrating com-
ponert abstraction and macro-operators into the standard planning frame-
work.

As shown in Figure 3.1, this learning approad has four-steps. At step 1,
componert abstraction is introduced as a novel technique to infer knowledge
about the structure of a domain. Then a small set of useful macro-ogerators
is produced in steps2 and 3. Assumethe original domain is expressedin
STRIPS, a simple but widely usedsubsetof the standard planning language
PDDL. The selectedmacro-ogerators are addedto the initial domain formu-
lation, resulting in an enhanceddomain expressedin the same description
language. The de nitions of the enhanceddomain and new problem instances
canbegivenasinput to any STRIPS planner, with no work requiredto imple-
mert step 4. Oncethe enhanceddomain formulation is available in standard
STRIPS, a planner makesno distinction betweena macro-operator and a nor-
mal operator [13]. This approad is called CA-ED for Componert Abstraction
{ EnhancedDomain.

Figure 3.2 comparesthe generalarchitecture of CA-ED with a standard
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planning framework. In standard planning, a planner takesasinput a domain
and a probleminstance. In CA-ED, abstractionis usedto enhancethe original
de nition of a domain. The enhanceddomain and problem instancescan be
fed into a standard planner. The box Abstraction in the gure includessteps
1{3 above. Abstraction is performedwithin a training sessionthat usesone
or seweral sampleproblemsfrom a domain. For ead sampleproblem, related
low-level objects are grouped together into new componerts. Macro-operators
that group local actions at the level of one componert are generatedwith a
local analysis. After all sampleinstanceshave beenprocessed,ltering is used
to selectthe \b est" macros,which will be addedasnew operatorsto the initial
domain.

If the above procedureis successfuand usefulmacro-operatorsare learned,
planning will be a ected in seeral important ways, analyzedin detail in Sec-
tion 3.3:

New actions are addedto the seart space,with the e ects of reducing

the distanceto goal statesand increasingthe branching factor.

Heuristic state evaluation, using a state-of-the-art method suc asHo -

mann's relaxed graphplan[42], can becomemore accurate.
Preprocessingcost, aswell asrun-time costper node, will oftenincrease.

The rest of this chapter is structured asfollows: The next sectiondescribes
componert abstraction. Section3.2focuseson generatingand ltering macros.
Bene ts and limitations of CA-ED areanalyzedin Section3.3. The last section

cortains conclusionsand ideasfor future work.

3.1 Comp onent Abstraction

Humansoften abstract objects connectedthrough permanern (static) relation-
shipsinto onefunctional unit. For instance,a robot with a hammer could be
considereda single unit, with both mobility and maintenanceskills. In this

work, sud units are modeled with abstiact components (or, shorter, com-
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Figure 3.3: Static graph of a Rovers problem.

ponerts). Componert abstraction automatically identi es componerts in a

two-step process:

1. Build the problem static graph which models permanent relationships

betweenconstart synmbols (objects) of a problem.

2. Build abstract componerts with a clustering procedure. Formally, an

abstract componert is a connectedsubgraphof the static graph.

3.1.1 Building the Static Graph of a Problem

A static graph is constructed from the PDDL represemation of a planning
problem. Eadh constart that is an argumert of at least one static fact de nes
a node in the static graph. A fact is static for a problemif it is true in the
initial state and no action can changeits value. All constarts in a fact are
linked pairwise! All edgesin the graph are labeled with the name of the
correspnding fact.

A Rovers problem is used as an example of how componert abstraction
works. SeeAppendix B for a descriptionof Rovers. Figure 3.3 showsthe static
graph of the sampleproblem. Starting from the left of the picture, the nodes
include two stores(store0 and storel ), two rovers(r overO andr overl ),
two photo cameras(camO and caml), two objectives (obj0 and objl),

two cameramodes(colour and high _res), and four waypoints (pointO ,

lIn other words, a fact of arity k 2 will generate a clique between its k constant
argumerts.
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point3 ). The edgescorrespnd to the static predicates (store _of ?s -
store ?r - rover) , (on _board ?c - camera ?r - rover) , (suppor ts
?c - camera ?m - mode), (calibra tion _tar get ?c - camera ?0 - ob-
jective) , and (visible _fr om ?0 - objective ?w - waypoint) .

The two marked clusterson the left are examplesof abstract componerts
found by CA-ED. Each componert is a rover equipped with a cameraand a
store. Details about how componerts are built follow in Section3.1.2.

Toidentify static factsnecessaryo build the static graph, the setof domain
operators O is usedto partition the predicate set P into two disjoint sets,
P = Pg [ Ps, correspnding to uent and static predicates. A predicate p
is uent if pis part of an operator's e ects (either positive or negative). In
STRIPS, this translatesto

P2 Pe, 902 O:p2 Add(o) [ Del(o):

Otherwise, p is static, denotedby p 2 Ps.

Facts that are true in the initial state of the problem and correspnd to
static predicatesare static. Static predicatesthat are unary? or cortain two or
more variablesof the sametype will beignored. The latter kind of facts are of-
ten usedto model topologicalrelationships,and canleadto large componerts.
Appendix A.1 provides the pseudaode of the method that builds the static
graph of a problem. Details about identifying static facts in domains with

hierardhical types,which needadditional care,are presetted in Appendix A.2.

3.1.2 Building Abstract Comp onents

Abstract componerts are built as connectedsubgraphsof the static graph of
a problem. Clustering starts with abstract componerts of size 1, cortaining
onenode ead, that are generatedbasedon a randomly selecteddomain type
t, the sed type. For eat node of type t in the static graph, a new abstract
componert is created. Abstract componerts arethen iterativ ely extendedwith
a greedyapproad.

2In many current domains, unary static facts have been replaced by types assaiated
with variables.
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Step Current Used componentO componentl
Predicate Pred. | Consts | Facts Consts | Facts
camO caml

(suppor ts NO camO caml
?c - camera
?m - mode)

(calibr _tar get NO camO caml
?c - camera
?0 - objective)

(on _board YES | camO | (on _board caml | (on _board
?C - camera roverO camO roverl caml
?r - rover) r over0) roverl)

(store _of YES | camO | (on _board caml | (on _board

?s - store roverO camO roverl caml
?r - rover) store0 r over0) storel roverl)

(store _of (store _of
store0 storel
r over0) roverl)

Table 3.1: Building abstract componerts for the Rovers example.

Next the clustering procedureis run on the Roversexample. A moreformal
description, including pseudo-cde, is provided in Appendix A.3. As said
before, Figure 3.3 shaws the two abstract componerts built for the example.
The stepsof applying the clustering procedureto the exampleare summarized
in Table 3.1, and correspnd to the following actions:

1. Randomly choosea seedtype (camera in this example),and createone
abstract componert for ead constart of type camera : componentO
contains camO, and componentl cortains caml. Next, iteratively
extend the componerts createdat this step. One extensionstep usesa
static predicatethat hasat leastonevariable type already encaled into
the componerts.

2. Choosethe predicate (suppor ts ?c - camera ?m - mode), which has
a variable of type camera . Sinceending up with a large componert
cortaining the whole graph is not desired, this method does not allow
merging two existing componerts. Hencea test is performed whether

the static facts basedon this predicate keep the existing componerts
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separated. These static facts are (suppor ts camO colour) , (sup-
por ts camO high _res) , (suppor ts caml colour) , and (suppor ts
caml high _res) . The test fails, sinceconstarts colour and high _res
would be part of both componerts. Thereforethis predicateis not used

for componert extension.

3. Similarly, the predicate(calibra tion _tar get ?c - camera ?0 - ob-
jective) is not used,asit would add the constart objl to both com-

ponerts.

4. Predicate(on _board ?c - camera ?r - rover) isusedfor componert

extension. The componerts are expandedas shown in Table 3.1, Step 4.

5. Predicate (store _of ?s - store ?r - rover) , whosetype rover
has previously beenencaled into the componerts, is considered. This

predicate extendsthe componerts as presened in Table 3.1, Step 5.

After Step 5, no further componert extensioncan be performed. There are
no other static predicatesusing at least one of the componert typesto be
tried for further extension. At this momern the quality of the decomposition
is evaluated. In this exampleit is satisfactory (seediscussionbelow), and
the processterminates. Otherwise, the decompsition processrestarts with
another domain type.

The quality of a decomppsition is ewvaluated accordingto the size of the
built componerts, where sizeis de ned as the number of low-level typesin
a componert. In experimerts, the sizewas limited to valuesbetween?2 and
4. The lower limit is trivial, sincean abstract componert should conmbine at
leasttwo low-level types. The upper limit was set heuristically, to prevert the
abstraction from building just one large componert. Theserelatively small
values are also consistenn with the goal of limiting the size and number of

macro operators. More details on this issueare provided in Section3.2.
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Figure 3.4: Abstract type in Rovers.

3.1.3 Assigning Typesto Abstract Comp onents

Following the standard of typed planning domains, where eat object has a
type, abstract componerts are assignedabstiact types Figure 3.4 shows the
abstract type assignedto the componerts of the Rovers example. As shavn
in this gure, the abstract type of a componert is a graph obtained from the
componert graph by changingthe node labels. The constart symbols usedas
node labelshave beenreplacedwith their low-level types(e.g., constart camO
has beenreplacedby its type camera ).

The examplealsoshavsthat componerts with identical structure have the
sameabstract type. As shavn below, the conceptof identical structure is a
strong form of graph isomorphism,which presenesthe edgelabels aswell as
the typesof constarts usedasnode labels. AssumeN odegac) is the setof con-
stants (subgraphnodes)and F acts(ac) is the setof static facts ass@iated with
acomponert ac. The argumerts c';:::; ¢ of afact f (¢*;:::; &) 2 Facts(ac) are
nodesof ac: ¢ 2 Nodegac).

Two abstract componerts ac; and ac, have idertical structure if:

1. jNodegac,)j = jN odegac,)j; and

2. jFacts(ac,)j = jFacts(ac)j; and

3. there is a bijective mapping p : Nodegac;) ! Nodegac,) sud that

8c 2 Nodegac,) : Type(c) = Typeg(p(c));
8f (c};::;¢k) 2 Facts(ag) : f (p(ch); :::;p(ck)) 2 Facts(ac);
8f (c3;::5;65) 2 Facts(ag) : f (p 1(c3);:::;p *(cy)) 2 Facts(acy).
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Figure 3.5: Example of a macroin Rovers.

For eat abstract type a local analysisis performedwith the goal of im-
proving planning at the componert level. In CA-ED, local analysisis usedto
generatemacro operators. This is only onepossibleway to exploit componert

abstraction. Other ideasare mertioned in the last sectionof this chapter.

3.2 Creating Macro-Op erators

Similar to aregular STRIPS operator, a CA-ED macro-operator m hasa name
N (m), a set of variablesV (m), a set of preconditionsPreqm), a set of add
e ects Add(m), and a setof deletee ects Del(m). Hencemacrooperatorscan
be addedasnew operatorsto an initial domain formulation. Figure 3.5 shows
an exampleof a macroin Rovers. It collectsa soil sampleinto a rover's store,
and dropsit badk, with the overall e ect of having analyzedthat soil sample.
Figure 3.6 shavs complete STRIPS de nitions for the samplemacro and the
operatorsthat it cortains.

Macro operators are obtained in a two-step process. First, an extended
set of macrosis built and, second,the macrosare ltered in a quick training
process. Since empirical analysisindicates that the extra information added
to adomainde nition shouldbe quite small, the methods described next tend
to minimize the number of macrosand their size,measuredby the number of
variables, preconditionsand e ects. Static macro generationusesmany con-
straints for pruning the spaceof macro operators, and discardslarge macros.
Finally, dynamic Itering keepsonly a few top macrosfor solving future prob-

lems.
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(:action SAMPLE _SOIL__DROP
‘parameters
(?r - rover ?s- store ?p - waypoint)
:precondition
(and (equipped.for_soil_analysis?r) (empty ?s)
(store_of ?s?r) (at_soil.sample?p) (at ?r ?p))
‘e ect
(and (not (at_soil. sample?p)) (have_soil_analysis?r ?p))
)
(raction SAMPLE _SOIL
‘parameters
( ?r - rover ?s- store ?p - waypoint)
:precondition
(and (equipped.for_soil_analysis?r) (empty ?s)
(store_of ?s?r) (at_soil.sample?p) (at ?r ?p))
‘e ect
(and (not (empty ?s)) (not (at_soil_sample?p)
(full ?s) (have_soil_analysis?r ?p))
)
(-action DROP
‘parameters
( ?r - rover ?s- store)
:precondition
(and (full ?s) (store_of ?s7?r))
‘e ect
(and (not (full ?s)) (empty ?s))

Figure 3.6: STRIPS de nitions of macro sample _soil __dr op and the opera-
tors that it cortains.

3.2.1 Macro Generation

For ead abstract type at, macrosare generatedthat perform local processing
within a componert of type at, accordingto the locality rule detailed below.
Macro generationis a forward seart in the spaceof possiblemacro operators.
The root state is an empty macro, with empty sets of operators, variables,
preconditions,and e ects. Each seart stepappendsan operator to the current
macro, and xes the variable mapping betweenthe operator and the macro.

Adding anewoperator oto amacrom modi es Preqm), Add(m), and D el(m)
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void addOperatorToMacro( operator o,
macrom,
variable-mapping ) f
for (ead preconditionp 2 Preqo)) f
if (p2Add(m)[ Preqm))
Predm) = Preqm) [ fpg;
g
for (ead deletee ect d2 Del(0)) f
if (d2 Add(m))
Add(m) = Add(m) fdg;
Del(m) = Del(m) [ fdg;
g
for (eath add e ect a2 Add(0)) f
if (a2 Del(m))
Del(m) = Del(m) fag;
Add(m) = Add(m) [ fag;
g

g

Figure 3.7: Adding operatorsto a macro.

as shavn in Figure 3.7. The variable mapping in the procedureis usedto
che the identit y betweenoperator's predicatesand macro's predicates(e.g.,
in pZ Add(m) [ Preqm)). Two predicatesare consideredidertical if they
have the samename and the sameset of parameters. The variable mapping
shows what variables (parameters) are commonin both the macro and the
new operator.
The seard is selectiwe: it usesa set of rules for pruning the seard tree
and for validating a built macro operator. Validated macrosare goal statesin

this seart space.The following pruning rules are usedfor static ltering:

The negatal precondition rule prunesoperatorswith a precondition that
matches one of the current delete e ects of the macro operator. This
rule avoids building incorrect macroswhere a predicate should be both

true and false.

The repetition rule prunesoperatorsthat generatecycles. A macro con-

taining a cycleis either uselessproducing an empty e ect set, or it can
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be written in a shorter form by eliminating the cycle. A cyclein a macro
is detectedwhenthe e ects of the rst k; operators are the sameas for
the rst Kk operators,with k; < k,. In particular, if ky = 0then the rst

k, operators have no e ect.

The chaining rule requiresthat for consecutie operatorso, and o, in a
macro, 0,'s preconditionsmust include at least one positive e ect of o;.
This rule is motivated by the idea that the action sequenceof a macro

should have a cohererh meaning.

The size of a macro is limited by imposing a maximum length and a
maximum number of preconditions. Similar constraints could be added
for the number of variablesor e ects, but this was found unnecessary
Limiting the number of preconditions indirectly limits the number of
variables and e ects. Large macrosare generally undesirable, as they
can increaseby a large margin the cost of evaluating a state with the

relaxed graphplan algorithm.

The locality rule is an important criterion that cortrols how componert
abstraction can be usedto generate macro-operators. The following
high-level discussionprovides the intuitiv e idea and the motivation of

this rule. Then a formal de nition is given.

Intuitiv ely, macrosgeneratedcomponert abstraction should perform lo-
cal processingat the level of one componert. Macros that changetwo
or more abstract componerts at the sametime are pruned. To moti-
vate this, considerplanning with componert abstraction as a hierarchi-
cal planning framework, whereeat componert de nes a local problem.
To limit the complexity of planning, it is desirablethat local problems
do not interact with ead other directly i.e., eat local probleminteracts
only with the next level in the hierarchy. This assumptionis madein

many hierarchical modelsdescribed in the literature [3, 10, 12, 72].

The formal de nition of the locality rule is the following. Given an

abstract type at and a macro m, let the local static preconditions be
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the static predicatesthat are part of both m's preconditions and at's
edges.Local static preconditionsand their parametersin m's de nition

de ne a graph structure (di erent variable bindings for the operators
that composem can createdi erent graph structures). Locality requires
that this graph is isomorphicwith a subgraphof at. In other words, all

local static preconditionsare part of the sameabstract componert.

3.2.2 Macro Ranking and Filtering

The goal of ranking and ltering is to reducethe number of macrosand use
only the most e cien t onesfor solving problems. The overheadcausedoy poor
macroscan exceedtheir bene t. This is known asthe utility problem[69].

A simple but e cient and practical approat to dynamic macro ltering
canbee ectiveat selectinga small setof usefulmacrooperators. This method
courts how often a macro operator is instantiated as an action in solution
plans. The more often a macro has beenusedin the past, the greater the
chancethat the macrowill be usefulin the future.

For ranking, ead macro operator is assigneda weight that estimatesits
e ciency. All weights are initialized to 0. Eadh time a macro is presett in
a plan, its weight is increasedby the number of occurrencesof the macro in
the plan plus 10 bonus points. No e ort wasspernt on tuning parameterssud
as the bonus. For common macros that are part of solutions of all training
problems,any bonus valuev 0 will producethe sameranking amongthese
common macros. No matter what the value v is, eatch common macro will
receivev T bonuspoints, whereT is the number of training problems. Hence
the occurrencepoints decidethe relative ranking of commonmacros.

The simplest problemsin a domain, which are usually the rst onesin a
collection, areusedfor training. For thesesimpleproblems,all macrooperators
are added to the domain, giving ead macro a chanceto participate in a
solution plan and increaseits weight. After the training phase,the bestmacro
operators are selectedto becomepart of the enhanceddomain de nition. In
experimerts, 2 macros,ead cortaining two steps,wereaddedasnewoperators

to the initial sets of 9 operators in Rovers, and 5 operators in Depots and
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Satellite. In these domains, suh a small value was obsened to be a good
tradeo betweenthe bene ts and the additional preprocessingand run-time
costs. Seethe next sectionfor an analysisof the bene ts and the additional
costs,and Chapter 5 for an empirical evaluation. In more domainswith larger

initial setsof operators, using more macroscould probably be bene cial.

3.3 Analysis

3.3.1 How Macros Aect Planning in CA-ED

This section analyzesthe impact of macro-ogerators in planning. The dis-
cussionfocuseson how macroschangethe heuristic evaluation of states, the
seard space,the cost per node, and the preprocessingcosts.

In experimerts, enhanceddomainsand probleminstancesweresolvedusing
Ho mann's planner FF [42]. When added as new operators to the initial
domain formulation, macrosa ect FF's relaxed graphplan algorithm. When
a state is evaluated with relaxed graphplan, a relaxed problem is solved that
adhievesa goal state starting from the current state. Relaxation is performed
by ignoring all deletee ects of actions. The length of the relaxedplan is used
as a heuristic evaluation of the real distance from the current state to a goal
state.

To illustrate the bene ts of macrosin relaxed graphplan, considerthe ex-
amplein Figures3.5and 3.6. Operator sample _soil hasoneadde ect (full )
and one delete e ect (empty ) that update the status of a store. Similarly,
operator dr op updatesthe store status with two sud e ects. Howewer, when
macro sample _soil __dr op is used,the status of the store doesnot change:
it was empty before,and it will be empty after. No e ects are necessaryto
expresschangesin the store status. Hencetwo delete e ects (one for eah
operator) are safelyeliminated from the real problem beforerelaxation is per-
formed. The relaxed problem is more similar to the real problem and the
information lossis lessdrastic.

A well-known property of macrosis that they changethe sear® spaceby

adding new transitions betweenstates. This is called an embedding abstrac-
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tion [46]. A node that normally needsse\eral stepsto readh becomesa direct
successomwhen the macrois applied. From the perspective of a seart algo-
rithm, embedding abstraction increasesthe branching factor but can reduce
the distancebetweenthe initial state and a goal state. The trade-o isimpor-
tant for the overall performanceof a seart algorithm. SeeSection5.1.1 for
an empirical evaluation of the e ects of macroson heuristic state evaluation
and seart depth.

Many plannersexpandoperatorsinto instantiated actions by replacingall
parametersand quarti ers with constart symbols. This is doneoncefor eat
problem, asa preprocessingstep. Given an operator o, let (vq; vy; :::; k), with
Type(vi) = tj, be the set of all its parametersand quarti ers (the latter can
be presen in ADL domains). Assumethat, in a problem, eat typet has
a number of n; objects. An upper bound of the complexity of instantiating
operatorois O(n, ng, :: ny). FF optimizesthis by computing only a
superset of the reachableactions. An action is reatable if its preconditions
are true in a state readhable from the initial state. See[42] for details.

CA-ED macrosincreasethe number of domain operators. Furthermore,
sincemacrostend to have slightly more variablesthan regular operators, their
instantiation costcan be higher.

Macros often increasethe averagecost per node in a seart aswell. Pro-
cessinga node is usually dominated in costby calling the evaluation function.
Using macros makes relaxed graphplan more expensiwe, since an increased
number of actions will be involved. SeeSection5.1 for an empirical evalua-

tion.

3.3.2 Limitations of CA-ED

The architecture of CA-ED hastwo main limitations. First, componert ab-
straction is currertly applied only to domainswith static facts. Secondadding
macrosto the original domain de nition is limited to simple subsetsof the
standard planning languagePDDL sud as STRIPS. The reasonis that when
a macro is added to a domain as a new operator, its complete de nition is

required, including precondition and e ect formulas. This is easyto acieve
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in STRIPS, asillustrated in Figures 3.6 and 3.7

Howewer, if more complex PDDL subsetssud as ADL are used, adding
macrosto a domain le becomesmpractical for two main reasons.First, the
precondition and e ect formulas of a macroare hard to infer from the formulas
of contained operators. Secondewenif the previousissueis solved and a macro
with completede nition is addedto a domain, the costsfor preinstartiating
it into ground macro-actionscan be large.

Figure 3.8, which shaws operator move from the Airp ort domain usedin
IPC-4 [40Q], illustrates how challenging the formula inferenceis in ADL. The
preconditionsand the e ects of this operator are quite complicated formulas
that include quanti ers, implications and conditional e ects. The formulas
of a macro move|mo ve with a given parameter mapping  would have
to be automatically composedfrom the preconditions and e ects of the two
contained operators.

Even if the above issueis solved and macros can be added as new do-
main operators, preinstartiating an ADL macro into ground actions can be
costly. Action instantiation was discussedin Section3.3.1. The cost of this
preprocessingstep canbe much higherin ADL than in STRIPS becauseof the
existenceof quarti ers. ADL macrostend to have larger sets of parameters
and quarti ers than regular ADL operators, and thereforetheir instantiation
cansigni cantly increasethe total preprocessingcosts. ADL Airp ort is a good
illustration of how important this e ect can be. As showvn in Section5.2, the
preprocessingis so costly as comparedto the main seart that it dominates
the total cost of solving a problem in this domain. Further increasingthe

preprocessinge ort with new operatorsis not desirablein sud domains.

3.4 Conclusion and Future Work

This section has preserted CA-ED, a method that learnsinformation about
the structure of a planning domain and exploits it in new seartes. Learning
is performedin a training step that usesone or se\eral sampleproblemsfrom

a domain. For eah sample problem, abstract componerts are created that
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(:action move
‘parameters
(?a - airplane ?t - airplanetype ?d1 - direction
?s1?s2- segmeh ?d2 - direction)
:precondition

(and

‘e ect
(and

(has-type ?a?t) (is-moving ?a)
(not (= ?s1?7s2))
(facing ?a?d1) (can-move ?s1?s2?d1)
(move-dir ?s1?s2?d2) (at-segmen ?a ?sl)
(not
(exists (?al- airplane)
(and (not (= ?al?a)) (blocked ?s2?al))))
(forall  (?s- segmen)
(imply  (and (is-blocked ?s?t ?s2?d2)
(not (= ?s7?s1)))
(not (occupied?s))))

(occupied?s2) (blocked ?s2?a)
(not (occupied?sl))
(when (not (is-blocked ?s1?t ?s2?7d2))
(not (blocked ?s1?a)))
(when (not (= ?d17?d2))
(not (facing ?a ?d1)))
(not (at-segmen ?a ?sl))
(forall  (?s- segmel)
(when  (is-blocked ?s?t ?s2?d2)
(blocked ?s?a)))
(forall  (?s- segmen)
(when (and (is-blocked ?s?t ?s1?d1)
(not (= ?s7?7s2))
(not (is-blocked ?s?t ?s2?d2)))
(not (blocked ?s?a))))
(at-segmen ?a ?s2)
(when (not (= ?d17?d2))
(facing ?a ?d2))

Figure 3.8: Operator move in ADL Airp ort.
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group together related low-level objects. Analysis of the componerts is used
to generatemacro-operators that perform local processingat the level of one
componert. Macrosare ltered down to a few top candidatesthat are added
asnew operatorsto the initial domain.

The applicability of CA-ED is limited to domainsthat are expressedn
STRIPS and cortain static facts in their de nition. The next chapter shows
how CA-ED can be extendedaround theselimitations.

A challenging long-term goal of componert abstraction would be auto-
matic reformulation of planning domains and problems. When a real-world
problemis abstractedinto a planning model, the correspnding formulation is
expressedt an abstraction level that a human designerconsidersappropriate.
Howewer, choosinga good abstraction level could be a di cult problem for hu-
mans. Planning domainsand problemsmay be generatedautomatically as a
translation from other areasof computing science.For example,the Promela
domainsin IPC-4 [4( have beenobtained from the area of model cheding.

As shawn in Section3.3.1,a macroaddedto an original domainformulation
as a regular operator in uences the results of the heuristic function. This is
corveniert (no changesare necessaryin the planning engine), but limited
only to STRIPS domains. For other subsetsof PDDL, the relaxed graphplan
algorithm can be extendedwith special capabilitiesto handle macroswhenno
enhanceddomain de nition is provided.

To explain the behavior of the relaxed graphplan heuristic, Ho mann an-
alyzestopological featuresof planning domainsboth empirically and theoret-
ically [38, 39]. This work could be extendedto explore how macro-operators

a ect the topology of planning bendimarks.
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Chapter 4

Solution Abstraction In Al
Planning

This chapter presens SOL-EP (Solution Abstraction { EnhancedPlanner),

an approad similar to CA-ED but more general. SOL-EP was designedwith

the goal of eliminating the limitations of CA-ED. First, the applicability is

extendedfrom STRIPS domainsto ADL domains. Second,CA-ED generates
macrosonly from componert abstraction, which is limited to domains with

static predicates. The new method generatesmacrosfrom solutions of sample
problems, increasingits generality. Third, the size of macrosincreasesfrom

2 movesto arbitrary values. Fourth, the de nition of macrosis generalized,
allowing partially orderedsequences.

As in CA-ED, the four main stepsof SOL-EP arethe onesshown in Figure
3.1: analysis, generation, Itering and planning. Howewer, eat step is per-
formed di erently than in CA-ED. At step 1, domain knowledgeis acquired
with solution abstraction, rather than componert abstraction asin CA-ED.
Solution abstraction builds a structure called a solution graph from the lin-
ear action sequencehat a planner producesfor a problem. A solution graph
corntains one node for eat step in the plan. Edgesmodel the causale ects
that an action hason subsequenactions of the linear plan. At step 2, partial-
order macro-ogerators (i.e., macroswith partial ordering of their operators)
are extracted from a solution graph. Steps1 and 2 can be repeatedfor seeral
probleminstancesas part of a training process.In step 3, the setof generated

macrosis Itered sud that only the most promising macrosare kept for future
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Domain

Domain

\M Macro Enhanced
Planner

Sample ¥ Operators

Instances — /4

Instances

Figure 4.1: The generalarchitecture of SOL-EP. EnhancedPlanner meansa
planner with capabilities to handle macros.

use. Finally, in step 4, the selectedmacrosare usedto improve planning in
new problems.

The generalarchitecture of this approad is shavn in Figure 4.1. For com-
parison with classicalplanning and CA-ED, seeFigure 3.2. As before, the
module Abstraction implemerts steps 1{3. Macros produced with abstrac-
tion are distinct input data for the planner rather than being addedto the
original domain formulation. This allows the generalizationfrom STRIPS to
ADL domains. As discussedn Section 3.3.2, inferring the precondition and
e ect formulas of a macro from the formulas of cortained operators is hard
in ADL. Hencethe precondition and e ect formulas of a SOL-EP macro are
not explicitly stated. For this reason,macroscannot be addedto the original
domain formulation anymore. For step 4, the planner is enhancedwith code
to handle macro operators.

Using macro-actionsat run-time can potertially introducethe utilit y prob-
lem [69], which appearswhen the savings are dominated by the extra costs
of macros. The potential savings comefrom the ability to generatea useful
action sequencewnith no seard. On the other hand, macroscan increasethe
branching factor. Many instantiations of a selectedmacro-ogerator could be
applicableto a state, but only a fewwould actually be shortcutstowardsa goal
state. If all theseinstantiations are considered,the induced overheadcan be
larger than the savings achieved by the useful instantiations. To selectwhat
macro instantiations to usefor state expansion,heuristic techniquessud as

helpful macro pruning and gaal macro pruning are introduced. SeeSection
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4.2.3for details.

The rest of this chapter is structured as follows: The next two sections
provide details about building a solution graph, and how to extract and use
macro-operators. Macro-FF, a planner that implemerts SOL-EP and CA-ED
on top of FF, participated in the fourth international planning competition
IPC-4. The results are highlighted in Section4.3. The last section cortains

conclusionsand future work ideas.

4.1 Solution Graph

This section describes how to build the solution graph for a problem, start-
ing from the solution plan and exploiting the e ects that an action has on
the following plan sequence First the discussionframework is set with some
preliminary commeris and de nitions. Next a high-level description of the
method, an example,and the algorithm in pseudo-cde are presened.

In the generalcase the solution of a planning problem consistsof a partially
orderedsequencef steps. When actions have conditional e ects, a stepin the
plan should be a pair (state, action) rather than only an action. This allows
for a precise determination of what e ects a given action has in the local
context. The implemenrtation of this method handlesdomainswith conditional
e ects in their actions and can be extendedto partial-order plans. Howewer,
for simplicity, the following discussionassumeghat the initial solution is a
totally-ordered sequenceof actions. When an action occursseeral times in a
solution, ead occurrenceis a distinct solution step.

To introduce the solution graph, the causallinks in a solution have to be
de ned. Let < a;;:::;a, > be a solution. A positive causallink between a;
and g by p, written as a; P a;, existsin the solutionif: (1)i<j, (2) pis
a precondition of a; and a positive (add) e ect of a;, and (3) noay, i < k < j
adds p. A positive causallink is the sameas a causallink in partial-order
planning [73].

A negative causallink betweena; and a by p, written asa, !° a;, exists

if: (1) i <], (2) pis aprecondition of & and a negative (delete) e ect of &,
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Figure 4.2: The solution graph for problem 1 in the Satellite bendimark.

and (3) no a, i < k <] deletesp. a! g denotesthat there exists a causal
link (either positive or negative) from a; to g .

For ead stepin the linear solution, a node in the solution graph is created.
The graph edgesmodel causallinks betweenthe solution actions. An edge
betweentwo nodesa; and a, is createdif a; ! a,. An edgehastwo labels:

The ADD label is the (possibly empty) list of all facts p sud that a; P

a.
Similarly, the DEL label is the list of negative causallinks.

Figure 4.2 shows the solution graph for problem 1 in the Satellite bendh-
mark. SeeAppendix B for details on Satellite. The graph has9 nodes,onefor
ead stepin the linear solution. Each node cortains a numerical label showing
the stepin the linear solution, the action name and argumerts, the precondi-
tions and the e ects. Static preconditions are safely ignored: no causallink
can be generatedby a static fact, sincesud a fact is never part of an action's
e ects. Graph edgeshave their ADD labels shavn as squareboxes,and DEL
labels as circles. Considerthe edgefrom node 0 to node 8. Step O addsthe
rst precondition of step 8, and deletesthe third. Therefore,the ADD label
of this edgeis 1 (the index of the rst precondition), and the DEL label is 3.

The pseudo-cdefor building a solution graphis givenin Figure 4.3. A time
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upper boundis O(L? m), whereL is the length of the solution at hand, and
m is the maximum number of preconditionsin a step. The methodsarein gen-
eral selfexplanatory, and follow the high-level descriptionprovided before. The
method ndA ddActionld (p;id; s) returns the mostrecen action beforethe cur-
rent stepid that addsprecondition p. The method addEdgelnfgnq; n,;t; f; Q)
createsa new edgebetweennodesn; and n; (if onedidn't exist) and concate-
natesthe fact f to the label of typet 2 fADD;DELQg. An integer nodeqa),
usedin method buildNades provides information extracted from the searh
tree generatedwhile looking for a solution. A seart tree has states as nodes
and actions astransitions. For eat action a in the tree, nodeqa) is the num-
ber of nodesexpandedin the seard right beforeexploring action a. The node
heuristic (NH) asseiated with an instantiated macrosequencen = a;:::a IS

de ned asfollows:
NH(m) = nodeqax) nodeqa;):

NH measuresthe e ort neededto dynamically discover the given sequence
at run-time. As shown in the next section,the node heuristic is usedto rank
macro-operatorsin a list.

In this work, preconditions of solution stepsare given in a STRIPS-like
fashion: they are conjunctions of positive facts. Henceit is important to
shav why this method works for ADL domains, where preconditions can be
more complicated formulas (e.g., have disjunctions). The explanation is that
an ADL operator can be compiled down into a set of STRIPS! operators.
This compilation is part of the preprocessingthat FF and other planners
perform [42].

A brief analysis of the graph in Figure 4.2 reveals interesting insights
about the problem and the domain structure. The action sequencedurn _to
t ake _image occursthreetimes (betweensteps3{4, 5{6, and 7{8), which takes
6 out of a total of 9 actions. For ead occurrenceof this sequencethere is a

graph edgethat shavsthe causalconnectionbetweenthe actions: applying op-

YIn practice, the compiled operators are a little more generalthan STRIPS, since they
can have conditional e ects too.
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void buildSolutionGraph(Solution s, Graph & g) f
buildNodesg, g);
buildEdgesE, Q);
g
void buildNodes(Solutions, Graph & g) f
for (int id = 0; id < length(s); ++ id) f
Action a = getSolutionStep(d, s);
addNode(id, a, nodes@), g);

g

g
void buildEdges(Solutions, Graph & g) f

for (int id = 0; id < length(s); ++ id) f
Action a = getSolutionStep(d, s);
for (ead precondition p 2 Precs@)) f
idagg = ndAddActionld( p, id, S);
if (idagg '= NO_ACTION _ID)
addEdgelnfo{daqq, id, ADD, p, Q);
idger = ndDeleteActionld( s, id, p);
if (idge; '= NO_ACTION _ID)
addEdgelnfo{dge, id, DEL, p, g);

Figure 4.3: Pseudo-cade for building the solution graph.

eratorturn _to satis es precondition 2 of operatort ake _image. In addition,
the sequenceswitch _on turn _to calibra te (steps0{2) is important for
repeatedly applying macroturn _to take .image. This sequencesstablishes
two of the preconditionsof operator t ake _.image. The graph alsoshows that
operator calibra te shouldbeappliedbetweenswitch _on andt ake _image.
It restoresthe fact (calibra ted instrO) , deletedby switch _on but needed
by t ake _image. Finally, there is no ordering constrairt betweenswitch _on
andturn _to , sothe ordering of the actions of this sequences partial. SOL-

EP performsthis type of analysisto learn usefulinformation about a domain.
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4.2 Macro-Op erators

A SOL-EP macro-operator is a structure m = (O; ; ), whereO is a bag of
domainoperators, a partial ordering of the elemens in O, and a mapping
that de nes the macro'svariablesfrom the operators' variables. In particular,
if ¢ isatotal ordering,then m = (O; ; ) is a sequetial macro-ogerator.
A domain operator can occur seweral times in O. A macro's preconditions
and e ects are not explicitly given. They are determinedat run-time, whena
macro is dynamically instantiated by applying its actionsin sequence.

This section focuseson how SOL-EP learns and uses macro-oferators.
Generation, ltering, and run-time instantiation are discussed.A global set
of candidate macrosis generatedfrom the solution graphsof seeral training
problems. This set is reducedto a small number of selectedmacros, com-
pleting the learning phase. Finally, the selectedmacrosare usedto speedup

planning in new problems.

4.2.1 Generating Macro-Op erators

Macros are extracted from the solution graphs of one or more training prob-
lems. SOL-EP enumeratesand selectssubgraphsfrom the solution graph(s)
and builds onemacrofor ead selectedsubgraph. Two distinct subgraphscan
produce the samemacro. All generatedmacrosare inserted into a global list
that will later be Itered and sorted. The list cortains no duplicates. When
an extracted macro s already part of the global list, relevant information as-
scciated with that elemen is updated. The algorithm incremerts the number
of occurrencesand addsthe node heuristic NH (mi) of the extracted instan-
tiation mi.

Figure 4.4 presens the procedurefor extracting macrosfrom the solution
graph. Parametersmin_length and max_length Ilimit the length | of a
macro. The minimal sizeis trivial: eadt macro should have at least two
actions. The upper bound is setto speedup macro generation. In the most
generalsetup, the upper bound could be the plan length of the problem at

hand, provided that the whole solution might be an useful macro. This is
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void generateAllMacros(Graphg, MacroList & macros) f
for (int | = MIN_LENGTH; I  MAX LENGTH; ++ 1)
generateMacrogg, |, macros);
g
void generateMacros(Graply, int |, MacroList & macros) f
selectSubgraphd( g, subg aphList);
for (ead subgraphs 2 subg aphList) f
buildMacro(s, m);
int pos= ndMacrolnList( m, macros);
if (pos!= NO_POSITION)
updatelnfo(pos m, macros);
else
addMacroToList(m, macros);

Figure 4.4: Pseudo-cade for generatingmacros.

usually not the casein practice. This thesisfocuseson identifying a few local
patternsthat aregenerallyuseful,rather than cacing many completesolutions
of solved problems.

In Figure 4.4, method seletSulgraphgl; g; subg aphList) nds valid sub-
graphs of sizel of the original solution graph. It is implemerted as a back-
tracking procedurethat producesall the valid node conmbinations and prunes
incorrect partial solutionsearly.

To describe the validation rules, considera subgraphsg with | arbitrary
distinct nodesam, ; am,; ::;; am,. Nodean, isthe m;-th stepin the linear solution
< a;;:ia, >. Assumethat the nodesare orderedaccordingto their position

in the linear solution: (8i < j) : m; < m;. A subgraphsg is valid if:

m  my+ 1 |+ k. The nodesof sg are obtained from a sequence
of consecutie stepsin the linear solution by skipping at most k steps,
where k is a parameter. Skipping actions allows irrelevant actions to
be ignored for the macro at hand. The upper bound k captures the
heuristic that good macrosare likely to have their steps\close" together

in a solution. In the Satellite example,considerthe subgraphwith nodes
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f0;1;2;69. For this subgraph,l = 4, m; = 6,and m; = 0. The subgraph
isinvalid for k = 2, sincem; my+ 1=7> 6= 1+ k, but it would be
valid for k 3.

A valid subgraphmust be connected sincetwo separatedconnectedcom-
ponerts areassumedo correspnd to two independert macros. Consider
the examplein Figure 4.2. Nodes?2 and 3 do not form a valid subgraph,
sincethereis no direct link betweenthem, and thereforethis subgraphis
not connected. However, nodes3 and 4 are connectedthrough a causal

link, sothis subgraphwill be validated.

When selecting a subgraph, a solution stepa;, (m; < r < m;) can
be skipped only if a is not connectedto the current subgraph: (8i 2
fL:0g) i (am ! a_a ! am).

Method buildMacro(s; m) in Figure 4.4 builds a partially orderedmacrom
basedon the subgraphs. For ead node of the subgraph,the correspnding
action is added to the macro. At this step, actions are still instantiated:
they have constart argumerts rather than genericvariables. After all actions
have beenadded, all constart argumerts are replacedwith genericvariables,
obtaining a variable identity map . The partial order betweenthe operators
of the macrois computed using the positive causallinks of the subgraph. If a
positive causallink exists betweentwo nodesa; and g;, then a precondition of
action a; was madetrue by action a;. Therefore,action a; shouldcomebefore
g in the macro sequence. The ordering has no cycles, since the ordering
constrairts are determined using a subgraph of the solution graph, and the
solution graph is acyclic. A graph edgecan exist from a; to g in the solution
graphonly if i < j.

As an example,from the solution graphin Figure 4.2, 24 distinct macrosare
extracted. The largestcontains all nodesin the solution graph. One macrooc-
curs3times (turn _to take .image), anothertwice (turn _to take _image
turn _to ), and all remaining macrosoccur once.

An upper bound on complexity of generating macrosof length | from a
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solution graph with L actionsis

|
O I? |+|k L |

The rst factor is the costto build one macro, wherethe number of ordering
constrairts can be quadratic on the number of steps. The secondfactor is
the cost to erumerate all macros of length | within a window of sizel + k
(i.e., a subgraphwith | + k nodesthat are consecutie in the initial sequetial
solution { seethe rst validation rule). The window slidesalong the solution
plan, obtaining the third factor (assumel + k < L). | isthe costto nd/insert

a macrointo the global set of macros.

The valueof k cortrols the trade-o betweenthe speedof the algorithm and
the number of enumerated subgraphs. A small k speedsup the computation
but missesmacrosthat are too widely spreadover the solution sequence.In
cortrast, a large k increasesthe processingtime exponertially, and allows
enumerating subgraphswith nodesfar away from ead other. In experimerts,
a small value of k turned out to be a good trade-o : processingis fast, and
most useful macro-accurrencesare caugh, sincethe steps of useful macros
usually form a local sequencen the plan. Howewer, for domainswhere useful
macro-sequenceare often spreadout acrossa solution, increasingk canresult

in a much better set of macros.

4.2.2 Filtering and Ranking

Filtering addresseshe utilit y problem. After all training problemshave been
processedthe globallist of macrosis statically Itered and sorted, sothat only
the most promising macroswill be usedto solve new problems. When the se-
lected macrosare usedin future seartes,they are further Itered dynamially
by ewaluating their run-time performance.

Static ltering usesan overlap rule. A macro is removed from the list
whentwo occurrencesof it overlap in a given solution. Considerthe following

sequencean a solution:
g aiaaidiaaianiia
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Assumeboth m; = a;a,:::a andm, = a;a,:::aa; aremacros. Whenmj is used
in the seart, applying this macrothree times could be enoughto discover the
given sequencewith little e ort. Considernow using m, in the seart. This
macro cannot be appliedtwicein arow, sincethe rst occurrenceendsbeyond
the beginning of the next occurrence. The sequencea,:::g in the middle has
to be discoreredwith low-level seard.

An important property of the overlap rule is the capacity to automatically
limit the length of amacro. For example,a;a,:::a is keptin the nal list, while
larger macrossud asa;a,:::aa; or 1@, a,a, arerejected. As an exception
to the overlap rule, a macro that is a double occurrenceof a small (i.e., of
length 1 or 2) sequencewill not be rejected. In Satellite, a macro sud as
(turn _to take _.image turn _to ) is removed becauseof the overlap, but the
macro (turn _to take _.image turn _to take _image), a doubleoccurrence
of a short sequenceis kept.

Macros are ranked accordingto the total node heuristic TN H (m) ass@i-
ated with eadr macrom, with ties broken basedon the occurrencefrequency
F. For agenericmacrom in the list, TN H (m) is the sumof the node heuristic
values(N H) for all instantiations of that macroin the solutionsof all training
problems. The average node heuristic AN H and estimatesthe averageseart

e ort neededto discover an instantiation of this macro at run-time:
TNH(mMm) = ANH(m) F(m):

The total node heuristic is a robust ranking method, which combinestwo
factorsthat in uence the performanceof a macro. SinceTNH is proportional
to F, it favors macrosthat occur frequerily in the training set, and may be
more likely to be applicablein the future. TNH directly dependson AN H,
which evaluatesthe seart e ort that oneapplication of the macro could save.

TNH dependson the searh strategy. For instance,changingthe order in
which movesare consideredin the seard can potentially changethe ranking
in the macrolist. How much the seart strategy a ects the ranking, and how
a set of macros selectedbasedon one seard algorithm would perform in a

di erent seard algorithm are still open questions.
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After ranking and ltering the list, only a few elemens from the top of the
list are kept for future seardes. The precisenumber is not crucial, sincethe
dynamic Itering processde ned below further tunesits value. In the Satellite
example,the selectednacrosare (switch _on turn _to calibra te turn _to
t ake _image) and (turn _to take _image turn _to take _.image).

For dynamic ltering, the following valuesare accunulated for eatch macro
m. | N (m) is the number of seart nodesin which at leastoneinstantiation of
m is applicableand is not rejected by the helpful macro pruning test. | S(m)
is the number of times when an instantiation of m occursin a solution. The

e ciency rate is
1S(m)

IN(m)
Dynamic ltering evaluates ead macro after solving a number of problems

ER(m) =

NP givenasa parameter. If IN(m) = Oor ER(m) < T for athreshold T, m
is removed from the list.

T's value was set basedon the empirical obsenation that there is a gap be-
tweenthe e ciency rate of successfumacrosand the e ciency rate of macros
that should be Itered out. The e ciency rate of successfumacroshasbeen
obsened to rangeroughly from more than 0:05 to almost 1.00. For ine cien t
macros,ER < 0:01. T is setto 0:03.

4.2.3 Instan tiating Macros at Run-Time

A classicalseart algorithm expandsa node by consideringlow-level actions

that can be applied to the current state. In addition, SOL-EP addsto the

successolist states that can be readed by applying a sequenceof actions

that composea macro. This enhancemeh a ects neither the completeness
nor the correctnessof the original algorithm. Completenesss presened since
no regular successorare deleted. Sincemacroshave no explicit preconditions

and e ects, arun-time function veri es their correctness.Given a state sy and

a sequencef actionsm = a;a,:::a, m can correctly be appliedto sq if & can

be appliedto s; 1,1 2 0;::;;k, wheres; = (s; 1;&) and (s;a) is the state

obtained by applying a to s.
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In principle, the de nition of a SOL-EP macro at the beginning of Sec-
tion 4.2 allows that: (1) only part of the possiblestep orderings of a macro
instantiation could be applicablein a state and (2) di erent orderingsof the
stepsin a macroinstantiation could result in di erent destination states. For
the sale of e ciency, only one ordering of stepsis consideredwhen a macro
is instantiated at run-time.? Searting for an ordering that correspndsto an
instantiation applicableto a state is signi cantly more expensiwe, but it can
succeednore often. How to best balancethis trade-o is an open question.

Two heuristic methods, helpful macro pruning and gaal macro pruning, are
introducedwith the goal of pruning macroinstantiations that guidethe searh

in a wrong direction. The next paragraphsdiscusstheseheuristicsin detail.

Helpful Macro Pruning

Helpful macro pruning usesthe relaxedplan RP(s) that FF performsfor eah
ewvaluated state s, and henceis available at no additional cost. SeeSection
2.1.2 for details on RP. The relaxed plan is usedto decide what macro-
instantiations to selectin a given state. Sinceactions from the relaxed plan
are often usefulin the real world, a selectedmacroand the relaxedplan should
match partially or totally (i.e., have common actions). To formally de ne
the matching, considera macro m(vy;:::;;v,), where vy;:::;v, are variables,
and an instantiation m(cy;:::;¢,), with c;;:::; ¢, constart symbols, applicable
in s. Match(m(cy;:::;¢); RP(S)) is the number of actions presen in both
m(cy; 5 Gy) and RP(s).

If total matching is required (i.e., ead action of the macro is mapped to
an action in the relaxedplan) then it will often happen that no instantiation
can be selected sincethe relaxedplan can be too optimistic and missactions
neededin the real solution. On the other hand, a loosematching can signi -
cartly increasethe number of selectedinstantiations, with negative e ects on
the overall performanceof the seart algorithm. The solution is to selectonly

those instantiations which have the best matching seenso far for the given

2No particular ordering is preferred. In the implemented system, this is the ordering of
the rst instantiation discovered in the solutions of the training problems, but this is just
an implemerntation detail.
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macro in the given domain. A macro instantiation is selectedonly if
Match(m(cy; 2 ¢); RP(s)) MaxMatch(m(vy;::i;vyp)): (4.2)

MaxMatch(m(vy; ::;;vy)) is the largest value of Match(m(c§; :::; ®); RP(s9),
with m(c?;:::;c2) applicablein s° that has beenencourtered so far in that
domain.

Experimerts shav that MaxMatch(m(vy;:::;vy)) quickly cornvergesto a sta-
ble value. In the Satellite example, MaxMatch(switch _on turn _to cal-
ibrate turn _to take _.image) corvergesto 4, and MaxMatch(turn _to
take _image turn _to take .image) cornvergesto 3.

If necessaryhelpful macro pruning could be further re ned to allow di er-
ernt valuesof M atch for di erent instantiations of the samemacro-ogerator.
Assume a single large match sets MaxMatch to sud a high value that no
further matches can be made. A possiblesolution would be to replacethe
condition 4.1 by the following two-phaserule: Given a state s and a macrom,

rst build the setM of all instantiations m(cy;:::;¢,) applicablein s for which
Match(m(cy;::5;¢); RP(S)) Th;
whereT,, is a threshold. Then, keeponly instantiations
mi 2 argmax,;o,,y Match(mi® RP(s)):

Goal Macro Pruning

As shown in Section2.1.2, FF implemerts two seart algorithms. Planning
starts with Enforced Hill Climbing (EHC), a fast but incomplete algorithm.
When EHC fails to nd a solution, the seart restarts with a complete Best
First Seart (BFS).

In experimerts it wasobsenedthat, in domainswheremacrosare very suc-
cessful,EHC is robust enoughto solve problemsand BFS doesnot needto be
called. As showvn in Section5, sudh domainsinclude Promela Dining Philoso-
phers,PromelaOptical Telegraphand Satellite. In this scenariohelpful macro

pruning is powerful enoughto Iter instantiations of macrosat runtime.
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In domainssud as Power Supply Restoration (PSR), wherethe bene ts
of macrosare more limited, problem instancescan be hard for both EHC and
BFS. SeeAppendix B for a brief description of PSR. Often in this domain,
EHC quickly fails and most of the seart e ort is spert in BFS. For sud hard
problems, macros can have either positive or negative e ects on the overall
planning e ort.

Goal macro pruning is a very selective heuristic usedin BFS in order to
reducethe uctuations in the performanceof macros. Goal macro pruning
keepsa macro instantiation only if the number of satis ed goal conditions
is greater in the destination state as comparedto state where the macro is
applied. In BFS, an instantiated macro hasto passboth the helpful macro

pruning and the goal macro pruning tests.

4.2.4 Discussion

Desirableproperties of macrosand trade-o s involved in combining them into
a ltering method are discussedn [64]. The authorsidertify v e factors that
can be usedto predict the performanceof a macro set. The next paragraphs
briey introduce these factors and discusshow SOL-EP deals with eat of
them.

TNH includesthe rst two factors (\the likelihood of somemacro being
usableat any step in solving any given planning problem”, and \the amourt
of processing(seard) a macro cuts down"). Factor 3 (\the cost of searding
for an applicablemacroduring planning™) mainly refersto the additional cost
per node in the seart algorithm. At ead node, and for eady macro, it must
be testedif instantiations of the macroare applicableto the currernt state, and
satisfy the macro pruning tests. The costsare greatly reducedby keepingonly
a smalllist of macros,but there often is an overheadas comparedto seartiing
with no macros. No special care is taken of factor 4 (\the cost (in terms of
solution non-optimality) of usinga macro"). Chapter 5 cortains an empirical
analysisof factors 3 and 4.

Factor 5 refersto \the costof generatingand maintaining the macro set".

In SOL-EP, the coststo generatemacrosinclude, for ead training problem,
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solving the problem instance, building the solution graph, extracting macros
from the solution graph, and inserting the macrosinto the global list. The
only maintenanceoperationsthat SOL-EP performsare to dynamically lter

the list of macrosand to update MaxMatch for eatch macro, which needno

signi cant cost.

4.3 Participating in the International Planning
Comp etition

FF was enhancedwith macrosand implemertation enhancemets to reduce
memoryand CPU time requiremers. The resulting program, Macro-FF [6, 9],
competed in the fourth international planning competition IPC-4 [4(]. An
overview of FF was preserted in Section 2.1.2. This section describes the

featuresof Macro-FF and summarizesits participation in the competition.

4.3.1 Macro-FF

Macros in the Comp etition System

Macro capabilities are basedon a version of the SOL-EP model, which has
broader applicability than CA-ED. Since, at the competition time, SOL-EP
was not fully deweloped as descrited in the previous sections,a preliminary
versionwas implemerted in the competition system. The di erences between
the preliminary versionand the nal versionof SOL-EP are summarizednext.

Macros in the competition system were limited to only 2 actions. This
choice removed many challengesthat have to be solved for arbitrary-length
macros. Operations sud as building and processinga solution graph, and
run-time macro instantiation are considerablysimpli ed. Another di erence
is in the ranking method (seediscussionbelow). The ranking method based
on a node heuristic had not beendeweloped at the competition time.

The competition systemuseda rst implemertation of the solution graph,
where causaledgescan be de ned only betweentwo consecutie actions of a
plan. Henceonly sequence®f two consecutie actions can be consideredas

possiblemacros. Local chaining is enforcedby the rule that the actionsa; and
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a, of a macro should have at least one commonvariable, unlessa; and/or a,
have no parameters. Macroswith null e ects are discarded.

Run-time macroinstantiation useshelpful macropruning. A macroinstan-
tiation is usedonly if both its actions are part of the relaxed plan computed
for the current state. The competition systemimplemerted neither goalmacro
pruning nor dynamic macro ltering basedon e ciency rate.

For ranking, macro-operators are stored in a global list ordered by their
weight with smaller being better. Weights are initialized to 1.0 and updated
using a gradiert-descemn method.

For eath macro-ogerator m extracted from the solution of a training prob-
lem, the problemis re-sohedwith m in use. Let L be the solution length when
no macrosare used, N the number of nodes expandedto solwe the problem
with no macros, and N, the number of expandednodes when macro m is
used. The dierence N N, is usedto update wy,, the weight of macrom.
SinceN N, cantake arbitrarily large values,it is mapped to a new value
in the interval ( 1;1) by

where

(x) =

1+ e *
is the sigmoidfunction shown in Figure 4.5, certered in (0; 0) and boundedto
( 1;1). In particular, the symmetry property ensuresthat, if N, = N, the
weight update of m at the current training stepis 0. The sizeof the boundary
interval hasno e ect onthe ranking procedure,it only scalesall weight updates
by a constart multiplicativ e factor. The interval ( 1;1) is usedasa canonical
represemation, which limits the absolutevalue of ,, betweenO and 1.

The update formula also cortains a factor that measureshe di cult y of
the training instance. The harder the problem, the larger the weight update
shouldbe. The reasonis that macrosthat appearto bee ectivein very simple
training instancescould in fact be uselesdor larger problems. The di cult y

factor is estimated by the solution length L rather than N, sincethe former
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Figure 4.5: Sigmoid function.

has a smaller varianceover a training problem set. The formula for updating
Wy, IS

Wy = Wy mL

where = 0:.001. The value of doesnot a ect the ranking of macros. It is

usedonly to keepmacro weights within the vicinity of 1.

Implemen tation Enhancemen ts

The enhancemets descrilked belov have the goal of reducing the spaceand
CPU requiremerns of the planner, and a ect neither the number of expanded
nodes nor the quality of found plans. Howewer, when the memory or CPU
time necessaryo solwe a problemare larger than the available resourcesthese
improvemeris can make the di erence betweenfailure and successn solving
a problem. The three enhancemets described below a ect the open queue
in best- rst seard, the memory requiremens in the preprocessingohase,and
state hashing. The rst two wereimplemerted by Enzerberger[9].

The open queuein BFS was originally implemerted as a singlelinked list.
This was changedinto a linked list of buckets, one bucket for ead heuristic
value. The time to nd/insert an elemen reducesfrom linear in the total
number of statesin the list to linear in the number of di erent heuristic values
of the statesin the list. The buckets are implemerted aslinked lists and need
constart time for insertion, sincethey no longer have to be sorted.

As part of preprocessing,FF builds a lookup table with all facts of the
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initial state. In the original implemertation, this table is sparselypopulated
but the allocated memory is equal to the number of constaris to the power
of the arity of ead predicate summedover all predicatesin the domain. The
lookup table was replacedby a balancedbinary tree with minimal memory
requiremerts and a lookup time proportional to the logarithm of the number
of facts in the initial state.

In the original implemertation of FF's state hashing,ead fact of a planning
problem is assigneda unique 32-bit random number. The hash code of a
problem state is the sum of all random numbers assaiated with the facts
that characterizethe given state. When two states have the samehash code,
a full fact-by-fact comparisonchedks whether the states are identical. The
original implemertation was replacedby a 64-bit Zobrist hashing[63]. Facts
are assigned4-bit random numbers,and the hashkey of a state is obtained by
computing the XOR of all random numbers correspnding to the facts true in
the state. The larger sizeof the hashkey and the better randomization make

hashcon icts soimprobablethat full state comparisonis no longer necessary

4.3.2 Comp etition Results

The fourth international planning competition IPC-4 had a classicalpart and a
probabilistic part. For detailed information about the classicalpart, including
domain description and results in eaty domain, see[22, 40]. As shown in [40],
19 competitors participated in the classicalpart (21 if all systemversionsare
courted).

The organizersperformedthe ranking of systemsby hand, sinceit is hard
to obtain a meaningful ranking using strict formal rules. A distinct ranking
was performed for ead version (i.e., temporal, non-temporal, numeric, etc.)
of eadr domain. Moreover, optimal and satis cing (suboptimal) plannerswere
ewvaluated separately In ead domain version, the ranking was basedon a
visual analysis of the data charts. Apparenly, the CPU time mattered the
most. For eat planner, a performancerecord (N1; N,) was computed. N;
courts how many times that plannertook rst place,and N, is the number of

second-placeankings.
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Macro-FF entered the classicalpart and competed in the following sewen
domains: PromelaDining Philosophers{ ADL (containing a total of 48 prob-
lems), Promela Optical Telegraph{ ADL (48 problems), Satellite { STRIPS
(36 problems), PSR Middle Compiled{ ADL (50 problems), Pipesvworld No-
tankageNontemporal { STRIPS (50 problems), Pipesvworld TankageNontem-
poral { STRIPS (50 problems), and Airport { ADL (50 problems). SeeAp-
pendix B for details on thesebendimarks. The performancerecord of Macro-
FF was (3;0). It took the rst placein Promela Optical Telegraph,Satellite
(tied with YAHSP [88]), and PSR Middle Compiled.

4.4 Conclusions and Future Work

This chapter presened SOL-EP, a technique that automatically learnsa small
set of macro-ogerators from previous experiencein a domain, and usesthem
to speedup the seart in future problems.

Exploring this method moredeeplyand improving the performancein more
classesof problems are major directions for future work. Also, the learning
method could possibly be generalizedfrom macro-operatorsto more complex
structuressud ashierarchical task networks. Little researt focusingon learn-
ing sud structures has beenconducted, even though the problem is of great
importance.

Another interesting topic is to use macrosin the graphplan algorithm,
rather than the current framework of planning as heuristic seard. The mo-
tivation is that a solution graph can be seenas a subset of the graphplan
assaiated to the initial state of a problem. Since SOL-EP learns common
patterns that occur in solution graphs, it seemsnatural to try to usethese

patterns in a framework that is similar to solution graphs.
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Chapter 5

Exp eriments in Al Planning

This chapter preserts experimerts that ewvaluate the CA-ED and SOL-EP ab-
straction techniques. All experimerts were run on a AMD Athlon 2 GHz
madine. The experimens were designedat the standardsof the international
planning competition. Asin IPC-4, the time and memoryresourcesare limited
to 30 minutes and 1 GB of memory for ead problem. All domainsusedas
testbedswere usedin either IPC-3 or IPC-4 or both. For most domains, the
problem setsare the sameasin the competition. The exceptionsare Satellite
and Rovers, where additional problems were generatedon top of the com-
petition problem sets. More details are provided for eat experimert in its
correspnding section.

Section5.1 analyzesand comparesCA-ED and SOL-EP in a commonex-
perimertal framework. Section5.1.1 provides an empirical evaluation of how
CA-ED macroscan a ect the heuristic evaluation of states and the depth of
goal states. Section5.2 focuseson the performanceof the competition system,
which implemerts the preliminary version of SOL-EP descrited in Section
4.3. Section5.3 includesan analysisof the full-scale SOL-EP and a compar-
ison betweenthe preliminary and the full-scale versionsof SOL-EP. Section

5.4 concludesChapters 3, 4 and 5, dedicatedto Al planning researt.

5.1 Evaluating CA-ED vs. SOL-EP

This sectioncomparesclassicalplanning, CA-ED, and SOL-EP. The analysis

is restricted to match CA-ED's constraints: STRIPS domainswith static facts
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are used, and the size of macrosis limited to only 2 actions. Therefore, this
sectionis not a detailed analysisof SOL-EP, which was included mainly for
comparisonreasons.

Four program setupsare comparedin this experimertal evaluation. Setup
1 is the planner FF with no macros. Setup 2 is FF + CA-ED, the method
descrited in Chapter 3. Setup 3 is FF + SOL-EP, the method described in
Chapter 4. The preliminary versionof SOL-EP is usedin this experimert, so
that both CA-ED and SOL-EP limit the sizeof macrosto 2 actions. Setup 4
is a combination of 2 and 3. Sinceboth methods have bene ts and limitations,
it is interesting to analyzehow they perform when applied together. In setup
4, rst CA-ED is applied, obtaining an enhanceddomain. Next this is treated
as a regular domain, and SOL-EP is applied to generatea list of macros
with incomplete de nitions. Finally, the enhancedplanner usesas input the
enhanceddomain, the list of macros,and regular problem instances.

SinceCA-ED can be applied only to STRIPS domainswith static factsin
their formulation, Rovers, Depots and Satellite, which satisfy theseconstrairts,
were usedas testbeds. All three domainswere usedin the third international
planning competition. Satellite wasre-usedin the fourth edition with a larger
problem set.

The setof 22 Depots problemsusedin the third competition cortains both
easyand hard instances,so no problemswere addedfor this experimert. The
Rovers and Satellite problem setsusedin the third competition can easily be
solved by FF. Hence,for the experimerts reported below, they were extended
from 20 to 40 problemsead [13]. The additional instanceswere createdwith
the sameproblem generatoras for the competition. The generator takes as
parametersthe number of objects of eat type, the number of goals,and the
value of the random seed. In addition, the fourth competition included 16
new Satellite problems. Thesewere added, obtaining a nal setof 56 Satellite
problems. Problems1{36 arefrom the fourth competition, and problems37{56
were additionally generated.

Figures5.1{5.5and Table 5.1 summarizethe results. Each gure showsthe

number of expandednodesand the CPU time for onedomain on a logarithmic
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Figure 5.1: Evaluating abstraction techniquesin Rovers. Problems 1{20 are
shown.
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Figure 5.2: Evaluating abstraction techniquesin Rovers. Problems21{40 are
shown.
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Figure 5.3: Evaluating abstraction techniquesin Depots.
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Figure 5.4: Problems11{33 are shown.
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Figure 5.5: Evaluating abstraction techniquesin Satellite. Problems34{56 are
shown.
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scale. The results shov consisteth performanceimprovemert when macros
are used. Interestingly, combining CA-ED and SOL-EP often leadsto better
performancethan ead abstraction method taken separately In Rovers, all
three abstraction setups produce quite similar results, with a slight plus for
the combined setup. In Depots, CA-ED is more e ective than SOL-EP in
terms of expandednodes. The di erencesin CPU time becomesmaller, since
adding new operators to the original domain signi cantly increasesthe cost
per node in Depots (seethe discussionbelow). Again, the overall winner in
this domainis the combined setup. In Satellite, adding macrosto the domain
reducesthe number of expandednodes,but hassigni cant impact on cost per
node (seeTable 5.1) and memory requiremerts. Note that setups2 and 4,
which add macrosto the original domain, fail to solve three problems (32,
33, and 36) becauseof large memory requiremerts in the preprocessingphase.
The classicalsystemfails on two problems(43 and 54), so SOL-EP is the only

systemthat solwesall Satellite problems.

Domain | CA-ED vs. No Macros | SOL-EP vs. No Macros
Min [ Max | Avg Min [ Max | Avg
Depots | 3.27| 8.56 6.06 0.93] 1.14 1.04
Rovers | 0.70| 0.90 0.83 0.85| 1.14 1.00
Satellite | 0.98 | 14.38 7.70 0.92| 1.48 1.11

Table 5.1: Rate of cost per node.

The averagecost per node in seard for a problem p is de ned as

Time(p) .

CPN(p) = Wes{p)’

(5.1)

where N odegp) is the number of expandednodes,and Time(p) is the seart

time. CPN is mostly determined by the relaxed graphplan algorithm that

computesthe heuristic value of states. Note that using a domain-independent

heuristic comeswith a high price in terms of costper node. In Figures5.1{5.5,
a typical value for planning speedis in the range of 1,000nodes per second.
In other Al applications, wheremuch faster heuristicscan be used,algorithms
suth as A* could expand 1,000,000nodesper second.
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The total costof the relaxedgraphplanalgorithm for a state is a combina-
tion of three main factors: (1) the costto build one graphplan level, (2) the
number of levels,and (3) the costto extract a relaxedplan after all levelshave
beenbuilt. Factor 1 dependsupon the number of actions that have beenin-
stantiated during preprocessingor a given problem, which in turn dependson
both the number of operatorsand the number of objects de ned for a problem.
SeeSection3.3.1for details.

Table 5.1 evaluateshow macroscan a ect the cost per node in seard. A
valuein the table is the costper node in the correspnding setup (i.e., CA-ED
or SOL-EP) divided by the cost per node in the setup with no macros. For
eadt of the two methods the minimum, the maximum, and the averagevalue
are shown.

The right part of the table shaws relatively small valuesand variation for
the cost rate in SOL-EP. In cortrast, the cost rate in CA-ED shaws both
small and large values, varying both inside the samedomain (e.g., Satellite)
and acrossdomains(e.g., from Roversto Satellite).

In CA-ED, using macros as new operators often reducesthe number of
levels in the relaxed graphplan of a state s, but newer increasesit. Also,
relaxed plans with macros are usually shorter, so extracting a relaxed plan
after the relaxed graphplan hasbeenbuilt can be faster.

In cortrast, building one graphplan level can be more expensive. Adding
new operators to a domain increasesthe number of preinstartiated actions.
Sincemacrostend to have more variablesthan a regular operator, the corre-
sponding number of instantiations can be large. Let the action instantiation
rate be the number of actions instantiated for a problem when macros are
addedto a domain (CA-ED) divided by the number of actionsinstantiated in
the original domain formulation. Experimerts show that the averageaction
instantiation rate is 6:03 in Satellite, 3:20 in Depots, and 1:04 in Rovers.

The way these e ects of macros conbine determineshow large the cost
rate is. In Satellite and Depots, it can read relatively high values, shaving
that the overheadof factor 1 (building onelevel) is higher than the savings of

factors 2 and 3. This is not surprising, given the relatively high instantiation
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rates of these domains. On the other hand, the cost rate is lessthan 1 in
CA-ED Rovers, shoving that, in this domain, factors 2 and 3 are dominart.

Figure 5.2 shaws a big jump in the CPU time starting with problem 31,
but a smallerincreasen terms of expandednodes. The explanationis that the
costper node is signi cantly higher for the last 10 problemsof this dataset, as
showvn next. Sincethe last 10 problemswere generatedwith a larger number
of objects than the previousones,the number of instantiated actionsis larger.
As explained before, building graphplan levels gets more expensive as more
actions are presen, sothe cost of processinga node is higher.

The experimerts shov no signi cant impact of macro-operators on the
solution quality. When macrosare used,the length of a plan slightly variesin

both directions, with an averagecloseto the value of the classicalsystem.

5.1.1 Eects of CA-ED Macros on Search

As shawvn in Section3.3.1, macrosaddedto a domain as new operators a ect
both the structure of the seart space(the embedding e ect) and the heuris-
tic evaluation of states with relaxed graphplan (the evaluation e ect). This
sectionpresens an empirical analysisof these.

Figure 5.6 shavsresultsfor Depots, Roversand Satellite. For eacy domain,
the chart on the left shows data for the original domain formulation, and the
chart on the right shavs data for the macro-enhanceddomain formulation.
For ead domain formulation, the data points are extracted from solution
plans as follows. Eadch state along a solution plan generatesone data point.
The coordinates of the data point are the state's heuristic evaluation on the
vertical axis, and the number of stepsleft until the goalstate is readhed on the
horizortal axis. Note that the number of stepsto a goal state may be larger
than the distance (i.e., length of shortest path) to a goal state. The reason
why states along solution plans were usedto generatedata is that for sut
states, both the heuristic evaluation, and the number of stepsto a goal state
are available after solving a problem.

The rst conclusionfrom Figure 5.6 is that macrosaddedto a domain

improve the accuracyof heuristic state evaluation of relaxed graphplan. The
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closera data point is to the diagonal,the moreaccuratethe heuristic evaluation
of the correspnding state. In ead of the three domains, the data cloud on
the right, obtained with macro-operators, is clearly closerto the diagonalthan
its correspndart on the left.

As a secondconclusion,the projection of data cloudson the horizontal axis
is shorterin macro-enhancealomains. This is a direct result of the embedding
e ect: sinceead macro courts asonestep, the distancefrom a state to a goal
state becomesshorter. The largestreduction is in Satellite, wherethe length
of the projection (i.e., the number of stepsin the longestsolution) dropsby a
factor of two. A similar situation is obsened in Depots, wherethe projection
reducesby about 40%. For the data points (states) correspnding to the

Roversdomain, a typical reduction is within the range of 10{20%.

5.2 Evaluating the Comp etition System

This sectionevaluatesthe preliminary versionof SOL-EP that wasusedin the
planning competition IPC-4. The sewen domainsthat Macro-FF competedin
aspart of IPC-4, shavn in Section4.3.2,are usedastestbeds.

Planning with macros(Macro-FF) is comparedagainst classicalplanning
(FF). Both planners cortain the implemertation enhancemets reported in
Section4.3.1that dealwith open queuemanagemen state hashing,and pre-
processing.The new 64-bit state hashingis especially e ectivein the PSR and
Promela Dining Philosophersdomains. Figure 5.7 shows a speedupof up to a
factor of 2.5. As a result, 3 more problemswere solved in PSR, cortributing
to Macro-FF's successn this domain.

In Figures5.8{5.10,the number of expandednodesand the total CPU time
are shavn for eat of the seven domainson logarithmic scales.A CPU time
chart shaws no distinction betweena problem solved very quickly (within a
time closeto 0) and a problem that could not be solved. To determine what
the caseis, ched the correspnding node chart, wherethe absenceof a data
point always meansno solution.

Figure 5.8 summarizesthe resultsin Satellite, Promela Optical Telegraph,
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Figure 5.7: Comparison of the two implemenrtations of state hashing in
PSR (left) and Promela Dining Philosophers(right).

and PromelaDining Philosophers.In Satellite and PromelaOptical Telegraph,
macros greatly improve performance over the whole problem set, allowing
Macro-FF to win thesedomain formulations in the competition. In Promela
Optical Telegraphmacrosled to solving 12 additional problems. The savings
in Promela Dining Philosophersare limited, resulting in one more problem
being solwed.

In Satellite and Promela Optical Telegraph,the CPU time grows faster
than the number of expandednodesasprobleminstancesbecomelarger, shav-
ing that state evaluation with relaxed graphplan is more expensiw in large
problems. The explanation is the following: Larger problems typically are
characterizedby more objects and/or longer solutions. As shown in Section
5.1, more objects result in more instantiated actions, which in turn increase
the cost to build one graphplan level. Long solutions suggestan increased
average number of stepsfrom a state s in the seart spaceto a goal state
Sc. Unlessthe heuristic is of very poor quality, this often resultsin a longer
relaxed plan of s, which is more expensiwe to compute.

Figure 5.9 shaws the resultsin the ADL version of Airport. The savings
in terms of expandednodesare signi cant, but they have little e ect on the
total running time. In this domain, the preprocessingcostsdominate the total
running time. The preprocessingalso limits the number of solved problems

to 21. The planner can solve more problems when the STRIPS version of
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Figure 5.8: Comparisonof FF with and without competition macrosin Satel-
lite, Promela Optical Telegraphand Promela Dining Philosophers.
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Figure 5.9: Comparisonof FF with and without competition macrosin Air-
port.

Airp ort is used, but no macroscould be generatedfor this domain version.
STRIPS Airp ort usesseparatedomain de nitions for eat problem instance,
whereagthe learning processrequiresse\eral training problemsfor onedomain
de nition.

Figure 5.10contains the resultsin Pipesworld Non-Temporal No-Tankage,
Pipesworld Non-Temporal Tankage, and PSR. In Pipesworld Non-Temporal
No-Tankage,macrosoften leadto signi cant speed-up. As a result, the system
solvesfour new problems. On the other hand, the systemwith macrosfails in
three previously solved problems. The cortribution of macrosis lesssigni cant
in Pipesworld Non-Temporal Tankage. The system with macros solves two
new problems and fails in one previously solved instance. Out of all sewen
bendimarks, PSR is the domain wheremacroshave the smallestimpact. Both
systemssolve 29 problemsusing similar amourts of resources.In the o cial
run on the competition machine, Macro-FF solved 32 problemsin this domain.

Table 5.2 shows the number of training problems and the training time
in ead domain. The training phaseused 10 problemsfor ead of Airp ort,
Satellite, Pipesworld Non-Temporal No-Tankage,and PSR. The training sets
were reducedto 5 problemsfor Promela Optical Telegraph, 6 problems for
Promela Dining Philosophers,and 5 problemsfor Pipesworld Non-Temporal
Tankage. In Promela Optical Telegraph,the planner with no macrossolves

13 problems, and using most of them for training would leave little room for
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Figure 5.10: Comparison of FF with and without competition macrosin
Pipesvworld No-Tankage Non-Temporal, Pipesworld Tankage Non-Temporal
and PSR.
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Domain Number of | Training time

training problems (seconds)

Airp ort 10 365

Promela Optical Telegraph 5 70

Promela Dining Philosophers 6 10

Satellite 10 8

Pipeswvorld 10 250
Non-Temporal No-Tankage

Pipesworld 5 4,206

Non-Temporal Tankage
PSR 10 1,592

Table 5.2: Summary of training in ead domain.

ewvaluating the learned macros. The situation is similar in Promela Dining
Philosophers;the planner with no macrossolvwes 12 problems. In Pipesworld
Non-Temporal Tankage,the smaller number of training problemsis causedby
both the long training time and the structure of the competition problem set.
The rst 10 problemsuseonly a part of the domain operators, so thesewere
not included into the training set. Out of the remaining problems,the planner

with no macrossolwes11 instances.

5.3 Evaluating SOL-EP

The main goal of this sectionis to evaluate the full-scale version of SOL-EP,
which extendsthe versionusedin the IPC-4 competition. Full-scale SOL-EP
is comparedwith the preliminary SOL-EP and with planning with no macros.

The samesewen domainsasin the previoussectionare used. Detailed per-
formanceanalysisis shavn for PromelaDining Philosophers,PromelaOptical
Telegraph,Satellite, and PSR. Then brief commerns are made on Pipesvorld
Notankage, Pipesworld Tankageand Airp ort.

Figures5.11{5.14show three data curvesead. The curvesare not cumula-

tive: ead data point shavs a value correspnding to one problem in the given

domain. The horizontal axis presenesthe problem ordering asin the compe-
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tition domains. The data labeledwith \Classical" are obtained with FF plus
the implemertation enhancemets, but no macro-operators. \PO Macros"
(partial-order macros) correspnds to a planner that implemerts full-scale
SOL-EP on top of \Classical". \IPC-4" shaws results with the preliminary
SOL-EP.

Figures5.11and 5.12shaow the resultsfor PromelaDining Philosophersand
Optical Telegraph. The new extendedmodel leadsto a massive improvemer.
In Dining Philosophers,ead problem is solved in lessthan 1 second,while
expandinglessthan 200nodes. In both domains,the new systemoutperforms
by far the top performersin the competition for the samedomain versions. If
the new versionof Macro-FF had beenusedin the competition, it would have
takenthe rst placein onemore domain (Dining Philosophers).No di erence
wasobsenedin terms of averagesolution quality between\Classical" and\PO
Macros".

Given a problem p, let CPNpo(p) be the cost per node CPN (p) when
partial-order macrosare used,and CPN¢(p) be CPN (p) in the classicalset-
ting, with no macros. Seeformula 5.1 for the de nition of CPN(p). Let the

cost rate of problem p be

CPNpo(p)
CPNci(p)

CR(p) =
Statistics were collected about the cost rate from problems solved by both
planners. In Optical Telegraph,the cost rate varies between 1:40 and 1:47,
with an averageof 1:43. Sinceproblemsin Dining Philosophersare solved very
easily (e.g.,33 nodesin 0.01seconds)n the \PO Macros" setup, it is hard to
obtain accuratestatistics about the costrate. The reasonis that the reported
CPU time always hasa small amourt of noisepartly causedby truncation to
two decimal places. When the total time is small too, the noisesigni cantly
a ects the statistic's accuracy
Figure 5.13 summarizesthe experimerts in Satellite. In the competition
results for this domain, Macro-FF and YAHSP tied for rst place. The new
model further improves Macro-FF's result, gaining up to about one order of

magnitude speedup comparedto classicalseard. In Satellite, the heuristic
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evaluation of a state becomesmore expensiwe as problemsgrow in size, with
interesting e ects for the systemperformance. The rate of the extra cost per
nodethat macrosinduceis greaterfor small problems,and gradually decreases
for larger problemssince, in large problems, the cost of heuristic evaluation
dominates. The cost rate varies from 0:83 to 2:04 and averagesl:14. The
solution quality slightly variesin both directions, with no signi cant impact
for the systemperformance.

Figure 5.14 shows experimerts in PSR Middle Compiled. Partial-order
macros solve 33 problems, as comparedto 32 problemsin \Classical" (i.e.,
planning with no macros). In Section5.2, 29 problemswere reported solved
by both the classical system and the competition system. The dierence,
which comesfrom a small modi cation in the memory managemet module of
the planner, haslittle relevancefor theseexperimerts.

For this problem set, partial-order macrosoften achieve signi cant savings,
but newer result in more expandednodes. This is mainly due to the goal
macro pruning rule, which turned out to be very selective in PSR. There are
problems where the number of expandednodesis exactly the samein both
setups,suggestingthat no macro was instantiated at run-time. The costrate
averagesl:39, varying between1:01 and 1:87.

Comparedto the previous three testbeds, the performanceimprovemen
in PSR is rather limited. A probable explanation is that the de nition of
macro equivalenceis too relaxed and missesuseful structural information in
PSR. When cheding if two action sequencesire equivalert, the current algo-
rithm considersthe set of operators, their partial ordering, and the variable
binding. The algorithm ignoreswhether conditional e ects are activated cor-
respondingly in the two comparedsequenceanstantiations. Howewer, in PSR,
conditional e ects encale a signi cant part of the local structure of a solution.
There are operators with zero parametersbut rich lists of conditional e ects
(e.g., operator AXIOM). Further exploration of this insight is left as future
work.

In Pipesworld, the generatedmacroshave a very small e ciency rate ER,

and the dynamic Itering dropsall of them, reducingthe seart to the classical
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Figure 5.14: Experimertal resultsin PSR Middle Compiled.
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algorithm. No experimerts wererun in Airport. In the ADL version of this
domain, the classicalalgorithm quickly solvesthe rst 20 problems, leaving
little room for further improvemen. The preprocessingphaseof the remaining
problems is so hard that only one more instance can be solved within 30
minutes.

An important problem is to evaluate in which domains SOL-EP works
well, and in which classesof problemsthis approad is lesse ective. Seeral
factorsa ect the method's performance.The rst factor is the e ciency of the
macro pruning rules, which cortrol the setof macroinstantiations at run-time
and in uence the planner performance. E cien t pruning keepsonly a few
instantiations that are shortcuts to a goal state (one sud instantiation in a
state will do). The performancedrops when more instantiations are selected,
and many of them leadto subtreesthat cortain no goal states. The e ciency
of helpful macro pruning directly dependson the quality of both the relaxed
plan asseiated with a state, and the macro-stiemathat is beinginstantiated.
Sincethe relaxed plan is more informative in Promela and Satellite than in
PSR or Pipesworld, the performanceof SOL-EP is signi cantly better in the
former applications.

As a secondfactor, experiencesuggeststhat SOL-EP performs better in
\structured" domainsrather than in \ at* bendmarks. Intuitiv ely, a domain
is more structured when more local details of the domainin the real world are
presened in the PDDL formulation. In sucd domains, local move sequences
occur over and over again, and SOL-EP can catch theseas potertial macros.
In cortrast, in a\at" domain, sud a local sequencds often replacedwith

onesingleaction by the designerof the PDDL formulation.

5.4 Conclusions

Chapters 3, 4 and 5 have presened contributions to domain-independen
planning. CA-ED and SOL-EP, two abstraction methods that learn macro-
operators basedon automatic domain analysis,were descrited and evaluated

in detail.
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Future work ideasdirectly relatedto CA-ED and SOL-EP were previously
expressedAt a higher level, planning researt should faster expandfrom the
narrow area of pure researt towards solving more classesof real-life prob-
lems. Planning has many applications, from an automated personalagenda
to complexindustrial or researt projects. Any problem that exhibits fre-
guert multiple-choice decisionsgeneratesa seart spaceand can potertially
be modeledwith planning. Henceexcellert opportunities for integrating plan-
ning solutionsinto multi-disciplinary projects exist.

An examplefrom commercialgamesillustrates this. The behavior of game
charactersis often encaled with scripts, which are in fact rigid plans. The
rigidity meansthat in somecircumstancesa script might be usedinnapropri-
ately. As an example,considera character that enters a tavern, stepsto the
courter and says \One drink, please!". This is totally unreasonablaf nobody
is at the courter to answer the request. Scripts could be replacedby a plan-
ning enginethat dynamically generatesplans accordingto the given cortext.
There is no needto spend useful resourceso generatelong and complicated
plans. Even quickly-found short plansthat make senseio userswould make a

big di erence in the quality of a game.
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Chapter 6

Hierarc hical Path-Finding with
Topological Abstraction

The problem of path- nding in commercialcomputer gameshasto be solved
in real time, often under constraints of limited memory and CPU resources.
The industry standardis to use A* [83 or iterative-deegning A*, IDA* [56].
A* is generally faster, but IDA* useslessmemory. There are numerousen-
hancemets to thesealgorithms to make them run faster or explore a smaller
seard tree. For many applications, especially thosewith multiple moving units
(such asin real-time strategy games),thesetime and/or spacerequiremens
are limiting factors.

Hierarchical seart is acknowledgedas an e ectiv e approad to reducethe
computational e ort neededto nd path- nding solutions. Recetly, varia-
tions of hierarchical seart appear to be in usein sewral games. Howewer,
no detailed study of hierarchical path- nding in commercialgameshad been
publishedbefore[12]. Part of the explanationis that gamecompaniesusually
do not make their ideasand sourcecode available.

This chapter describesHierarchical Path-Finding A* (HPA*), anewmethod
for hierarchical seart on grid-basedmaps. HPA* decompmsesa map into a
collection of local clusters. Each cluster has a small set of ertrances. Within
eat cluster, distancesbetween all pairs of ertrances are precomputed and
cahed. Seard is done at an abstract level, where a cluster can be crossed
in one single step. Seeral sud abstractions can hierarchically be applied,

making this approad scalablefor large problem spaces. A cluster at a new
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abstraction level groupsse\eral adjacert clustersat the previouslevel, sothat
a higher level abstractsthe map into fewer clustersof larger size.

After clustering, path planning starts with an abstract seard at the highest
level. An abstract path cangradually bere ned until a completelow-level path
is obtained.

Comparedto low-level A*, problem decommsition hastwo main bene ts.
Finding a solution at a high level of abstraction is usually solved much faster
than the original problem while producing only slightly sub-optimal results.
Second,ncreasedexecution exibilit y is possible,allowing for parts of a prob-
lem to be solved only if and whenit is necessaryThis is usefulin se\eral cir-
cumstances.First, whenmemoryis available, results of popular local seardies
canbe catedfor future reuse. This can be the casewhen many searbieshave
the sameorigin and/or destination, or more generallywhenmany paths share
a commonportion sud asa bridge. Second,for many real-time path- nding
applications, the completepath betweentwo points is not neededbeforehand.
Quickly obtaining the rst few stepsof a valid path often su ces, allowing a
mobile unit to start moving in the right direction. Subsequenpath re nement
can be solved as needed,providing additional moves. If a unit hasto change
its plan, for example becauseof collisions with other mobile units, then no
e ort hasbeenwasted on computing a detailed path to a goal node that was
newer used.

In contrast, A* must completeits seart and generatethe ertire path from
start to destination beforeit can determinethe rst stepsof a correct path.
Using a partial solution that A* canprovide in a limited amourt of time is not
guararteed to work. Sincepartial solutions do not read the target location,
the direction of a partial solution may be wrong.

The hierardhical framework is suitable for both static and dynamically
changingervironmerts. In the latter case,assumehat local topology changes
can occur (e.g., a bomb destroys a bridge). HPA* will recomputethe infor-
mation extracted from the modi ed cluster locally and keepthe rest of the
framework unchanged.

HPA* is simple,easyto implemert, and independen of the map properties.
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No implemertation changesare required to handle variable cost terrains and
varioustopology typessud asforests,open areaswith obstaclesof any shape,
or building interiors.

Section 6.1 presetts this new approad to hierarchical A*. Performance
tests are preserted in Section 6.2, shoving up to 10 times speed-upand 1%
solution degradationas comparedto A*. Section6.3 presens conclusionsand
topics for further researti. Appendix C providesalgorithmic details of HPA*,

including pseudo-cade.

6.1 Hierarc hical Path-Finding A*

HPA* starts with a preprocessingphase,which usesmap abstraction to build
a hierarchical seard spacecalled an abstiact graph Then a path can be
computed with the so-calledon-line search phase. An abstract graph can
be re-usedfor many online seartes,amortizing its computational cost. This
section discussesn more detail how the framework for hierarchical seart is
built (preprocessing)and how it is usedfor path nding (on-line seart). The
initial focus is on building a two-lewel hierarchy. Adding more hierarchical
levelsis discussedat the end of this section. The 40 40 map shown in Figure
6.1 (a) seresasan illustrative example.

A few assumptionsare madewith respect to the grids and the seart algo-
rithms usedby HPA*, asshawvn below. HPA* is by no meanslimited to these
settings, they are usedonly for a simpler and more clear presenation. A grid
usesoctiles, which aretiles that de ne the adjacencyrelationship in 4 straight
and 4 diagonaldirections. The cost of vertical and horizortal transitions is 1.
Diagonal transitions have the costsetto 1:42! Diagonal movesbetweentwo
blocked tiles are not allowed.

All seartesthat HPA* performs(e.g.,during preprocessingabstractseard,
re nement, etc.) are assumedto use A* with the following heuristic. Given

two grid locationsl;(X1;y1) andl>(X2; y2), considerM = max(jxX1  Xzj;jy1  Y2))

_1The path- nding library usedto implement HPA* utilizes this value for approximating
2. A slightly more appropriate approximation would probably be 1:41.
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(a) (b)

Figure 6.1: (a) The 40 40grid g usedas an example. The obstaclesobdg)
are painted in black. S and G are the start and the goal nodes. (b) The bold
lines show the boundariesbetween10 10 clusters.

and m = min(jX; Xzj;jy1  VY2J). The heuristic distancebetweenl,; and |, is
d(ls;l) = 142 m+ (M m):

This is in fact the length of a shortestpath betweenl,; and |, on an octile grid

with no obstacles.

6.1.1 Prepro cessing a Grid

Preprocessingis performedin two steps: (1) apply topological abstraction to
the map and (2) build the abstract graph. Topological abstraction partitions
the spaceinto a set of disjunct rectangularareascalled clusters In this exam-
ple, the 40 40 grid is partitioned into 16 clustersof size1l0 10, as showvn
in Figure 6.1 (b). No domain knowledgeis usedto do this abstraction, other
than the presenceof a map and, perhaps,tuning the sizeof the clusters.

For ead border line betweentwo adjacen clusters,a (possiblyempty) set
of ertrances connectingthe clustersis identied. An entrance is a maximal
obstacle-freesegmen along the common border of two adjacen clusters ¢,
and ¢, formally de ned below. Considerthe two adjacen rows (or columns)

of tiles I; and I,, onein ead cluster, that are separatedby the border edge
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b betweenc, and c,. For atilet 2 I, [ |5, let sym(t) be the symmetrical tile
of t with respect to b. Tiles t and sym(t) are adjacert and newer belongto
the samecluster. An ertrance e is a set of tiles that respects the following

conditions:
1. eis connected.

2. The border limitation condition: e ;[ l,. This condition statesthat
an entrance is de ned along and cannot exceedthe border betweentwo

adjacen clusters.
3. The symmetry condition: 8t 2 I, [ I,:t2 e, sym(t) 2 e
4. An ertrance cortains no obstacletiles: e\ obgg) = ;.
5. Maximality: no supersetof e satis es conditions 1 { 4.

Figure 6.2 shows a zoomed-in picture of the upper-left quarter of the sam-
ple map. The picture showvs details on how entrancesareidenti ed and usedto
build the abstract problem graph. In this example,the two clusterson the left
sideare connectedby two ertrancesof width 3 and of width 6 respectively. For
ead ertrance e, oneor two transitions are de ned, dependingon the ertrance
width. A transition is a pair of symmetricaltiles (t; sym(t)) 2 e ethat allows
communication betweenclusters. Let T, be the set of all tiles that belongto
transitions of e. Only tilest 2 T, are usedfor communication betweenclusters.
If the width of the ertrance is lessthan a prede ned constart (6 in the exam-
ple), then onetransition is de ned at the middle of the entrance. Otherwise,
two transitions are created,one on eat end of the ertrance. De ning sud a
small number of transitions presenesthe completenessand the correctnessof
the algorithm. Howewer, solutions can be suboptimal, sincethere can be an
ertrance e and a node pair (S; G) sud that all optimal paths betweenS and
G must intersecten Te.

Transitions are usedto build the abstract problem graph. Each transition

generategwo nodesin the abstract graph, and an edgethat links them. Since
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Figure 6.2: Abstracting the top-left cornerof g. All abstract nodesand inter-
edgesare shown in light grey. For simplicity, intra-edgesare shaovn only for
the top-right cluster.

sudh an edgerepresetms a transition betweentwo clusters,it is calledan inter-
edge Inter-edgesalways have length 1. For eat pair of nodesinside a cluster,
an edgelinking them, called an intr a-edge is de ned. The length of an intra-
edgeis obtained by searding for an optimal path inside the cluster area. In
this work, optimality is de ned with respect to path length. The length of
a path is the sum of the weights of its steps(edges). In particular, when all
edgeson a path have weight 1, its length is the number of steps.

Figure 6.2 shows all nodes(light grey squares),all inter-edges(light grey
lines), and part of the intra-edges(for the top-right cluster). Figure 6.3 shows
the details of the abstracted internal topology of the cluster in the top-right
corner of Figure 6.2. The data structure cortains a set of nodes as well as
distancesbetweenthem. For example,going from B to D hasa minimal cost
of 10:94, the result of 7 diagonalmovesand onemoveto the right. This method
currently cadesdistancesbetweennodesand discardsthe actual optimal paths
correspnding to thesedistances.If desired,the paths can also be stored, for
the price of more memory usage.

Figure 6.4 (a) shaws the abstract graph for the running example. The
picture includesthe result of inserting the start and goal nodesS and G into
the graph (the dotted lines), which is descriked in the next subsection. The
graph has68 nodes,including S and G, which can changefor eat seart. At

this level of abstraction, there are 16 clusterswith 43 interconnectionsand 88
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Figure 6.4: (a) The abstract problem graph in a hierarchy with onelow level
and one abstract level. (b) Level 2 of the abstract graph in the 3-Lewel hier-
archy.

intraconnections. There are 2 additional edgesthat link S and G to the rest
of the graph. For comparison,the low-level (non-abstracted) graph cortains
1, 463 nodes,onefor eat unblocked tile, and 2; 714 edges.

Oncethe abstract graph hasbeenconstructedand the intra-edgedistances
computed, the grid is ready to usein a hierarchical seard. This information
can be precomputed (before a game ships), stored on disk, and loaded into
memory at run-time. This is su cient for static (non-changing) grids. For
dynamically changinggrids, the precomputeddata hasto be modi ed at run-
time. Whenthe grid topology changege.g., a bridge blows up), only the intra-

and inter-edgesof the a ected local clustersneedto be re-computed.
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6.1.2 On-line Search

HPA* rst seartesfor a path in the abstract graph. The abstract path can
subsequetly be re ned, as well asimproved in quality (e.g., aestheticsand

length) as needed.

Searching for an Abstract Path

Searting for an abstract solution in the hierarchical framework is a three-step
processbhasedon the following strategy: First, discover how to travel from the
start to ead node on the border of its neighborhood. Second,discover how
to travel from ead node on the border of the goal neighborhood to the goal
position. Third, seart for a path from the border of the start neighborhood
to the border of the goal neighborhood. This is done at an abstract level,
whereseard is simpler and faster. A singleaction traversesa relatively large
area.

At step 1, S is temporarily inserted into the abstract graph by adding
edgesto all readhable nodeson the border of the cluster containing S. Local
seardesare run for ead pair (S;n), wheren is a graph node on the border
of S's cluster. Suc a local seard is restricted to the areaof the cluster. An
intra-edgebetweenS and n is addedif alocal path existsbetweenthem. Eac
edgeis weighted by the length of an optimal path betweenthe two nodes. In
Figure 6.4 theseedgesare represeted with dotted lines. The paths can also
be cadhed and reusedin the re nement phase,allowing a mobile unit to start
moving as soon asthe on-line seart nishes. Step 2, which connectsG to its
cluster border, is similar to step 1.

In experimerts, S and G areassumedo changefor eaty newseart. There-
fore, the costof inserting S and G is addedto the total costof nding a solu-
tion. After a path is found, S and G are removed from the graph. Howeer,
in practice this computation can be done more e cien tly. Considera game
wheremany units haveto nd a path to the samegoal. In this case,G canbe
inserted onceand reusedin se\eral searties,amortizing the insertion cost. In

general,a cade can be usedto store connectioninformation for popular start
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and goal nodes.
At step 3, a seard in the abstract graph computesa path betweenS and

G. The last two stepsof the on-line sear are optional:

Path-re nement canbe usedto corvert an abstract path into a sequence
of moveson the original grid. Each abstract edgeis mappedto a shortest
low-level path betweenits two end nodes. Note that global optimality
is not ensured,becauseof the small number of nodes de ned for ead

erntrance.

Path-smoothing canbe usedto improve the quality of the path-re nement

solution.

Path Re nemen t

Path re nement translates an abstract path bad into a low-level path. Eac
intra-edgein the abstract path is replacedby an equivalert sequenceof low-
level moves. If the move sequenceattached to an abstract step has been
caded, then its re nement is simply a table look-up. Otherwise, a small
seart is performedinsidethe correspnding cluster to rediscaver the low-level
move sequence.

There are two factors that keepthe re nement seard simple. First, ab-
stract solutions are guararteed to be correct, provided that the ervironmert
doesnot changeafter nding an abstract path. This meansthat neither bad-
track nor re-planningfor correctingan abstract solution are necessary Second,
path-re nement is a sum of small seartes, one for ead intra-edgeon an ab-
stract path. The total e ort to solwe all subproblemsis often smallerthan the

e ort to solve the original problem.

Path Smoothing

Topological abstraction de nes only oneor two transition points per ertrance.
While e cient, this givesup the optimality of the computed solutions. So-
lutions are optimal in the abstract graph but not necessarilyin the initial

problem graph. Path smoothing improvesthe solution quality (i.e., costand
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Seart Total | Re nement
Tednique | SG | Main | Abstract (optional)

L-0 0] 1,462 1,462 0
L-1 17| 67 84 145
L-2 44 7 51 161

Table 6.1: Number of expandednodesin the running example.

aesthetics). The technique for path smaothing is simple, but producesgood
results. Assumenin,:::n, are the nodes of a path. Path-smaoothing detects
pairs (ni; n;);i < j sud that n; and n; can be connectedby a straight line,
and ninj;1 :::n; is sub-optimal. Then nin;.1 :::n; is replacedby a straight line.
When all pairs (n;;n;);i < j are considered,an upper bound on the com-
plexity of path-smaothing is O(I12), where| is the number of low-level path
nodes. In practice, better performanceis acieved basedon a few simple
ideas. First, no ched is necessarpbetweentwo nodesinside the samecluster,
sinceall interior local paths are optimal. Second,an e ectiv e heuristic is that,
after alocal sequence; :::n; hasbeencorrected,the processcortinuesfrom n;
rather than ni.,. Third, if a path is optimal beforehand,or becomesoptimal
after one or seeral smoothing steps,no further smoothing is necessaryHow-
ewer, a challengeis how to quickly determinewhether a given path is optimal.
A simple but partial solution is to chedk whether the cost of a path is the
sameas the heuristic distance betweenS and G. If so, the path is provento
be optimal, as the heuristic is admissible. Otherwise, no conclusioncan be

drawn on this matter.

6.1.3 Exp erimental Results for the Running Example

The experimertal results for the running exampleare summarizedin the rst

two rows of Table 6.1. SG is the e ort for inserting S and G into the graph.
Main represems searting for an abstract path. Total Abstract is the sum
of the previoustwo columns. This measureghe e ort for nding an abstract
solution. Re nement shavsthe e ort for completepath-re nement. L-0 repre-

serts running A* on the low-level graph (calledlevel 0). L-1 usestwo hierarchy
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levels (level 0 and level 1), and L-2 usesthree hierarchy levels. For now the
focusis only on L-0 and L-1. L-2 will be describedin Section6.1.5.

Low-lewvel (original grid) seard using A* has poor performance. The ex-
ample has been chosento shov a worst-casescenario. Without abstraction,
A* will visit all the unblocked positionsin the map. The seard expandsl; 462
nodes. The only factor that limits the seart is the map size. A larger map
with a similar topology represeis a hard problem for A*.

The performanceis greatly improved by using hierarchical seard. When
inserting S into the abstract graph, it can be linked to only one node on the
border of the starting cluster. Therefore one node (correspnding to S) and
one edgethat links S to the only accessiblenode in the cluster are added.
Finding the edgecost usesa seard that expands8 nodes. Inserting G into
the graph is almostidertical (9 nodesexpanded).

A* is used on the abstract graph to seard for a path between S and
G. Searting at level 1 expandsall the nodes of the abstract graph. The
problem is also a worst-casescenariofor seartiing at level 1. Howewer, the
seard e ort is much smaller: The main seart expands67 nodes. Inserting
S and G expands17 nodes. In total, nding an abstract path requires 84
node expansions. If desired, this abstract path can be re ned, partially or
completely for additional cost. The cost is higher when the path hasto be
re ned completely and no actual paths for intra-edgeswere cated. For eah
intra-edge in the path, a sear&h computesa correspnding low-level action
sequence.In the example,there are 12 such small seardies, which expand a
total of 145nodes.

6.1.4 Adding Levels of Hierarc hy

The hierarchy can be extendedto se\eral levels, transforming the abstract
graph into a multi-level graph. In a multi-level graph, nodesand edgeshave
labels showing their level in the abstraction hierarchy. HPA* performs path-
nding asa combination of small seardesin the graph at various abstraction
levels. Additional levelsin the hierarchy canreducethe seard e ort, especially

for large maps. SeeAppendix C.2.2 for details on e cient searting in a
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multi-level graph. To build a multi-level graph, map abstraction is structured
on seeral levels. The higher the level, the larger the clustersin the map
decompsition. Clustersat level | are calledI-clusters. Each new level is built
on top of the existing structure. Building the 1-clustershasbeenpresened in
Section6.1.1. For | 2, an I-cluster is obtained by grouping togethern n
adjacent (I 1)-clusters,wheren is a parameter.

If two nodesand an inter-edgeat levell 1 make a transition betweentwo
newly createdl-clusters, all three elemens update their level to |. (Nodesat
level | are called I-nodes, and edgesat level | are called |-edges.) Note that
[-nodes and I-inter-edges,| 2, are inherited from the previous level. Not
introducing new nodeswith a new graph level is bene cial for both building
new intra-edgesat level |, and re ning an abstract solution, asdetailed below.

Intra-edgeswith level | (i.e., l-intra-edges)are added for pairs of commu-
nicating I-nodes placed on the border of the samel-cluster. Sinceboth ends
of a new intra-edge were presen at level | 1 too, sud an edgeis quickly
computedwith a seard at levell 1 insidethe current I-cluster. More details
are provided in Appendix C.2.2.

Inserting S into the graph iterativ ely connectsS to the nodeson the bor-
der of the I-cluster that cortains it, with | increasingfrom 1 to the maximal
abstraction level. Searting for a path betweenS and a |-node is restricted to
levell 1andto the areaof the current |-clusterthat cortains S. An identical
processings performedfor G too.

The number of abstract levels can a ect the computation speed, but not
the solution itself. In particular, adding a new level | 2 to the graph does
not diminish the solution quality. The intuition behind this is the following:
All nodesand inter-edgesat level | are obtained from nodesat level | 1. A
new intra-edge added at level | correspnds to an existing shortest path at
levell 1. The weight of the new edgeis setto the cost of the correspnding
path. Searting at level | nds faster the samesolution as searting at level
I 1 (only more abstracted), sincethe added edgesdo not change shortest
distances.

In the example,adding an extra level with n = 2 creates4 large clusters,
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one for eat quarter of the map. Figure 6.2 is an example of a single 2-
cluster. This cluster cortains 2 2 1-clustersof sizel0 10. BesidesS, the
only other level-2 node of this cluster is the one in the bottom-left corner.
Comparedto level 1, the total number of nodesat the secondabstraction level
is reducedeven more. Level 2, where the main seart is performed, has 14
nodes(including S and G). Figure 6.4 (b) showvslevel 2 of the abstract graph.
The edgespictured asdotted lines connectS and G to the graph at level 2.

Abstraction level 2 is a good illustration of how the preprocessingsolves
local constraints and reducesthe seart complexity in the abstract graph. The
2-cluster shown in Figure 6.2 is large enoughto contain the large dead end
\ro om" that existsin the local topology. At level 2, the algorithm avoids any
uselessseard in this \room" and goesdirectly from S to the cluster exit in
the bottom-left corner.

After inserting S and G, the graph canbe seartiedfor a path betweenthese
two nodes. Seard is performed at the highest abstraction level. If desired,
the abstract path canrepeatedly be re ned to the previouslevel until the low-
level solution is obtained. A solution re ned from level | to level k;1 k< |
is identical to the solution computed in a hierarchy with only k levels. As
shown before,re nement from level 1 to the original grid is not guararteed to

produce an optimal solution.

6.1.5 Experimental Results for Example with 3-Level
Hierarc hy

The third row of Table 6.1 shavs numerical data for the running examplewith
a 3-Lewel hierarchy. As shown in Section 6.1.3, connectingS and G to the
border of their 1-clustersexpands17 nodesin total. Similarly, S and G are
connectedto the border of their 2-clusters. Theseseardesat level 1 expand
5 nodesfor S and 22 nodesfor G.

The main seart at level 2 expandsonly 7 nodes. No nodesother than the
onesin the abstract path are expanded. This is an important improvemen,
consideringthat seard in the level 1 graph expandedall nodesin the graph.

In total, nding an abstract solution in the extended hierarchy requires 51
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nodes.

After adding a new abstraction level, the costfor inserting S and G dom-
inates the main seart cost. This illustrates the generalcharacteristic of the
method that the costfor inserting S and G increaseswith the number of levels,
whereasthe main seart becomessimpler. Finding a good trade-o between
theseseartesis important for optimizing performance.

Table 6.1 alsoshows the costsfor a completesolution re nement. Re ning
the solution from level 2 to level 1 expands16 nodesand re ning from level 1

to level 0 expandsl145nodes,for a total of 161 nodes.

6.1.6 Storage Analysis

Besidesthe computational speed,the amourt of storageis another important
performanceindicator for path- nding. This sectionanalyzesthe size of the

problem graph and the sizeof the open list usedby A*.

Graph Storage Requiremen ts

Table 6.2 shows the averagesizeof a problemgraph for a setof mapsextracted
from the Baldur 's Gate game. SeeSection6.2.1for details on this dataset.
The original low-level graph is comparedto the abstract graphsin hierarchies
with one, two, and three abstract levels (not courting level 0). The table
shows the number of nodesN, the number of inter-edgesk;, and the number
of intra-edgesE,. For the multi-level graphs, both the total humbersand the
numbersfor ead level L, i 2 f1;2;3g are presered.

The data shaws that the abstract graph is small comparedto the size of
the original problem graph. Adding a new graph level does not create new
nodes and inter-edges. The only overhead consistsof the new intra-edges.
In the data set, at most 1; 846 intra-edges(when three abstract levels are
de ned) are addedto an initial graph having 4; 469 nodesand 16;420 edges.
Assumingthat a node and an edgeoccupy about the sameamourt of memory,
the overheadis lessthan 10%.

The way that the abstract graph translatesinto bytes s highly dependart
on factors such asimplemertation, compiler optimizations, or sizeof the prob-
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Graph 0| Graph1 Graph 2 Graph 3

L, [Total | Ly| Lp| Total| Ly | L[| Ls]| Total
N 4,469 | 367| 367 | 186|181| 367 |186| 92| 89| 367
E, || 16,420 | 198| 198 | 100, 98| 198 | 100| 50| 48| 198
E, 0| 722 722 |722|662| 1,384 | 722| 622 | 462 | 1,846

Table 6.2: The averagesize of the problem graph in the Baldur 's Gate
test set. N is the number of nodes, E; is the number of inter-edges,and E,
is the number of intra-edges. Graph 0 is the initial low-level graph. Graph
1 represets a graph with one abstract level (L), Graph 2 hastwo abstract
levels(L1;L>,) , and Graph 3 hasthree abstract levels (L 1; Lo; L3).

lem map. For instance,if the map sizeis at most 256 256, then storing the
coordinates of a node takestwo bytes. More memory is necessaryfor larger
maps.

Since abstract nodes and edgesare labeled by their level, the memory
necessanto store an elemen might be larger in the abstract graph than in
the initial graph. This additional requiremern can be as little as 2 bits per
elemen, correspnding to a largest possiblenumber of levelsof 4. Sincemost
compilersround up the bit-size of objects to a multiple of 8, this overhead
might not exist in practice.

The storageuutilization can be optimized by keepingin memory (e.g., the
cade) only those parts of the graph that are necessaryor the current seard.
In the hierarchical framework, only the sub-graphcorrespnding to the level
and the areaof the current seard is required. For example,when the main
abstract seart is performed, the low-level problem graph can be dropped,
greatly reducing the memory requiremerts for this seard.

The worst casescenariofor a cluster is when blocked tiles and free tiles
alternate on the border, and any two border nodescan be connectedto eah
other. Assumethe sizeof the problemmapis m m, the map is decompmsed
into ¢ cclusters,andthe sizeof aclusterisn n. In the worst case,a number
of 4n=2 = 2n nodesper clusteris obtained. Sinceead pair of nodesde nes an
intra-edge,the number of intra-edgesfor a clusteris 2n(2n 1)=2= n(2n 1).

This analysisholds for clustersin the middle of the map. No abstract nodes
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Low level Abstract |
Main | SG | Re nemert |

| Open list size || 51.24| 17.23] 4.50 | 5.48|

Table 6.3: Averagesize of the open list in A*. For hierarchical seard, the
averagesize for the main seard, the SG seart (i.e., seart for inserting S
and G into the abstract graph), and the re nement seart are shown.

are de ned on the map edges,so marginal clusters have a smaller number of
abstract nodes. For the clusterin a map corner, the number of nodesis n and
the number of intra-edgesis n(n  1)=2. For a cluster on a map edge, the
number of nodesis 1:5n and the number of intra-edgesis 1:.5n(1:5n 1)=2.
There are 4 cornerclusters,4c 8 edgeclusters,and (¢ 2)?> middle clusters.
Therefore,the total number of abstract nodesis 2m(c 1). The total number
ofintra-edgessn(c 2)’(2n 1)+2n(n 1)+3n(c 2)(1:5n 1) 2n?c® = 2m?,
having the sameorder asthe number of original nodesand edges.The number

of inter-edgesis m(c  1).
Storage for the A* Open List

Since hierarchical path- nding decompmsesa problem into a sum of small
seardes, the open list in A* usually is smallerin hierarchical seard than in
low-level seart. Table 6.3 illustrates this for seartiesrun on the Baldur 's
Gate testsetdescribed in Section6.2.1. The data shows a three-fold reduc-
tion of the list size betweenthe low-level seartr and the main seart in the

abstracted framework.

6.2 Experimental Results

6.2.1 Exp erimental Setup

Experimerts were performedon a set of 120 maps extracted from BioWare's
gameBaldur 's Gate, varying in sizefrom 50 50to 320 320. For eat
map, 100seartieswererun usingrandomly generatedS and G pairs for which

avalid path betweenthe two locationsexisted. The atomic map decomposition
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usesoctiles. Entranceswith width lessthan 6 have onetransition. For larger
ertrancestwo transitions are generated.

The code was implemerted using the University of Alberta Path- nding
CodelLibrary availableat [25]. This library is usedasareseart tool for quickly
implemerting di erent seart algorithms using di erent grid represemations.
Becauseof its genericnature, there is someoverheadassaiated with usingthe
library. All times reported in this sectionshould be viewed as generousupper

boundson a customimplemertation.

6.2.2 Analysis

Figure 6.5 compareslow-level A* to abstract seard on hierarchies with the
maximal level setto 1, 2, and 3. The top graph shavsthe number of expanded
nodes and the bottom graph shows the time. For hierarchical seart, the
gures display the total e ort, which includesinserting S and G into the graph
(the SG e ort ), searding at the highestlevel (the main e ort ), and re ning

the path (the re nement e ort ). The real e ort can be smaller sincethe SG

e ort can be amortized for many seartes,and path re nement is not always
necessary The graphsshaw that, when completeprocessings performed,the
rst abstraction level is good enoughfor the map sizesusedin this experimert.

For larger maps, the bene ts of more levels could be more signi cant.

Even though the reported times are for a genericimplemertation, it is im-
portant to note that for any solution length the appropriate level of abstraction
was able to provide answersin lessthan 10 millisecondson average. Through
length 400, the averagetime per seard was lessthan 5 millisecondson a 800
MHz madine.

A* isslightly better than HPA* for easyseart problems,whenthe solution
length is very small. The overheadof HPA* (e.g.,the SG cost) in sud cases
is larger than the potertial savings that the algorithm could achieve. A* is
alsobetter when S and G can be connectedthrough a \straight" line on the
grid. In this case,the heuristic provides perfectinformation, and A* expands
no nodesother than thosethat belongto the solution.

The CPU timesreported for A* areunder0.1secondsand henceonecould

108



Number of nodes

Total CPU Time (secs)

Total expanded nodes
12000 . . . :

low-level ———
1-level abstract
8000 | 2-level abstract
3-level abstract =

10000

6000

4000

2000

0

100 200 300 400
Solution Length

CPU Time
0.09 : : : ;

0.08 | low-level ——
0.07 | 1-level abstract |

' 2-level abstract-—-
0.06 | 3-level abstract = i
0.05+ i
0.04 + i
0.03 + i
0.02 + i
001 B P = - R c o - \VD;;';DT}D;‘E
0 kit ix%*ii%**‘*%%g% T

100 200 300 400

Solution Length

Figure 6.5: Low-level A* vs. hierarchical path- nding.
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wonder why bother to improve a result that already looks good. There are
seeral reasonghat motivate this. First o, the performanceof A* is expected
to decreaseas the size of a problem map increases.Second,in a gamewith
mobile units, many path- nding problems(say, onefor ead unit) have to be
solved on a map within a limited time interval. The di erence in performance
betweenA* and HPA* multiplies with the number of problemsbeing solwed.
Third, in agame,many CPU cyclesaretakenby other gamemodules(e.g., the
graphicsengine),and waiting until the Al module getsa shareof 0.1 seconds
of CPU for eat mobile unit could be impractical.

Figure 6.6 shavs how the total e ort for hierarchical seard is composed
of the main e ort, the SG e ort, and the re nement e ort. The charts shav
that more levels are usefulwhen path re nement is not necessarnand S or G
can be usedfor seweral seardes.

Figure 6.7 shaws the solution quality. Solutionsobtained with hierarchical
path- nding are comparedto optimal solutions computed by low-level A*.
The di erence from the minimal costsolution beforeand after path-smoothing
is plotted. The di erence is independeri of the number of hierarchical levels.
The only factor that generatesub-optimality is not consideringall the possible
transitions for an ertrance.

The cluster sizeis a parameterthat can be tuned. The experimerts were
run using 1-clusterswith size10 10. This choiceis supported by the data
preserted in Figure 6.8. This graph shavs how the average number of ex-
pandednodesfor an abstract seart changeswith varying cluster size. While
the main seard reduceswith increasingcluster size,the cost for inserting S
and G increasedaster. The expandednode court readhesa minimum around
cluster size10.

For higher levels, an I-cluster cortains 2 2 (I  1)-clusters. When larger
valuesare used,the costfor inserting S and G increasedaster than the reduc-
tion of the main seart. This tendencyis especially true on relatively small
maps,wheresmallerclustersachieve good performanceand the increasedcosts
for using larger clusters might not be justied. The overheadof inserting S

and G results from having to connectS and G to marny nodesplacedon the
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border of a large cluster. The longer the cluster border, the more nodesto

connectto.

6.3 Conclusions and Future Work

This chapter presered a hierarchical techniquefor e cien t near-optimal path-

nding. This approad is easyto apply and works well for di erent kinds of
map topologies. The method adapts to dynamically changing ervironmerts.
The hierarchy canbe extendedto se\eral abstraction levels, making it scalable
for large problem spaces.As seenin planning, adding somesimple abstraction
allows for signi cant performanceimprovemern. On maps extracted from a
real game,HPA* producesnear-optimal solutions much faster than low-level
A*.

This work can be extendedin seweral directions. Inserting S and G into
the abstract graph canbe optimized. As Figure 6.6 shows, thesecostsincrease
signi cantly with adding a new abstraction layer. One strategy for improving
the performanceis to connectS only to a sparsesubsetof the nodeson the
border, maintaining the completenessf the abstract graph. For instance, if
eat \unconnected" node (i.e., a node on the border to which no connection
from S is attempted) is readable in the abstract graph from a \connected"

node (i.e., a node on the border already connectedto S), then completenesss
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Figure 6.8: The seard e ort for nding an abstract solution.

presened. Another ideais to considerfor connectiononly border nodesthat
are in the direction of G. Howewer, this does not guarartee completeness.If
the seart fails becauseof incompletenessit should be restarted with a larger
subsetof border nodes.

The currently-used clustering method is simple and producesgood results.
Howewer, more sophisticated strategies can be explored. For example, au-
tomatically minimize measuressud as number of abstract clusters, cluster
interactions, and cluster complexity (e.g., the perceriage of internal obsta-
cles).

An interesting topic is to extend HPA* to non-grid maps. Finally, ex-
perimerts can be run on classesof problemscharacterizedby either multiple
agerts, apriori unknown domains, or mobile targets. All these require re-
planning, and the ability of HPA* to save resourcesby postponing unneeded

re nements could be very bene cial.
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Chapter 7

Using Abstraction for Planning
In Sokoban

Heuristic seard has led to impressiwe performancein gamessud as Chess
and Cheders. Howewer, for sometwo-player gameslike Go, or puzzleslike
Sokoban, approadies basedon low-level heuristic sear® are limited. Alter-
native approadesare neededto deal with sud hard domains,where humans
still perform much better than the best existing programs.

The Sokoban domain was descrited in Section2.3. The problem is di -
cult for seeral reasonsncluding deadlacks (positionsfrom which no goal state
can be readed), the large branching factor (can be over 100), long optimal
solutions(can be over 600moves),and an expensiwe lower-bound heuristic esti-
mator which limits seard speed. Solkoban problemsare especially challenging
sincethe domain is PSPACE-complete. Many problemsare conmbinations of
wonderful and subtle ideas,and nding their solution may require substartial
resourceq for humansand especially for computers.

Sokoban is so hard for computersthat a standard algorithm sud as A*
would fail even on problemsthat humanscan easily solve. Humansplan their
moves at a high strategic level, rather than performing exhaustive seart at
the level of atomic actions. Based on this example, abstraction might be
the answer to improve an automated solver. This chapter introducesabstiact
Sokolan, an approad that combines planning and abstraction. Ideas sud
as topological abstraction, hierarchical problem decompmsition, and macro-

moves, which are part of the overall theme of this thesis, are exploredin an
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application-speci ¢ cornext.

Similarly to map decompsition in HPA*, a Soloban mazeis decommsed
into rooms connectedby tunnels resulting in a two-lewel hierarchical repre-
sertation of the problem. At the higher level of the hierardchy, a mazeis seen
as a small graph where nodes are rooms and edgesare tunnels. The solving
strategy is planned at this level, using abstract actions sud as transferring a
stonebetweentwo connectedrooms, and rearrangingthe stonesinside a room
so that the man can crossit. Planning the solving strategy, also called the
glolal problem usesTLPlan [2], a standard planner. Details of abstract ac-
tions are solved at the low level of the hierarchy. Each room is assigneda local
problemthat dealswith issuessud asthe stone con guration of that room,
movesinside the room, and local deadlaks. Soloban-sgeci ¢ functionality is
implemerted on top of Rolling Stone[49].

In Soloban, the solution length can be de ned in two ways: either man
movemerns or stonepushescan be courted. Solutionsin abstract Solobanare
not guararteedto be optimal by either criterion. Giving up optimality allows
for the de nition of equivalencerelationshipsbetweencon gurations of a given
room or tunnel. Elemerts of an equivalenceclassare mergedinto one abstract
local state, reducingthe seart space.If desired,non-optimal solutionscan be
improved in a post-processingphase.

The rest of this chapter is structured as follows: Section 7.1 cortains a
discussionof planning in Sokoban. Section 7.2 provides details about hier-
archical problem abstraction in Sokoban. Section 7.3 preserts experimertal

results, and Section7.4 cortains conclusionsand ideasfor further work.

7.1 Planning in Sokoban

The rst part of this sectionfocuseson how to formulate Soloban as a stan-
dard planning problem. The impact of using domain-speci ¢ knowledgeand
abstraction is discussed. Three domain represemations, eat at a di erent
level of abstraction, are considered. The conclusionof this analysisis that

planning in Sokoban greatly improvesas application-speci ¢ information and
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abstraction are used.
The secondpart explains why a planner sud as TLPlan was chosento

addressthe global problem in abstract Sokoban.

7.1.1 Representing Sokoban as a Planning Problem

Seeral formulations of Sokobanasa planning domain are possible,depending
upon factors sud as the abstraction level and the application-speci ¢ infor-
mation used. A rst, naive approad is to useneither abstraction nor domain-
speci ¢ knowledge. All properties of the domain are translated into a standard
planning languagesud as STRIPS. For instance, a regular low-level move in
Sokobanbecomesan action in the planning domain. Previousplanning experi-
ments basedon sud a naive Solkobanrepresemation shoved poor performance
ewven for very small problems|[51, 66].

Planning in Soloban signi cantly improves when domain-speci ¢ knowl-
edgeand an abstractedproblemformulation areemployed. The main Solkoban-

speci ¢ functions implemerted in this work deal with:

Deadlock: Since deadlacks a ect the seart e ciency, a quick test to
detect local deadlack patterns is used. Deadlacks are detected using
Rolling Stone'sdatabase,which cortains all local deadlack patterns that
canoccurin a5x4areal[49. Although this enhancemenis animportant

gain, the problem of deadlacks is far from being solved.

Heuristic evaluation function: Sincethe heuristic function hasa big im-
pact on the quality of a seart algorithm, a custom heuristic, called

Minmatching, was used. This is alsoreusedfrom Rolling Stone[49].

State equivalencewith respect to the man's position: Supposethat two
states have identical stone con gurations but di erent man positions,
andthat the man canwalk from oneposition to the other. The two states
are equivalert, unlessoptimal solutions that minimize man movemerns

are sough.
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To illustrate how performanceimproves as more abstraction is used, two
domain formulations, ead with a di erent level of abstraction, are introduced
in addition to naive Sokoban. Tunnel Sokobanis a partially abstractedrepre-
sertation, where all tunnels presert in a mazeare treated as atomic ertities.
All possiblecon gurations of a tunnel are reducedto a few abstract statesand
planning actions sud as parking a stone inside a tunnel or pushing a stone
acrossa tunnel are de ned as atomic actions. SeeSection7.2.1for details.

Tunnel Sokoban with the domain-sgeci ¢ functionality presertied above is
di cult for the planner. The systemcould not solve even moderately complex
puzzles. Only one from the standard test suite of 90 problems [48] can be
solved by this approad. Tunnel abstraction reducesthe seart space,but
the reduction is not big enoughto achieve reasonableperformance. Moreover,
although small deadlacks are detected,there are many larger deadlack patterns
that still have to be dealt with. Hencefurther reducingthe seard spaceand
dealing with deadlacks more e cien tly are desired. For this reason,abstact
Sokoban, which abstracts not only tunnels but also the rest of a maze, is

introduced. Abstract Solkoban is descriled in detail in Section7.2.

7.1.2 Using a Standard Planner in Sokoban

To solwe the global problem in the two-lewel hierarchy of abstract Sokoban,
the TLPIlan [2] planner was chosen,primarily sinceit allows usersto plug-in
libraries that cortain customfunctions tailored for the application at hand. In
addition, TLPlan supports utilizing domain-speci ¢ knowledgeencaled with
temporal logic formulas, as mertioned in Section2.1.3. Howeer, the ability
of TLPlan to reasonwith temporal logic was not exploited in this Sokoban
project. TLPlan is a forward chaining planner and implemerts seeral seart
strategiessud asbest- rst seart, depth- rst seart, and breadth- rst seard.
In experimerts, a best- rst seart algorithm with nodesorderedaccordingto
their heuristic (pure heuristic seart) wasused. The heuristic is Minmatching.

Custom code is necessaryin two important parts of the planning model
descriked in this chapter. First, domain-speci ¢ knowledgesud as deadlack
detection, heuristic state evaluation and state equivalencecan e ciently be
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Figure 7.1: Toy Sokoban problem usedas an example.

implemerted. Second,custom functions can be usedto model a hierarchical
planning framework. In principle, hierarchical planning can be modeled in
STRIPS, but this would result in a tremendous performancedecy. When
an abstract action sud as transferring a stone from one room to another is
applied, a Sokoban-sgeci ¢ function is called that veri es that the action is
possiblegiven the current state (i.e., ched the action preconditions), maps
the action to a sequencef low-level moves,and computesthe changeson the
maze(i.e., the action e ects). This medanismsimulateshierarchical planning.
Following standard terminology of hierarchical task networks [32], an abstract
action is similar to a nonprimitive task and the assaiated custom function
implemerts a methal that tells how the task can be decommsedinto a ner

granularity level.

7.2 Abstraction in Sokoban

This section focuseson abstract Sokoban. Section 7.2.1 provides details on
puzzle decomppsition and abstract states of tunnels. Two-lewel hierarchical
problem represemation is discussedin Section7.2.2. The following sections
focus on one hierarchical level ead: Section7.2.3 describes room processing
performed at the local level. Finally, Section7.2.4 preseits the global plan-
ning architecture. The toy problem shown in Figure 7.1 is usedas a running

example.
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Figure 7.2: Various typesof tunnels.

7.2.1 Puzzle Decomp osition

Before decompsition, a simple preprocessingdetects two types of \dead"
squares. This is also performed in Rolling Stone. First, uselessparts of a
mazesud astunnels with one end closedare safely removed from the prob-
lem. Second,stone-dad squareswherethe man can go but stonescannot be
pushedbecauseof deadlack, are marked.

A puzzleis decompsedin two steps. The rst stepisto identify its tunnels.
Any cortiguous sequenceof interior (i.e., unblocked) tiles sud that ead tile
has exactly two interior neighbours is a tunnel. Patterns A and B in Figure
7.2 are examplesof sud tunnels. The white lines that separatean end of a
tunnel from the rest of the mazeare called separationlines. In addition to the
previoustunnel de nition, the patterns C and D are consideredtunnels too.
Tunnel C contains onetile and four separationlines. It is the certral tile of a
3 3 areawhereonly two opposite cornersare blocked. Tunnel D contains no
tiles { only one separationline. It is createdby a3 2 areawhereonly two
opposite cornersare blocked. Thesetwo patterns are useful when rooms are
identi ed, sincethey act asroom separators(seedetails below).

As a secondstep of puzzle decompsition, rooms are detected as areas

separatedby tunnels. All separationlinesand interior tiles that alreadybelong
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Figure 7.3: Abstract statesof a tunnel.

to tunnels are consideredwalls. Rooms are maximal cortiguous collectionsof
interior tiles. The mazein Figure 7.1 decompmsesinto two roomslinked by a
tunnel.

Tunnels are simple objects whose properties can be obtained with little
computational e ort. All stone con gurations of a tunnel can be mapped to
a few abstract stateswhile preservingcompletenessAs an example,consider
the top-left tunnel con guration in Figure 7.3. The left stone can be on any
of the three squaresat the left of the man, without changingabstract state of
the tunnel.

Figure 7.3 shows the graph of abstract statesand transitions for a tunnel.
Eadh transition haspreconditionsthat may dependonthe rest of the maze. For
instance,pushinga stoneout of the tunnel is possibleonly if the con guration
of the destination room allows it. The two states at the top can exist only
in the initial state of a problem. The two states at the bottom are deadlack
con gurations (assumethe man is outsidethe tunnel). The three statesin the
middle ignore the man position. Correctnessis presened by consideringthe
man position in the preconditions of the transitions that initiate from these

states.
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7.2.2 Hierarc hical Problem Representation

Once the mazeis split into rooms and tunnels, the initial problem can be
decompsedinto seeral smaller ones,as shown in Figure 7.4. At the global
level, a mazeis mapped into a graph (R;; T;), wherethe nodesR; represen
roomsand the edgesT; represen tunnels. A global planning problem focuses
on how to transfer all stonesto goal rooms through the graph. In addition,
se\eral local seard problems,onefor eat room, are de ned. The complexity
of a local problem dependson both the sizeand the shape of a room. The
local problem attached to the one-squareroom R2 is much simpler than the
one attached to the largest room R3. While the complexity of the initial
problem increasesexponertially with the size of the maze,the complexity of
the local problems increasesexponertially with the size of the rooms only.
Moreover, the results of local computation can be reusedmany times during

the global-leel seard.

7.2.3 Local Problems

Local problemsprovide information about the preconditions, e ects, and low-
level re nements of global planning actions. In addition, they detect local

deadlacks that can occur inside a room. The following paragraphsprovide
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1. Build local move graph;

2. Mark deadlack con gurations with retrograde analysis;
3. Find strongly connectedcomponerts;

4. Compute properties of eat strongly connectedcomponert.

Figure 7.5: Local processingof a small room.

Figure 7.6: A few equivalert con gurations of a room.

more details on local processing. Smal rooms with no goal squares,large

roomswith no goal squares,and goal rooms are separatelydiscussed.

Small Rooms

For small rooms, with up to 15 non-deadsquares,complete preprocessingis
possible.Figure 7.5 summarizesthe stepsof preprocessingAt step 1, the local
move graph is computed. This includesall con gurations, regardlessof the
number of stones,that can be readed from the initial con guration of the
room.

In this work, a room con guration is called deadlocked if no path exists
to the gal state in the local move graph. In general,a goal state of a room
has one stone on eat goal squareand no stoneson other squares.For rooms
with no goal squares,a con guration is deadlacked if the room cannot be
clearedof stonesfrom that con guration. Otherwise,the con guration is legal
According to this de nition, a legalroom con guration doesnot excludethe
existenceof a larger-scaledeadlack, involving a larger mazearea.

At step 2, local deadlack con gurations are detected in the local move
graph. Positions are labeled as legal or deadlacked using retrograde analysis,
starting from the empty position, which is marked aslegal.

At step 3, a graph of abstract statesand transitions is computed for ead

122



room, as in the caseof tunnels. An abstract state of a room represefs a
collection of equivalent con gurations. Two or more con gurations are equiv-
alent if they can be obtained from one anotherin sud a way that neither the
man nor any stoneleavesthe room. Merging se\eral equivalert con gurations
into oneabstract state greatly reducesthe state spaceof a local problem. The
abstract states of a room are computed as strongly connectedcomponerts of
the local move graph. In this computation, graph edgesthat involve interac-
tions with the rest of the maze(i.e., the man or a stoneleaving the room) are
ignored. Figure 7.6 illustrates how one abstract state of the left room in the
toy problem represems seeral equivalert con gurations. This abstract state
contains 45 equivalert con gurations, but only three are shavn in the picture.

At step 4, for eat abstract state, predicatesusedto ched action precon-
ditions are also computed (e.g., \can push one more stone inside the room
through ertrance X"). When the value of such a predicate is true, se\ral
ways to accomplishthe correspnding action can exist, eadh with a di erent
resulting abstract state. Howewer, in the prototype implemertation usedin
experimerts, only one sud state is stored and usedto update the problem
state after performing an action. This speedsup seart for the price of los-
ing completeness.How to best balancethis trade-o is an important open

problem, whosemore thorough study is left asfuture work.

Large Rooms

Local computation for large roomsis performed dynamically, as the planner
requestsnew information, and consistsof two main typesof searties. Action
sarch computesthe preconditions,e ects, and re nements of planning actions
that involve alargeroom (e.g., transfer a stonefrom a largeroomto a tunnel).
Deadlock search detectsdeadlacks that can occurin a room.

Action seard implemerts a breadth- rst strategy and includesthe follow-
ing enhancemets. When the goal is to take out a stone, pull macros, which
eliminate a stonewithout touching any other stone,areaddedasregularmoves.
A local transposition table, which is re-initialized for ead local seard, tells

whether a given state has already beenvisited. During an action seard, no
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stonesleave or enter the room, except perhapsfor a goal state of that seard.
Hence,only con gurations with the samenumber of stonesasthe initial state
have to be hashed.When the number of suc con gurations allows, a perfect
hashinguniquely mapsead con guration to onebit in the table. Otherwise,
a classicalhashtable is used. At the global level, transposition tables store
the results of precondition seardies,sothat they canbe reusedby the planner
during the global seard.

A deadlack seart tries to take out all stonesof a room con guration. As
in action seart, a local transposition table and pull macrosare usedas en-
hancemers. When a pull macrocanbe applied, all the other movesgenerated
from that position are safelyignored.

Two tables, L with legal con gurations and D with minimal deadlack

patterns, are usedfor prunning. A deadlack pattern d is minimal if
8s d:sislegat

Relation c; C, exists betweentwo room con gurations c¢; and ¢, if the
rst can be obtained from the latter by ignoring one or more stones. At the
beginning, D is empty and L cortains the con guration of the room in the
initial problem state.

Assumea room con guration c is encourtered in a deadlack seard. If
9d2D:d c;

then c is deadlaked and no further expansionof this state is necessary If

desired,minimal deadlack patternsd ¢ are detectedand addedto D. If
92L:c I

then c is legaland hencethe root state is legal. Legal con gurations ¢ sothat
812L)::(c |I) areaddedto L.

Goal Rooms

For a goal room with only one stone-traversableertrance (i.e., an ertrance
through which a stone can be pushedin and out), a reducedset of macro-

actions that Il the goal squaresis precomputed. Each time a new stoneis
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pushedinto the room, it is automatically placedon its designatedposition.
A similar approad is implemerted in Rolling Stone too. For a small goal
room with multiple stone-traversableernrances, a complete preprocessingis
performed, asin the caseof small regular rooms. Many puzzlesin the stan-
dard testset [48] have more generalgoal roomsthan the onesdescribed above.
Coping with more typesof goal roomswould be a major stepin the e ort of

scalingthe application to more complexpuzzles.

7.2.4 Global Problem

The global problem is formulated as a planning problem. In the examplein
Figure 7.1, the objects are declaredas follows:

(room 1000)

(room 1001)

(linear _tunnel O0).
Room 1000is the leftmost one,and room 1001is the goalroom in the right.

The global state spaceS is a cross-praluct of the local state spacesof all
roomsand tunnels:

S=5 S oS

As this equation suggests,the local spacereduction achieved with abstract
statesfor tunnels and small roomsresultsin a global spacesimpli cation. In
the example,global statesare triples that descrile the local statesof the two
roomsand the tunnel. The initial state is

(= (state 1000) 27)

(= (state 1001) 33)

(empty_tunnel 0).

The number that describesthe state of aroom (i.e., 27 and 33in the example)
is anindexinto an array of abstract states. At that index, a completedescrip-
tion of the state can be found, including the resulting abstract state of the
room after an action has beenapplied. The linear tunnel in this problem can
have only two legal abstract states: it either is empty or has a stone parked

inside.
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To expressthe goal state, one condition, which statesthe nal state of the
goalroom, is enough: sinceall stoneshave to be on goal squaresi,it is obvious
that the left room and the tunnel should be empty after the puzzle hasbeen
solved. The goal state is

(= (state 1001) 37).

Four typesof actions are de ned in this model:

Man-walk takesas argumeris oneroom and two ertrances. This action
is only consideredwhenthe man canread the rst entrance but cannot
read the other one. The result is to re-arrangethe stonesso that the
man can crossthe room from oneertrance to another. This action is also
de ned for the casewhenthe man is already inside a room and needsto

leave via a particular entrance.

Room-to-room transfersa stonefrom oneroom to anothervia a speci ed

tunnel that links the two rooms.

Room-to-tunnel takesa stone from a room and parks it in an adjacen

tunnel.

Tunnel-to-room takesa stonefrom a tunnel and pushesit to an adjacer

room.

Roomsand tunnelsinvolvedin a stonemovemen changetheir abstract states
after the correspnding action is completed. To be able to move one stone
from oneroom to another, stonesin both roomsmay have to be re-arranged.
The exactway to do this is computedat the local level.

In the example,the abstract solution is a sequenceof 4 macro operators.
In this case,eat macro transfers one stone from room 10000onto a free goal
squarein the goalroom 1001,via the linear tunnel O:

room-to-room 1000 O 1001

room-to-room 1000 O 1001

room-to-room 1000 O 1001
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room-to-room 1000 O 1001
Eadh abstract action has a correspnding sequenceof atomic moves. For in-
stance,the rst abstract move consistsof 12 stone pushes.

Comparedto plain and tunnel Sokoban, the abstract represetation shows
greater promise for addressingthe game as a planning problem. As will be
showvn in Section 7.3, someproblemsthat cannot be solved by the rst two
approades are easily handled in the abstract one. The improvemen is ex-
plained by the hierarchical formulation, seart spacereduction, and deadlack
detection.

A well-known property of hierarchical task networks [72] is that higher
abstraction levelsguide the planning at lower levels. A similar e ect is presen
in abstract Soloban: low-level seartes have precisegoalssud as moving a
stonefrom a room to another, or changingthe local con guration sothat the
man can crossthe room.

In abstract Sokoban the global seart spaceis much smallerthan in plain
and tunnel Sokoban. Both branching factor and distanceto a goal state are
greatly reducedas a result of abstraction. Planning in abstract Sokoban is
alsosimpler becausethere are fewer deadlacks to deal with. Deadlacks inside
a room are detected by the local analysis. Still, large deadlacks that involve

interactions betweenseweral rooms and tunnels remain undetected.

7.3 Experimental Results

This sectiondescribes experimerts designedto empirically evaluate planning
and abstractionin Sokoban. First, abstract Sokobanis comparedto the state-
of-the-art application-speci ¢ solver Rolling Stone. Second,to evaluate how
planning in Sokoban improvesas more abstraction is used, abstract Sokoban
is comparedagainst tunnel Sokoban. Experimerts were run on 10 problems
from the standard test suite [48]. These problems, shavn in Appendix D,
are the onesthat can be solved by the abstract Sokoban systemusedin the
experimerts.

As in the caseof abstract Sokoban, Rolling Stone also usestwo types of

127



seard and, to perform a measuremety a one-to-onecorrespndenceis con-
sideredbetweenthe seart spacesn the two approades. At the global level,
Rolling Stone performsthe so-calledtop-level seard, whosepurposeisto nd
a goal state. This is comparedwith the global planning in abstract Sokoban.
There is also the pattern seard in Rolling Stone, whosemain goal is to de-
termine deadlack patterns and nd better bounds for the heuristic function
[50]. Pattern seart in Rolling Stoneis comparedwith local preprocessingin
abstract Soloban, asthey both are meansto simplify the main seard.

Figure 7.7 illustrates how abstraction reduceshe depth of the global seart
in both abstract Sokoban and Rolling Stone. SP represeis the number of
stone pushesin the solutions found by Rolling Stone. In this experimen,
SP estimatesthe depth of a seard tree when no abstraction is used. RS is
the length of the solutions found by Rolling Stone when tunnel macrosand
goal macroscourt as one step ead. AS is the number of planning actions
in solutions found in abstract Sokoban. AS is much smallerthan SP, asone
planning action in abstract Sokobancorrespndsto seeral regularmoves. The
graph suggestghat the global seard spacein abstract Sokobanis smallerthan
the main seard spaceusedin Rolling Stone. This is an important result, as
it promisesan exponertial reduction in the seard space.

When using tunnel Sokoban, TLPlan can seldomsolve a problem entirely.
In the 10-problemsubset,only the simplest problem, which has 6 stones,can
be solved. For this reason,comparisonagainst tunnel Sokoban is made on
subproblemsof Sokoban puzzles. A subproblemis obtained by removing from
the initial con guration somestonesaswell asan equalnumber of goalsquares.
Figure 7.8 shaws results for solving subproblemsof Problem #6. The number
of expandednodesin the main seard is plotted on a logarithmic scale. Tunnel
Sokobanis only able to solve subproblemswith 7 or lessstones. Comparedto
Rolling Stone,abstract Sokoban achievesa reduction that remainsstable over
the whole set of subproblemsof Problem #6.

Table 7.1 presens a more detailed comparisonbetweenabstract Sokoban
and tunnel Sokoban. Subproblemx(y) is obtainedfrom problemx by keepingy

stonesin the maze. The subproblemdisted arethe largestthat tunnel Sokoban
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Figure 7.7: Depth of the main seard in abstract Sokoban (AS) and Rolling
Stone (RS). SP is the number of stone pushes.
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Figure 7.8: Nodesexpandedin the main seart for abstract Sokoban (AS),
tunnel Soloban (TS), and Rolling Stone (RS) for subproblemsof Problem
#6.
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Abstract Sokoban Tunnel Sokoban
Subproblem| PIN | PPN | Time PIN | Time
1(6) 71 1,044| 1.57| 10,589 126.24
2(6) 24| 61,113| 0.93| 80,740 9,490.21
3(7) 8 482 | 0.12| 77,919 12,248.66
4(6) 9| 41,065/ 0.80| 27,514| 3,061.94
5(6) 7 404| 0.20| 53,141 11,733.83
6(7) 19| 54,317 1.06| 71,579 8,189.77
7(8) 13| 26,011 0.75 132 0.88
9(6) 13 245| 0.25| 35,799| 4,883.55
17(5) 1,047| 306,224| 29.63| 14,189 391.42
80(6) 10| 395,583| 3.02| 14,266 949.98

Table 7.1: Abstract Sokoban vs. tunnel Soloban.

Abstract Soloban Rolling Stone
Problem|| PIN| PPN | Time | TLN [ PSN| Time
1 71 1,044 157 50| 1,042| 0.14
2 635| 62,037| 16.10 80| 7,530/ 0.63
3 12| 19,948 2.04 87| 12,902| 0.23
4 128 | 69,511| 3.20 187| 50,369, 3.27
5 36| 297,334| 23.14| 202| 43,294| 1.72
6 36| 54,414 1.37 84 5,118| 0.31
7 54| 35,813 1.57| 1,392| 28,460 1.37
9 35| 7,607 1.01 | 1,884| 436,801 22.17
17 8,091 444,073| 166.98| 2,038| 29,116/ 2.23
80 47| 877,914 4.56 165| 26,943| 2.25

Table 7.2: Abstract Sokobanvs. Rolling Stone.
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heuristic function hasto be computedin a local seard.

can solve. PIN is the number of nodes expandedin the global seart, and
PPN arenodesin local room preprocessing.No local processings performed
in tunnel Soloban. The time is measuredin seconds.The data demonstrates
a huge di erence in terms of e ciency betweenthe two approades. Even if

the valuesof PPN seemto be relatively large, preprocessingis fast, sinceno

Table7.2shavsa comparisonbetweenabstract Sokobanand Rolling Stone.
For Rolling Stone, TLN is the number of nodes expandedin the top-level

seart and PSN is the number of expandednodesin the pattern seard. For




many problems, the number of planning nodes PIN is smaller than TLN ,

which supports the claim that the global sear® spacein abstract Soloban is

smallerthan the one consideredby Rolling Stone. In corntrast, when compar-
ing PSN and PPN, abstract Solkoban shaws larger local seardes, with the

notable exceptionof problem #9. This is an e ect of complete preprocessing
of small rooms, even though only a small part of it will be required at the

global planning level. Problem #9 shows that on-demandlocal computation

can be very fast. This suggeststhat a better approad could be to compute
local information on demand,asneededoy the planner, for all (i.e., both small

and large) roomswith no goal squares.

Rolling Stoneis faster, with the exceptionsof problems#4 and #9. Note
that abstract Soloban solvesproblem #9 20 times faster than Rolling Stone,
for the reasonsexplainedin the previousparagraph. The overheadof abstract
Solkoban is determined by the local processingas well as the utilization of a
generalpurposeplanner. TLPlan usesa genericpropositional represemation
of states, while the Sokoban-sgeci ¢ library represeis statesin a way that
encales knowledge about the domain. At ead node in the main seart), a
cornversionis madebetweenthe two represetations, increasingthe processing
time per node. This is an inherert costthat hasto be paid for usinga generic
planning engine. On the other hand, abstract Sokoban hasthe advantage that
other plannersthat acceptcustomizedcode can be usedto solwe the global
planning problem, whereasRolling Stoneis a special-purposesystem.

Abstract Soloban can solve 10 problems from the standard set, while
Rolling Stone solves57. The di erence is explained by the researtr and de-
velopmern e ort investedin ead system. Rolling Stoneis a nely tuned ap-
plication, deweloped in about two and a half years. Abstract Sokoban solved
10 problemsafter a developmen of about 6 months. In his thesis, Junghanns
shows how the number of problemssolved by Rolling Stone ewlved as more
e ort wasspen onresearti and dewvelopmern [49]. The data indicatesthat, af-
ter oneyear of e ort, 12 problemswere solved, with a jump from one problem
to 12 problemswithin a two-morth period at the half of the one-year interval.

When Rolling Stone is restricted to a version basedon a similar amourt of
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e ort asfor abstract Soloban, the two systemsshav similar performancein
terms of number of problemssolved.

To summarizethe experimerts, the resultsclearly show that abstract Sokoban
is much more e cien t than other planning represemations of the game. No
previousknown planning attempts in Sokoban led to solving problemswithin
the complexity range of the standard test suite [48. In addition, abstract
Sokoban is competitive with Rolling Stone on the 10-problemsubset. How-
ewver, parts of the abstracted architecture needimprovemen to scaleup its

performance.A few ideasare discussedn the next section.

7.4 Conclusions and Future Work

This chapter presened an approad that appliesplanning and abstraction to
Solkoban. Abstract Sokobanis introducedas a hierarchical formulation of the
domain obtained by decompmsing a mazeinto rooms and tunnels. A global
problem, solved with a standard plannersud asTLPlan, providesa high-level
solving strategy wherestonesaretransferredbetweenroomsand tunnels. Each
room constitutes a local problem that solvesthe local constrairts of abstract
planning actions.

Many directions can be explored for future work. Many problemsin the
standard testset were not attempted becausetheir goal rooms could not be
processedvith the current system. Better decomyosition of a mazeinto rooms
and tunnels is a challenging task that is expectedto have great impact on
the overall system performance. Treating se\eral inter-connectedrooms and
tunnels as a single room can be bene cial, since all their interactions are
removed from the global level. While the current decompsition processis
quite rigid, it canbe enhancedwith a strategy aiming to optimize parameters
sud asthe number of roomsand tunnels, and the interactions betweenrooms
and tunnels. As pointed out previously, better study of the completeness
is desirable. Finally, the global spacecan be further simpli ed by detecting

deadlacks acrossseweral rooms and tunnels.
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Chapter 8

Conclusions

Planning and heuristic sear® are fundamertal areasof arti cial intelligence
reasearb, with a great number of potential real-life applications. Despite re-
cert progressn thesereseart areas,many problemsof generalinterestremain
too computationally challengingfor the capabilities of current technology.

The topic of this thesishasbeenimproving planning and seart with auto-
matic abstraction. Three frameworks, ead with adi erent level of application-
speci ¢ knowledge,sened as testbedsfor this researt.

The rst framework, domain-indegendert Al planning, is the topic of
Chapters 3{5. A planner takes as input a domain and a problem expressed
in a standard input language. Since one planner addressesnarny domains,
including previously unseenones,no additional application-speci ¢ knowledge
can be provided by hand. This thesisintroduced techniquesthat automat-
ically learn new information about a domain and useit for faster planning
in future problems. Empirical evaluation shons an improvemen of orders
of magnitude, as comparedthe state-of-the-art planner FF [42], in domains
where speci ¢ knowledge can automatically be inferred. Participation in the
international planning competition IPC-4 resultedin taking rst placein 3 out
of 7 attempted domains.

The secondframework, path- nding on grid maps,is the topic of Chapter
6. Partial application-speci ¢ knowledgeis assumed,since application do-
mainsin this classconain a topological structure that can be exploited by a

solver. In principle, one program can tackle multiple applications with topo-
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logical structure. Hierarchical Path-Finding A*, the main cortribution to this
domain, is shavn to be up to 10times fasterin exdangefor a 1% degradation
in path quality, ascomparedto A*.

Chapter 7 hasintroducedan approad that appliesplanning and abstrac-
tion to Sokoban. No limitation is imposedon the amourt of domanin-sgeci ¢
knowledgethat can be used. A topological abstraction strategy decompses
a map into rooms connectedby tunnels. This allows for the decompsition
of a hard initial problem into seeral simpler sub-problems. A prototype im-
plemertation of abstract Sokoban is shavn to be competitive with the state-
of-the-art specialized solver Rolling Stone, on problemsthat the abstracted
planning systemcan tackle.

Future work ideaswere preserted in previous chapters. In Al planning,
ideasfor new theoretical cortributions are cortained in Sections3.4 and 4.4.
A claim is madein Section5.4 that planning researt should faster expand
from the narrow areaof pure researt towards solving more classef real-life
problems. Section6.3 suggestddeasfor improving the performanceof HPA*.
Similar ideascan be applied to related applications sud asrobot navigation,
transportation, etc. Finally, Section7.4 points out directions for future work

in abstract Sokoban.

134



Bibliograph y

[1] F. Bacdus. AIPS'00 Planning Competition. Al Magazine 22(3):47{56,
2001.

[2] F. Bacdwus and F. Kabanza. Using Temporal Logicsto ExpressSearh
Control Knowledgefor Planning. Arti cial Intelligenc, 16:123{191,2000.

[3] F. Bacdhusand Q. Yang. Downward Re nemernt and the E ciency of Hi-

erarchical Problem Solving. Arti cial Intelligenc, 71(1):43{100,Novem-
ber 1994.

[4] A. Blum and M. Furst. Fast Planning Through Planning Graph Analysis.
Arti cial Intelligence, (90):281{300,1997.

[5] B. Bonet and H. Ge ner. Planning asHeuristic Seart. Arti cial Intelli-
gene, 129(1{2):5{33, 2001.

[6] A. Botea. Macro-FF Website. http://www.cs.ualberta.ca/~adib/
macroff/ .

[7] A. Botea. Using Abstraction for Heuristic Seardh and Planning. In
S.Koenigand R. Holte, editors, 5th International Sympmsium on Abstrac-
tion, Reformulation, and Approximation, volume 2371 of Lecture Notes
in Arti cial Intelligence, pages326{327.Springer, August 2002.

[8] A. Botea. ReducingPlanning Complexity with Topological Abstraction.
In ICAPS-03 Doctoral Consortium, pagesl1{15, Trento, Italy, June 2003.

[9] A. Botea, M. Enzerberger, M. Meuller, and J. Schae er. Macro-FF. In
Booklet of the Fourth International Planning Competition IPC-4, pages
15{17, June 2004.

[10] A. Botea, M. Muller, and J. Schae er. Using Abstraction for Planning
in Soloban. In J. Schae er, M. Muller, and Y. Bjornsson,editors, 3rd
International Conferene on Computersand Games(CG'2002), volume
28830f Lecture Notesin Arti cial Intelligence, pages360{375,Edmorton,
Canada, July 2002.Springer.

[11] A. Botea, M. Muller, and J. Sthae er. Extending PDDL for Hierarchi-
cal Planning and Topological Abstraction. In ICAPS-03 Workshop on
PDDL, pages25{32, Trento, Italy, June 2003.

[12] A. Botea, M. Mulller, and J. Schae er. Near Optimal Hierarchical Path-
Finding. Journal of Game Development 1(1):7{28, 2004.

135



[13] A. Botea, M. Muller, and J. Schae er. Using Componert Abstraction
for Automatic Generationof Macro-Actions. In Fourteenth International
Conferene on Automated Planning and Sche&luling ICAPS-04, pagesl81{
190, Whistler, Canada,June 2004.AAAIl Press.

[14] A. Botea, M. Muller, and J. Schae er. Learning Partial-Order Macros
From Solutions. In Fifteenth International Conferene on Automated
Planning and Scheluling ICAPS-05, pages231{240,Monterey, CA, USA,
June 2005.

[15] A. Botea, M. Enzerberger M. Muller, and J. Sthae er. Macro-FF: Im-
proving Al Planning with Automatically LearnedMacro-Operators. Jour-
nal of Arti cial Intelligene Resarch, 24:581{621,2005.

[16] T. Bylander. The Computational Complexity of Propositional STRIPS
Planning. Arti cial Intelligence, 69(1{2):165{204,1994.

[17] D. Z. Chen, R. J. Szczerba,and J. J. Urhan Jr. Planning Conditional
ShortestPaths Through an Unknown Environment: A Framed-Quadtree
Approach. In Proceedings of the 1995 IEEE/RSJ International Confer-
ence on Intelligent Rolots and SystemHuman Interaction and Coopera-
tion, volume 3, pages33{38, 1995.

[18] A. Colesand A. Smith. Marvin: Macro Actions from ReducedVersions
of the Instance. In Booklet of the Fourth International Planning Compe-
tition, pages24{26, June 2004.

[19] J. Culberson. SOKOBAN is PSPACE-complete. Tednical Report
TR97-02, Departmert of Computing Science, University of Alberta,
Edmonton, Alberta, Canada, 1997. ftp://ftp.cs.ualberta.ca/pub/
TechReports/1997/TR97-02.

[20] J. Culbersonand J. Schae er. E cien tly Searting the 15-puzzle.Ted-
nical Report TR94-08, Department of Computing Science,University of
Alberta, Edmonton, Alberta, Canada,1994.

[21] J. Culbersonand J. Schae er. Pattern Databases.Computational Intel-
ligence, 14(4):318{334,1998.

[22] S. Edelkamp. Website of the Fourth International Planning Competition
IPC-4. http://Is5-  www.cs.uni- dortmund.de/~edelkamp/ipc- 4/.

[23] S. Edelkamp. Planning with Pattern Databases.In Proceedings of Euro-
pean Conference on Planning ECP-01, pagesl13{34, Toledo, Spain, 2001.

[24] S. Edelkamp. Symbolic Pattern Databases. In Proceedings of Interna-
tional Conferene on Al Planning and Scheluling AIPS-02, pages274{
293, Toulouse,France, 2002.

[25] M. Enzerberger. Path Finding in Computer GamesWebsite. http://
www.cs.ualberta.ca/~games/pathfind/

[26] K. Erol, J. Hendler, and Dana S. Nau. HTN Planning: Complexity and
Expressivity. In AAAI-94 , volume 2, pages1123{1128,Seattle, Washing-
ton, USA, 1994.AAAl Press/MIT Press.

136



[27] A. Felner,U. Zahavi, J. Schae er, and R. Holte. Dual Lookupsin Pattern
Databases. In International Joint Conferenee on Arti cial Intelligence
(IJCAI) , pages103{108,Edinburgh, Scotland, July - August 2005.

[28] R. E. Fikesand N. Nilsson. STRIPS: A New Approach to the Application

of TheoremProving to Problem Solving. Arti cial Intelligena, 5(2):189{
208,1971.

[29] M. Fox and D. Long. The detection and exploitation of symmetry in
planning problems. In Proceadings of IJCAI'99 , pages956{961,1999.

[30] M. Fox and D. Long. Extending the Exploitation of Symmetriesin Plan-
ning. In Proceedings of AIPS'02, pages83{91, 2002.

[31] M. Fox and D. Long. PDDL2.1: An Extension of PDDL for Expressing
Temporal Planning Domains. Journal of Arti cial Intelligene Resarch,
20:61{124,2003.

[32] M. Ghallab, D. Nau, and P. Traverso. Automated Planning Theory and
Practice. Elsevier,2004.

[33] P. Hart, N. Nilsson, and B. Raphael. A Formal Basis for the Heuristic
Determination of Minimum Cost Paths. EEE Trans. on SystemsScien@
and Cykernetics, 4(2):100{107,1968.

[34] M. Helmert. A Planning Heuristic Based on Causal Graph Analy-
sis. In Fourteenth International Conferene on Automated Planning and
Scheluling ICAPS-04, pages161{170,Whistler, Canada, June 2004.

[35] M. Helmert and S. Richter. Fast Downward - Making Use of Causal
Dependenciesin the Problem Represetation. In Booklet of the Fourth
International Planning Comgetition IPC-4, pages41{43, June 2004.

[36] B. Helmstetterand T. Cazenae. Searding with Analysisof Dependencies
in a Solitaire Card Game. In J. van den Herik, H. lida, and E. Heinz,
editors, Advanesin ComputerGamesl10, pages343{360,November 2003.

[37] I. Hernadvelgyi. Searding for Macro-operators with Automatically Gen-
erated Heuristics. In Fourteenth Canadian Conferena on Arti cial Intel-
ligenee, pages194{203,2001.

[38] J. Ho mann. Local seart topology in planning bendymarks: An em-
pirical analysis. In IJCAI-01, pages453{458, Seattle, Washington, USA,
2001.

[39] J. Ho mann. Local seart topology in planning bendimarks: A theoreti-
cal analysis. In M. Ghallab, J. Hertzberg, and P. Traverso,editors, Sixth
International Conferene on Arti cial Intelligene Planning and Schelul-
ing AIPS-02, pages379{387, Toulouse,France, 2002.

[40] J. Ho mann and S. Edelkamp. The ClassicalPart of IPC-4: An Overview.
Journal of Arti cial Intelligenee Resarch, 24:519{579,2005.

[41] J. Ho mann, S. Edelkamp, R. Englert, F. Liporace, S. Thiebaux, and
S. Trug. Towards Realistic Bencdhmarks for Planning: the Domains Used
in the ClassicalPart of IPC-4. In Booklet of the Fourth International
Planning Competition, pages7{14, June 2004.

137



[42] J. HO mann and B. Nebel. The FF Planning System: Fast Plan Genera-
tion Through Heuristic Seart. Journal of Arti cial Intelligene Resarch,
14:253{302,2001.

[43] R. Holte, C. Drummond, M. Perez, R. Zimmer, and A. MacDonald.
Seartiing With Abstractions: A Unifying Framework and New High-
PerformanceAlgorithm. In Proceedings of the Canadian Arti cial Intel-
ligene Conferene, pages263{270,1994.

[44] R. Holte, T. Mkadmi, R. Zimmer, and A. MacDonald. Speedingup Prob-
lem Solving by Abstraction: A Graph Oriented Approach. Articial In-
telligence, 85:321{361,1996.

[45] R. Holte, J. Newton, A. Felner, R. Meshulam, and D. Furcy. Multiple
Pattern Databases.In Fourteenth International Conference on Automated
Planning and Scheluling ICAPS-04, pages122{131, Whistler, Canada,
June 2004.AAAIl Press.

[46] R. Holte, M. Perez, R. Zimmer, and A. MacDonald. Hierarchical A*:
Seartiing Abstraction Hierarchies E cien tly. In AAAI-96, pages530{
535,1996.

[47] GlennA. Iba. A Heuristic Approach to the Discovery of Macro-Operators.
Machine Learning, 3(4):285{317,1989.

[48] A. Junghanns.SokobanWebsite. http://www.cs.ualberta.ca/~games/
Sokoban!/.

[49] A. Junghanns. Pushingthe Limits: New Developmentsin Single-Agent
Sarch. PhD thesis, University of Alberta, 1999.

[50] A. Junghannsand J. Scae er. Single-Agen Seard in the Presenceof
Deadlack. In AAAI-98, pages419{424,Madison, WI, USA, July 1998.

[51] A. Junghannsand J. Schae er. Domain-Dependent Single-Agen Seart
Enhancemets. In IJCAI-99, pages570{575, Stockholm, Sweden,August
1999.

[52] A. Junghannsand J. Scae er. Sokoban: Enhancing Single-Agen Seart
Using Domain Knowledge.Arti cial Intelligence, 129(1{2):219{251,2001.

[53] S. Kambhampati. Machine Learning Methads for Planning, chapter Sup-
porting Flexible Plan Reuse,pages397{434. Morgan Kaufmann, 1993.

[54] H. Kautz and B. Selman. Planning as Satis ability. In ECAI, pages
359{363,1992.

[55] Craig A. Knoblock. Automatically GeneratingAbstractions for Planning.
Arti cial Intelligene, 68(2):243{302,1994.

[56] R. Korf. Depth-rst Iterative Deepening: An Optimal Admissible Tree
Seard. Articial Intelligene, 97:97{109,1985.

[57] R. Korf. Macro-Operators: A Weak Method for Learning. Arti cial
Intelligenae, 26(1):35{77,1985.

138



[58] R. Korf. Linear-SpaceBest-First Seard. Arti cial Intelligenc, 62(1):41{
78,1993.

[59] R. Korf. Finding Optimal Solutions to Rubik's Cube Using Pattern
Databases. In Proceedings of the 14th National Conferene on Arti -
cial Intelligene and 9th Innovative Applications of Arti cial Intelligene
Conferene (AAAI-97/1AAI-97) , pages700{705,1997.

[60] J. Kvarnstrom and P. Doherty. TALplanner: Temporal Logic BasedFor-
ward Chaining Planner. Annals of Mathematics and Arti cial Intelli-
gene, 30:119{169,2001.

[61] D. Long and M. Fox. The 3rd International Planning Competition: Re-
sults and Analysis. Journal of Arti cial Intelligene Resarch, 20:1{59,
2003. Special Issueon the 3rd International Planning Competition.

[62] S. Markovitch. Applications of Macro Learningto Path Planning. Ted-
nical report CIS9907,Tednion, 1999.

[63] T. A. Marsland. A Review of Game-Tree Pruning. International Com-
puter ChessAssaiation Journal, 9(1):3{19, 1986.

[64] T. L. McCluskey and J. M. Porteous. Engineeringand Compiling Plan-
ning Domain Modelsto Promote Validity and E ciency . Arti cial Intel-
ligence, 95:1{65,1997.

[65] D. McDermott. PDDL, the Planning Domain De nition Language.Ted-
nical report, Yale Certer for Computational Vision and Control, 1998.
ftp://ftp.cs.yale.edu/pub/mcdermott/software/pddl.tar.gz

[66] D. McDermott. Using Regression-Math Graphs to Control Seard in
Planning. Arti cial Intelligence, 109(1{2):111{159,1999.

[67] D. McDermott. The 1998AIl Planning SystemsCompetition. Al Maga-
zine, 21(2):35{55,2000.

[68] S. Minton. Selectiwely GeneralizingPlansfor Problem-Solving.In 1JCAI-
85, pagesb96{599,1985.

[69] S. Minton. Learning Sear®n Control Knowledge: An Explanation-Based
Approadh. Hingham, MA, 1988.Kluwer AcademicPublishers.

[70] R. Mooney Generalizingthe Order of Operators in Macro-Operators.
In Fifth International Conferenee on Machine Learning ICML-88, pages
270{283,June 1988.

[71] A. Moore, L. Baird, and L. Kaelbling. Multi-Value-Functions: E cien t
Automatic Action Hierarchiesfor Multiple Goal MDPs. In Proceadings of
the International Joint Conference on Arti cial Intelligene (IJCAI '99),
pagesl316{1323,Stockholm, Sweden,1999.

[72] D. Nau, T. Au, O. llghami, U. Kuter, J. Murdock, D. Wu, and F. Yaman.
SHOP2: An HTN Planning System. Journal of Articial Intelligene
Resarch, 20:379{404,2003.

139



[73] X. Nguyen and S. Kambhampati. Reviving Partial Order Planning. In
B. Nebel, editor, IJCAI-01, pages459{466, Seattle, Washington, USA,
2001.

[74] J. Pearl. Heuristics: Intelligent Search Strategiesfor Computer Problem
Solving Addison-Wesley 1984.

[75] I. Pohl. Heuristic Seart Viewed as Path Finding in a Graph. Arti cial
Intelligene, (1):193{204,1970.

[76] D. Precup, R. Sutton, and S. Singh. Planning with Closed-lmp Macro
Actions. In Working notesof the 1997 AAAI Fall Symmsium on Model-
directed AutonomousSystems pages70{76, 1997.

[77] S. Rabin. A* Aesthetic Optimizations. In Mark Deloura, editor, Game
Programming Gems pages264{271.CharlesRiver Media, 2000.

[78] S. Rabin. A* Speed Optimizations. In Mark Deloura, editor, Game
Programming Gems pages272{287.CharlesRiver Media, 2000.

[79] B. Reeseand B. Stout. Finding a Path nder. http://citeseer.nj.nec.
com/reese99finding.html

[80] E. Sacerdoti. The Nonlinear Nature of Plans. In Proceedings IJCAI-75,
pages206{214,1975.

[81] H. Samet. An Overview of Quadtrees,Octrees,and Related Hierarchical
Data Structures. NATO ASI Series,Vol. F40, 1988.

[82] S. Shekhar, A. Fetterer, and B. Goyal. Materialization Trade-O s in
Hierarchical Shortest Path Algorithms. In Sympsium on Large Spatial
Datalases pages94{111, 1997.

[83] B. Stout. Smart Moves: Intelligent Path nding. Game Develogr Maga-
zine, October/November 1996.

[84] A. Tate. GeneratingProject Networks. In Proceedingsof IJCAI-77 , pages
888{893,1977.

[85] P. Tozour. Building a Near-Optimal Navigation Mesh. In Stewe Rabin,
editor, Al Game Programming Wisdom, pages171{185. Charles River
Media, 2002.

[86] M. Velosoand J. Carbonell. Machine Learning Methads for Planning,
chapter Toward ScalingUp Machine Learning: A CaseStudy with Deriva-
tional Analogy, pages233{272. Morgan Kaufmann, 1993.

[87] V. Vidal. A LookaheadStrategy for Heuristic Seart Planning. In Four-
teenth International Conferene on Automatel Planning and Scheluling
ICAPS-04, pages150{159, Whistler, Canada, June 2004.

[88] V. Vidal. The YAHSP Planning System: Forward Heuristic Seard& with
LookaheadPlan Analysis. In Booklet of the Fourth International Planning
Comgpetition IPC-4, pages56{58, June 2004.

[89] D. Wilkins and M. desJardins.A Call for Knowledge-BasedPlanning. Al
Magazine 22(1):99{115,2001.

140



[90] A. Yahja, A. Stentz, S. Singh, and B. Brummit. Framed-QuadtreePath
Planning for Mobile Robots Operating in SparseEnvironmernts. In Pro-
ceedings, IEEE Conferene on Rolotics and Automation, (ICRA) , pages
650{655,Leuven, Belgium, May 1998.

[91] P. Yap. Grid-BasedPath-Finding. In R. Cohenand B. Spencer,editors,

Proceadings of the 15th Conferene of the Canadian Scciety for Compu-
tational Studiesof Intelligence, pages44{55, Calgary, Canada,May 2002.

141



App endix A
Algorithmic  Details of CA-ED

This appendix augumers Section3 with the following details: The pseuda@ode
of static graph construction is provided in SectionA.1. SectionA.2 descrikes
how static facts are determined in domains with hierarchical types. Section
A.3 shows pseudaode for the componert abstraction method, in addition to
the high-level description provided in Section3.1.2.

A.1 Pseudocode of Static Graph Construction

Pseudaode for building the static graph of a planning problem is shown in
Figure A.1. In the main method buildStaticGraph(), the rst stepis to identify
static domain predicates. A predicateis static if no operator includesit among
its e ects. For simplicity, the STRIPS domain formulation is assumedso that
ead operator o has a list of add e ects Add(o) and a list of delete e ects
Del(0). Unary facts and facts with two variablesof the sametype are ignored
asdiscussedn Section3.1.1.

The next step of the main method labels with \static" all facts in the
initial problem state sy that are instantiations of static predicates. Finally, a
static graph is generatedbasedon the problem static facts. Each argumert
of a static fact becomesa node in the graph. Arguments of ead static fact
are linked pairwise by graph edges.Ead edgeis labeledwith the nameof the
correspnding fact.

For simplicity, method identifyStaticPredicates() is calledead time a static

graph is built. Howewer, an actual implemertation can be optimized. The
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void buildStaticGraph(Graph &g) f
identifyStaticPredicates(&stP reds);
identifyStaticF acts(stP r eds;& stF acts);
for (ead static fact f 2 stF acts) f

/I add nodesto the graph
for (ead constart c2 Args(f)) f
if (c 2 Nodes(g)
addNode(c; &Nodes(9);
g
/I add edgesto the graph
for (eadh ¢;;¢c, 2 Args(f);c1 6 ) f
addEdge¢;; c;; Nameg(f ); &Edges(q));
g
g

g
void identifyStaticPredicates(Preds&stPreds) f

stPreds= ;;
for (each domain predicatep) f
static = true ;
if (Arit y(p) == 1_ Symmetric(p))
contin ue;
for (eadh domain operator o) f
if(p2 Add(o) [ Del(0))) f

static = false;
break ;
g
g
if (static)
stPreds= stPreds[ fpg;
g
void identifyStaticF acts(PredsstP reds Facts &stF acts) f
stFacts= ;;

for (eadh factf 2 sp) f
if (Pred(f) 2 stPreds
stFacts = stFacts[ ffg;

Figure A.1: Static graph construction in pseudo-cde.
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results of this method depend only on the current domain, not on the current
problem instance. Therefore,it is enoughto call it onceand reuseits results

for seweral instancesin a domain.

A.2 Static Facts in Domains with Hierarc hical
Types

In a domain with hierarchical types, instancesof the samepredicate can be
both static and uent. Considerthe Depots domain, a combination of Logistics
and Blocksworld. This domain usessud a type hierarchy. Type loca t able
hasfour atomic sub-types: pallet , hoist , tr uck , and cra te . Type pla ce
has two atomic sub-types: depot and distributor . Predicate (at ?I -
loca table ?p - pla ce), which indicatesthat object ?| islocatedat place?p,
correspndsto eight specializedpredicatesat the atomic type level. Predicate
(at ?p - pallet ?d - depot) is static, sincethere is no operator that adds,
deletes,or movesa pallet. Howewer, predicate (at ?c - crate ?d - depot)
is uent. For instance,the lift operator deletesa fact of this type.

To addressthe issueof hierarchical types, a domain formulation is used
whereall typesare expressedat the lowest level in the hierarchy. Each predi-
cate is expandedinto a set of low-levelpredicates whoseargumerts have low-
level types. Similarly, low-leveloperators have variable typesfrom the lowest
hierardhy level. Componert abstraction and macro generationare doneat the
lowest level. After building the macros,the type hierarchy of the domain is
restored. When possible,a set of two or more macro operatorsthat have low-

level typesis replacedwith one equivalert operator with hierardhical types.

A.3 Pseudocode of Comp onent Abstraction

Figure A.2 shaws pseudo-cde for componert abstraction, which identi es
small clustersin a problem static graph g given as a parameter. Types(Q)
contains all typesof the constart symbols usedas nodesin g. Given a type

t, Preds(t) is the set of all static predicatesthat have a parameter of type

144



componertAbstraction(Graph g) f
for (eath t 2 Typeqg) chosenin random order) f
resetAllStructurey);
Open t;
for (eath ¢ 2 Nodegqg) with typet)
AC  createCommnert(c);
while (Opené ;) f
tp  Open
Closed tj;
for (eath p2 Predqt;) nTried)
Tried p;
if : (predConnectsCompnerts(p;AC)) f
extendComponerts(p; AC);
for (eadh t, 2 Typeqp))
if (t; 2 Open[ Closed

Open ty;
g
g
if (evaluateDecompmsition() = OK)
return AC;
g
return ;;

g

Figure A.2: Componert abstraction in pseudo-cde.

t. Given a static predicate p, Types(p) includesthe typesof its parameters.
Facts(p) are all facts instantiated from p.

Ead iteration of the main loop tries to build componerts starting from a
seedtypet 2 Types(g). The setsOpen, Closed Tried, and AC are initialized
to ;. Ead graph node of type t becomeshe seedof an abstract componert
(method createCompmnent). The componerts are greedily extendedby adding
new facts and constarts, sud that no constart is part of any two distinct
componerts. The method predConnetsCommnentyp; AC) veri es if any fact
f 2 Facts(p) mergestwo distinct abstract componerts in AC. If so, no fact
from Facts(p) will be usedfor componert extension.

Method extendCompnentgp; AC) extendsthe existing componenrs using

all static factsf 2 Facts(p). For simplicity, assumethat a fact f is binary and
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has constarts ¢; and ¢, asargumens. In the most generalcase,four possible
relationships can exist betweenthe abstract componerts and elemerts f, ¢,

and c;:

1. Both ¢; and ¢, already belongto the sameabstract componen ac.
9(ac2 AC) : c; 2 Nodegac) ™ ¢, 2 Nodeqac):
In this case,f is addedto ac asa new edge.

2. Constart c; is already part of an abstract componert ac (i.e., ¢; 2
Nodegac)) and ¢, is not assignedto a componert yet. Now ac is ex-

tended with ¢, asa newnode and f asa new edgebetweenc; and c,.

3. If neither ¢; nor ¢, are part of a previously built componert, a new

componert corntaining f, ¢; and ¢, is createdand addedto AC.

4. Constarts ¢; and ¢, belongto two distinct abstract componerts:
9(aq;ac) : ¢ 2 Nodeqac,) M ¢, 2 Nodeqac,) * ac, 6 ac:

While possiblein general,this last alternative never occursat the point
where method extendCompnents is called. This is ensuredby the pre-

vious test with method predConnetsCommnents.

The resultis evaluated at the end of ead iteration. If a good decompsition
is found starting from t, the procedurereturns with success.Otherwise, the
processrestarts from another seedtype.

Considerthe casewhen a static graph hastwo disconnected(i.e., with no
edgebetweenthem) subgraphssg, and sg sud that Types(sg)\ Types(sg) =
;. In sud a case the algorithm shown in Figure A.2 nds abstract componerts
only in the subgraphthat cortains the seedtype. To perform clustering on

the whole graph, the algorithm hasto be run on ead subgraphseparately
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App endix B

Domains used in Planning
EXxp erimen ts

This appendix summarizeghe planning domainsusedin experimerts in Chap-
ter 5. Rovers, Depots and Satellite were usedin the third international plan-
ning competition IPC-3 [6]]. Satellite, Promela, Airp ort, PSR and Pipesworld
were bendhimarks in the fourth competition IPC-4 [40, 41].

B.1 Rovers

In the Rovers domain, rovers can be equipped with photo camerasand stores
where rocks and soil can be collected and analyzed. Rovers have to gather
pictures and data about rock and soil samples,and report them to their base.
Waypoints and connectionsbetweenthem de ne a map on which rovers nav-
igate between locations of interest. Sud locations include waypoints that
contain rock and/or soil samples,waypoints that photo objectivesare visible

from, and waypoints that allow communication with the base.

B.2 Depots

In Depots, crates have to be transported by truck betweenlocations of two
types: depots and distributors. A truck can move betweenany two locations
in one step and transport any number of cratesat a time. Each location has
oneor more pallets, where cratescan be stadked, and one or more hoists that

can transfer a crate from a truck to the top of a stadk and badk. A hoist can
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hold at most onecrate at a time. To transfer a crate from a truck to a stadk

or bad, the stad, the hoist and the truck have to be at the samelocation.

B.3 Satellite

In the Satellite domain, satellites have instruments that can take pictures in
di erent modes. When a satellite is equipped with seeral instruments, only
one instrument can be powered on at a time. A satellite together with an
instrument on board can take an image of an objective in a given mode when
the satellite is oriented into the direction of the objective, and the instrument

is calibrated, powered on, and supports that picture mode.

B.4 Promela

Promelais the input languageof a model cheder called SPIN [40]. A model
de ned in Promela is a set of processeqi.e., automata) that communicate
through messagea&jueues.A Promelaplanning problemis a PDDL represeta-
tion of a Promela model. Promela Dining Philosophersand Promela Optical
Telegraph, the two domains usedin IPC-4 and in this thesis researt, are

PDDL adaptations of two original Promela models.

B.5 Airp ort

The goalof an Airp ort problemis to schedulethe incomingand outgoingtra c
on an airport. The topology of an airport is modeledasa set of segmelts and
an adjacencyrelationship betweensegmets. A segmeh canhostoneplaneat
atime. If the enginesof a plane are running, one or seeral segmets behind
the plane cannot be occupiedby another plane.

The available actionsin this domain are to move an airplane betweentwo
adjacent segmets, to start or stop the enginesof a plane, to push a plane

bad from its parking position, and to take o .
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B.6 Power Supply Restoration

Power Supply Restoration (PSR) models a power distribution network where
electric lines are connectedby switchesthat can be openedor closed. One or
seeral power sourcesprovide the network with electricity. When an electric
line becomesfaulty, its power sourceis disconnectedfrom the network and
all lines supplied by this sourcelose power. The goal of a PSR problem is
to restore the power supply on all non-faulty lines by changing the status of

network switches.

B.7 Pip esworld

In Pipesworld, batchesof di erent typesof oil products have to be transported
through a network of pipesand resenoirs. A pipe cortains a constart number
of batches. Inside a pipe, two batchescan be adjacert only if their typesare
compatible with ead other. When a batch is pushedin at one end of a pipe,
all batchesinsidethe pipe are shifted and the batch at the other endis pushed
out.

Se\eral versionsof Pipesworld were introducedin IPC-4. See[4(Q] for de-
tails. This thesiswork contained experimerts with two versionsof this domain:
Pipesvorld NotankageNontemporal and Pipesworld TankageNontemporal. In
the rst version, resenoirs have unlimited capacity, whereastankage restric-

tions exist in the latter version.
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App endix C
Algorithmic  Details of HP A*

This appendix provideslow-level details about HPA*, including the main func-
tions in pseudo-cde. The code canbefoundat [25. First preprocessingwhich
abstractsa grid map into a multi-level graph is presened. Then details about
on-line seart, which performs hierarchical seard in a multi-level graph are
provided.

C.1 Prepro cessing

Figure C.1 summarizeghe preprocessing.The main method is preprocessing),
which abstractsa map, builds a graph with one abstract level and, if desired,

addsmore levelsto the graph.

C.1.1 Abstracting the Maze and Building the Abstract
Graph

In the initial stage,abstraction consistsof building the 1-clusters(i.e., clusters
at level 1) and the entrances between clusters. Later, when more levels are
addedto the hierarchy, the mazeis further abstracted by computing clusters
of higher levels. In method abstactMazg), C[1] is the set of 1-clusters,and
E is the setof all ertrancesde ned for the map.

Method buildGraph() createsthe abstract graph of the problem. First
it createsthe nodes and the inter-edges, and next builds the intra-edges.
Method newNale(e;c) createsa node cortained in cluster ¢ and placed at

the middle of entrance e. For simplicity, assumethere is one transition per
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void preprocessing(in maxLevel) f
abstractMaze();
buildGraph();
for (1= 2;1 maxLevel;l++)
addLewelToGraph(l);
g

void abstractMaze(void) f
E=1;
C[1] = buildClusters(1);
for (eath ¢p;¢, 2 C[1]) f
if (adjacert(cy;cy))
E = E [ buildEntranceqc:; Cy);
g
g

void addintraEdges(int I) f
for (each c2 CJI])
for (each ny;n2 2 N[c];ny 6 ny) f
d = seartForDistance(ni; ny; C);
if (d< 1)
addEdgdni;ny;l;d;INTRA)

void buildGraph(v oid) f

for (eache2 E) f
c1 = getClusterl(e;1);
C, = getCluster2(e;l);
n; = newNode(e;c,);
n, = newNode(e;cy);
addNode(ng; 1);
addNode(ny; 1);
addEdgdgny;ny; 1; 1, INTER);

g

addintraEdgey1);

g

void addLevelToGraph(int I) f
C[I] = buildClusters(l);
for (each c1;c, 2 C[l)) f
if (adjacert(c;;cp)) f
for (eacth
e 2 getEntrancegcy; cy)) f
setLewel(getNodel(e); 1);
setLewel(getNodeZe); I);
setLewel(getEdge(e); );
g

g

g
addintraEdged(l);

g

Figure C.1: The preprocessingphasein pseudo-cde. This phasebuilds the
multi-level graph, exceptfor S and G.
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entrance, regardlessof the entrance width. Methods getClusterl(e;l) and
getCluster2e;l) return the two adjacert I-clusters connectedby ertrance e.
Method addNale(n; ) addsnode n to the graph and setsthe node level to |I.
Method addEdgéni; n;;l; w;t) adds an edgebetweennodesn; and n,. Pa-
rameter w is the weight, | is the level, andt 2 fINTER ;INTRA g the type of
the edge.

Method searchForDistance() seartesfor a path betweentwo nodes and

returns the path cost. This seard is optimized as showvn in SectionC.2.2.

C.1.2 Creating Additional Graph Levels

The hierarchical levelsof the multi-level abstract graph are built incremenally.
Level 1 hasbeenbuilt at the previousphase. Assumingthat the highestcurrent
levelis | 1, level | is built by the method addLevelToGraph(l). Groups of
clustersat levell 1 form a clusterat level | in method buildClusterql), | > 1.

CJl] is the set of |-clusters.

C.2 On-line Search

C.2.1 Finding an Abstract Solution

Figure C.2 summarizesthe stepsof the on-line seartr. The main method is
hierarchicalSearch(S; G; maxLevel), which performsthe on-line seart. First
S and G are inserted into the abstract graph, using method insertNode(n; I).
Method connectToBorder(n; c) adds edgesbetween node n and the nodes
placed on the border of cluster c that are reachable from n. Method de-
termineCluster(n; ) returns the |-cluster that contains node n.

Method serchForPath(S; G; maxLevel) performs a seard at the highest
abstraction level to nd an abstract path from S to G. If desired,the path is
re ned to a low-level represetation by method re nePath (absPath). Finally,

method smathPath(lIPath) improvesthe quality of the low-level solution.
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void connectToBorder(node s, cluster ¢) f path hierarchicalSeart(node s; g, int I) f

| = getLewel(c); insertNode(s;1);
for (each n 2 N[c]) insertNode(g; 1);
if (getLevel(n) I)f absPath = seardForPath(s;g;l);
d = searhForDistance(s; n; c); [IPath = re neP ath(absPath; I);
if (d< 1) smP ath = smoothPath(lIP ath);
addEdgdgs;n; d;1; INTRA); remove(s);
g remove(g);
g return smP ath;

void insertNode(node s, int maxLevel) f g
for (I=1;1 maxLevel;l++) f
¢ = determineCluster(s;1);
connectToBorder(s;c);

g
setLewel(s; maxLevel);

g

Figure C.2: On-line processingin pseudo-cde.

C.2.2 Searching in a Multi-Lev el Graph

In a multi-level graph, seart can be performedat various abstraction levels.
Searting at level | reducesthe seard e ort by exploring only a small subset
of the nodes. The higher the level, the smaller the part of the graph that
can potertially be explored. When searting at a certain level |, only nodes
having level 1, intra-edgeshaving level |, and inter-edgeshaving level |
are considered.

The seard spaceis further reducedby ignoring the nodesoutside a given
cluster. This appliesto situations sud as connectingS or G to the border of
their clusters,connectingtwo nodesplacedon the border of the samecluster,

or re ning an abstract path.
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App endix D

Sokoban Test Suite

Problem #1 Problem #2
Problem #4 Problem #5
Problem #7 Problem #9
Problem #80
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Problem #17



