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ConferenceandWorkshopPublications

I ICAPS2008Poster; Learning Macros That Are Not Captured by Given
ExamplePlans

I IPC2008Learning Track; Wizard: CompiledMacro-Actions for
Planner-DomainPairs

I ICAPS2007Plenary; Learning Macro-Actions for Arbitrary Plannersand
Domains;nominated for the best paper award

I ICAPS2007Doctoral Consortium; Wizard: SuggestingMacro-Actions
Comprehensively

I ICAPS2007AIPL Workshop; Evolving Macro-Actions for Planning

I EPIA2007GAI Workshop; Combinationsof Domain Enhancing
Macro-Actions in Planning

I UKPLANSIG2006; Learning Macro-Actions Geneticallyfrom Plans

I UKPLANSIG2005; GeneticallyEvolvedMacro-Actions in AI Planning
Problems
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InternationalPlanningCompetition 2008Learning Track

Among13 participant systems(learner + planner)

Metric Wizard+Metric-FF Wizard+SGPlan
Plan-Time 4th 3rd
Plan-Length 3rd 4th
Solvability 3rd 4th
Overall Improvement 2nd 3rd

Commentson the ranking

I w.r.t. #domains won in plan-time, plan-length,solvability, Wizard
plus co-participants perform no worsethan the 2nd position holder.

I No statistically signi�cant di�erence with the 2nd position holder.
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Research Contributions

ExistingMethods: plannerswith limited learning

I Generatemacroson trigger conditionsor property discoveries
I Acquiremacrosthat are observablefrom a givensource
I Suggesta few (e.g. 2) individually top performing macros

Wizard: a learner that acquiresmacroscomprehensively

I Castsmacro-learning assearch on macroand macro-setspaces
I Shows potential of non-observableand incoherentmacros
I Works readilywith arbitrarily givenplannersand domains
I Suggestsmacro-setsbasedon their aggregateperformance
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InterestingQuestions

I During macroacquisition,we do not know exactlywhy a
macro/set is usefulto the domain-plannerpair. Is the
macro/set essentiallycapturing the domain/planner
characteristics?

I Non-observablecoherentmacrosshouldcaptureplansof
subproblemsthat are discarded during backtracking?Is this
really happening? It would be indicativefor learning macros
to improveoptimal planning.

I Incoherentcatalytic macrosmostly work for plannersthat use
relaxedplans. Do incoherentmacrosexist for other planners
with di�erent architectures?for other research problems?

I Macro-setsexhibit better aggregateperformance.How exactly
do the macrosin a macro-setinteract with eachother?
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Future Work

SensibleDimensions(seemso)

I Identifying situationswherea particular macro is useful.
I Macro-actionsfor fully generalisedtemporal planning.
I Macro-actionsfor improving plan-metric,plan-length,etc.
I Macrosthat improvea number of plannerson a domain.
I Macroshavingessentialprogrammingconstructslike loops.

CrazyDimensions(as yet)

I Usingmacrosto specify obligationsrather than choices.
I Inter-domainmacrosby usingdomainextensionmechanisms.
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Summary

Best paper nomination at ICAPS 2007
2nd/3rd/4th position in IPC 2008 Learning Track

WIZARD
ObservableMacros

Non-observableMacrosExampleProblems

Arbitrary Domain

Arbitrary Planner

Macros

Macro-Sets

Complexmacro-actionsfor optimal planning and temporal planning?
Non-observable(coherent and incoherent) macrosfor other planners/problems?
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Research Scope Representation Acquisition Exploitation

Macrorepresentationandexploitation:useexistingsupport

I PDDL doesnot support macrosand plannersare not aware of.
I We compilemacrosinto actionsin STRIPSand FLUENTS.

Macroacquisition:mainobjective

I Generalisedmacro-learning for arbitrary plannersand domains
I Arbitrarinessis in structural properties, not just PDDL levels
I Both observableand non-observablemacrosusingplans
I macro-setsuggestions;macrosmay interact amongthemselves
I Improving performancewithout any modi�cation to a planner
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What doesarbitrarinessmean?

Confusionsoften arisewith the word \independent".

I Domain independentmeans\w orks with any domains".
I Plannerindependentmeans\without usingany planner".
I Plannerindependentshouldmean\w orks with any planners".

Arbitrary domains/plannersmeans\any domains/planners".

I Wizard works with arbitrary domainsand planners.
I Wizard doesnot discover/exploitany speci�c characteristics.
I GiveWizard a plannerand a domain, it will suggestmacros!

Hakim Newton Wizard: Learning Macros for Planning
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Macro/Set Space

Macrosare blocksof actionsappliedasa singlechoice

ObservableMacros

CoherentMacros

IncoherentMacros
Macro Collections I Coherentmacroshave

executableaction-orderings.
I Observablemacrosare

found in a givengeneration
sourceusinga particular
analysismethod.

What macrosshouldbe explored or prunedout immediately?

I Existingmethods exploresonly a part of observablemacros.
I Wizard exploresobservablemacrosplus parts of other types.

Hakim Newton Wizard: Learning Macros for Planning
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ExampleMacros

Plan A Plan B Plan C
(pick ?b1 left in)
(pick ?b2 right in)
(move in out)
(drop ?b1 left out)
(drop ?b2 right out)
(pick ?b3 left out)
(move out in)
(drop ?b3 left in)

(pick ?b1 left in)
(move in out)
(drop ?b1 left out)
(pick ?b3 left out)
(move out in)
(drop ?b3 left in)
(pick ?b2 right in)
(move in out)
(drop ?b2 right out)

(pick ?b1 left in)
(move in out)
(drop ?b1 left out)
(move out in)
(pick ?b2 right in)
(move in out)
(drop ?b2 right out)
(pick ?b3 left out)
(move out in)
(drop ?b3 left in)

Coherent Macro C1 Coherent Macro C2 Incoherent Macro I
(pick ?b1 left in)
(pick ?b2 right in)
(move in out)

Observablein Plan A
Not in Plan B and C

(move out in)
(drop ?b3 left in)
(move in out)

Observablein Plan B
Not in Plan A and C

(drop ?b left in)
(move in out)
(drop ?b right out)
(move out in)

Not observableat all
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Pseudocode for Observability Determination

k = sequencelength of the givenmacro
for eachi th plan in the plan-library

for eachposition j of the i th plan
Extract a subsequencehavingk actionsfrom position j
Computeresultantaction from the subsequence
if resultantaction computationfailed

continuelooping
checkwhetherthe subsequenceis equivalentto

the givenmacro'saction sequence
if a match is found, the macro is observable

Hakim Newton Wizard: Learning Macros for Planning
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Why non-observablemacros?

Why non-observablecoherentmacros?

I Givenexamplesdo not always coverimportant features.
I Plannersoften prune many usefulchoiceshastily.
I During backtracking,plannersoften discard subplans.

Why non-observableincoherentmacros?

I As known, they are applicablein (incoherent!) relaxedplans.
I They a�ect node evaluationand divert search control 
o w.
I Search may progressthrough infeasiblesolutionspace!!!???
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DoesWizard explore the entiremacrospace?

What is actuallymeantby entire?

I Theoretically, any typesof PDDL-action block (so no loop).
I Practically, restrictedby individualactionsoccurring in plans.
I Practically, restrictedby action-countand parameter-count.
I Eventhe search processitself exploresmacrosselectively.

DomainActions(DA) vsLifted (and Generalised)Actions(LA)

I LAs may not coverall typesof parameteruni�cations.
I LAs provideopportunities for experienceand evolution.
I DAs with randomparameteruni�cations could be used.
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Why Macro-SetExploration?

Macro-setscomprisinga few top macrosmay not work

I Macrosin a set may compete or collaborate with eachother.
I Trade-o� betweenone long macroversusa few short macros.
I Top macrosmay not addressdi�erent subproblemstructures.

ExampleMacro-Sets
pick-move-drop-move
pick-move-drop
pick-move
drop-move

soil-sampling-macro1
soil-sampling-macro2
photo-taking-macro
recharging-macro

Hakim Newton Wizard: Learning Macros for Planning
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Macros,ControlRules,andUnreachableProblems

MacrosandControlRules

I Macrosprovideadditional choicesto the search engine.
I Control rulesprovideobligatory instructions, not choices.
I Macroswith suitability conditionsstill remainchoices.
I Macrostempts to take a positivesearch direction.
I Control rulesforce to take or prune a search branch.

Learning from unreachableproblems

I Macros(positive) cannot be learnt from failures(negative).
I Pruning control rules(negative)can be learnt from failures.

Hakim Newton Wizard: Learning Macros for Planning
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ReinforcementLearning andWizard

ReinforcementLearning: learning throughtrial anderror

I Unknown environment,learning actionsto achieveits target.
I Learning through optimisinga reward function.
I A trade-o� betweenexploration and exploitation.

Wizard hassomereinforcementlearning 
avour

I Onemain reasonis the experiential evaluationmethod.
I In all three mode but more prominent in the clumpingmode.
I Usingsuccessfulplansas seedsare onemajor deviation.

Hakim Newton Wizard: Learning Macros for Planning



Overview
Clari�cations

Appendix

GeneralFeatures
Macro/Set Space
Learning Dimensions
Literature Review

ExistingWork
Existingmethods: characteristicoriented

Characteristic Planner/Domain Solution
Plateauescapingsequence Fast Forward MARVIN
Valley travelling sequence A heu. planner MACLEARN
Causallylinked macro Fast Forward Macro-FF
Symmetry, almost symmetry Briefcase,etc. MARVIN
Component abstraction Rover,etc. Macro-FF
Operator decomposability 8 Puzzle,etc. Korf 's MPS

Existingmethods: no macro-setsuggestions

I Everysubsequencefrom givenplansas macros(STRIPS)
I A completemacro-setto eliminatesearch totally (MPS)
I Only a small number (2) of top macros(all others)
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RelatedObservations

Existingmethods: work with certaintypesof planners/domains

I Work only whencertain planner/domaincharacteristicsexist
I Learn only macrosthat are found in a givengenerationsource
I Suggestonly a few top-performing macrosfor future reuse

Further e�ort requiredfor more generalisatione.g. when

I Don't care/know about any planner/domaincharacteristics
I Only care for improving performanceof a planner-domainpair
I Want macrosthat are found in a givensourceand that are not
I Want macro-setsthat improveaggregateperformance

Hakim Newton Wizard: Learning Macros for Planning
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SystemArchitecture

Problems Planner Domain Problems

SuggestedMacros/Macro-Sets

Collector

ExamplePlans

Evolving Generator Observing

Macros/Macro-Sets

Rewarding Evaluator Experiencing

BestMacros/Macro-Sets

Hakim Newton Wizard: Learning Macros for Planning
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Illustration

MacroFormation
Actual Plan GeneralisedPlan Macro & ResultantAction

(pick b1 left in)
(pick b2 right in)
(move in out)
(drop b1 left out)
(drop b2 right out)
(pick b3 left out)
(move out in)
(drop b3 left in)

(pick ?b1 left in)
(pick ?b2 right in)
(move in out)
(drop ?b1 left out)
(drop ?b2 right out)
(pick ?b3 left out)
(move out in)
(drop ?b3 left in)

(pick ?b3 left out)
(move out in)
(drop ?b3 left in)

action pick-move-drop
parameter ?b3
precond (and . . . )
e�ect (and . . . )

Evolutionof Macros
Observable Observable Non-observable Incoherent

(drop ?b3 left out)
(pick ?b3 left out) (move out in) (move out in)
(move out in) (move out in) (drop ?b3 left in) (drop ?b3 left in)
(drop ?b3 left in) (drop ?b3 left in) (move in out) (move in out)

Hakim Newton Wizard: Learning Macros for Planning
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Search Algorithm: individualsare macrosandmacro-sets
Similar to a geneticalgorithm or a multi-point search

1. Generatean initial population and evaluateindividuals.

2. For a number of epochsbut while o�spring generationis possible

2.1 Generatean o�spring population and evaluateindividuals.
2.2 Replaceinferior parents by superior o�spring if any.
2.3 Stop if replacementlevel is unsatisfactory.

3. Suggestbest individuals.

Dissimilarities to a geneticalgorithm

I Individualsare neitherbit-strings nor of equallength.
I Individualsdo not encode systemcharacteristicsexplicitly.

Hakim Newton Wizard: Learning Macros for Planning
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Macro/Macro-SetRepresentation

Compositeforms: usedfor manipulation
(:macro

(move ?ra ?rb)
(pick ?b ?rb ?g)
(move ?rb ?ra)

)

(:macro-set
macro-1
macro-2
macro-3

)

Compiledform: usedby currentplanners
(:action move-pick-move

:parameters (?ra ?rb - room ?b - ball ?g - gripper)
:precondition (and

(at-robby ?ra)(at ?b ?rb)(free ?g)
)
:e�ect (and

(carry ?b ?g)(not (at ?b ?rb))(not (free ?g))
)

)

Hakim Newton Wizard: Learning Macros for Planning
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ExampleProblems

SelectionCriteria

Knowledgeshouldbe acquiredfrom simplersituations,
reinforced in complexbut manageablesituations, and
appliedin yet more complexand evenunmanageable
situations.

ProblemSize: in solutiontime within resourcelimits

I For generation,smallerand solvable;to build up a plan library
I For evaluation,small and solvable;solvedfor everymacro
I For demonstration,large and may be unsolvable
I Larger problemsget more weight wheneverpossible

Hakim Newton Wizard: Learning Macros for Planning
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ObservableMacroGeneration
Macrosoccurringin plansonly

I Plansare footprints of the planneron the domainlandscape.
I Plansre
ect successfulchoicesmadeduring search.

Operators

Plan . . . A B C D E F G . . . I J K L M . . .

Macro B C D E F

Extend A B C D E F B C D E F G

Shrink C D E F B C D E

Split B C D E F B C D E F

Lift J K L

Hakim Newton Wizard: Learning Macros for Planning
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Non-ObservableMacroGeneration
Constituentactionsfrom plans

I Plansinherentlybear propertiesesp. that lead to the solution.
I Multiplicit y of object relationshipsis one important property.

Operators

Macros B C D E F I J K L

Insert B C P D E F Delete I J L

Alter B C D M F I N K L

Join B C D E F I J K L

Crossover B C K L I J D E F

Assemble W G L A

Hakim Newton Wizard: Learning Macros for Planning
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Macro-SetGeneration
Operands

I Individualmacrosare explored in the �rst run
I Combinationsof macrosare explored in the secondrun

Operators

Bunches N P Q Q R S T

Add M M N P Q M Q R S T

Delete Q N P R S T

CrossoverQ N S T P Q R

Split N P P Q Q R S S T

Merge N P Q R S T Accumulate J K L

Hakim Newton Wizard: Learning Macros for Planning
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Macro/Macro-SetEvaluation
EvaluationCriteria

For a good macro/macro-set,most problems(Cover)
shouldbe solvedtaking lesstime (Score) in most cases
(Point) with its augmenteddomain(compared to the
original domain).

Utility Formula

I Cover= % problemssolved
I Score = Weightedmeantime gain
I Point = % problemssolvedfaster
I Utilit y = Cover� Score � Point

Hakim Newton Wizard: Learning Macros for Planning
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MacroPruningandValidation

Pruning

I Null and inconsistente�ect; unsatis�ableprecondition
I Limits on parametercount, macro length, macro-setsize
I Duplicacyand equivalenceof macros
I Cohesiontype: commonvariables,not causallinks
I Runtimefailure to plan within limits

Validation

I Plannerssometimesproduceinvalid planswith macros.
I Planswith macrosare therefore validatedas needed.

Hakim Newton Wizard: Learning Macros for Planning
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Benchmark Domains

Di�culties

I Groundedactions: Airport, Promela, PSR, TPP, Openstacks

I Too many parameters: FreeCell,ZenoTravel, Pipesworld, TPP

I Looping structures: NPuzzle,TowerOfHanoi, Sokoban, Blocks, FreeCell

I Problem Distribution: Depots, Settlers

I Few interactions and choices:Satellite, Ferry, Transportation Domains

Suitability

I Chain of activities that involve only a few objects

I Various typesof choiceavailablein the domain

I Di�erent typesof subgoalavailablein the domain

Hakim Newton Wizard: Learning Macros for Planning
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Results:Summary TableObservability/Macro-Count
O: ObservableN: Non-observable

domain-planner C +S-s +T-t P� p +L-l Q� q
Gripper-FD-Chunk O +0-0 +100-0 85� 1 +0-100 -30� 0
Gripper-FD-Bunch 3 +0-0 +100-0 91� 1 +0-100 -32� 0
Gripper-FF-Chunk N +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Bunch 3 +62-0 +38-0 98� 0 +0-38 -58� 0
Gripper-LPG-Chunk O +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-LPG-Bunch 3 +0-0 +100-0 87� 0 +0-100 -39� 0
Gripper-SatPlan-Chunk N +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Bunch 3 +20-0 +66-10 49� 6 +0-78 -32� 2
Gripper-SGPlan-Chunk O +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-SGPlan-Bunch 3 +0-0 +100-0 73� 0 +0-100 -14� 0
Gripper-VHPOP-Chunk N +16-0 +62-4 80� 5 +0-60 -22� 2
Gripper-VHPOP-Bunch 3 +34-0 +66-0 99� 0 +0-66 -51� 1

Results available for
I Blocks { Propositional and Measurement { Numerical
I Ferry { Propositional and Numerical
I Explorer { Propositional and Numerical
I Reliefwork { Propositional and Numerical
I Railway { Propositional and Numerical

Hakim Newton Wizard: Learning Macros for Planning
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Results:Summary TableSolvability: Gain(+S), Loss(-s)
O: ObservableN: Non-observable

domain-planner C +S-s +T-t P� p +L-l Q� q
Gripper-FD-Chunk O +0-0 +100-0 85� 1 +0-100 -30� 0
Gripper-FD-Bunch 3 +0-0 +100-0 91� 1 +0-100 -32� 0
Gripper-FF-Chunk N +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Bunch 3 +62-0 +38-0 98� 0 +0-38 -58� 0
Gripper-LPG-Chunk O +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-LPG-Bunch 3 +0-0 +100-0 87� 0 +0-100 -39� 0
Gripper-SatPlan-Chunk N +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Bunch 3 +20-0 +66-10 49� 6 +0-78 -32� 2
Gripper-SGPlan-Chunk O +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-SGPlan-Bunch 3 +0-0 +100-0 73� 0 +0-100 -14� 0
Gripper-VHPOP-Chunk N +16-0 +62-4 80� 5 +0-60 -22� 2
Gripper-VHPOP-Bunch 3 +34-0 +66-0 99� 0 +0-66 -51� 1

Results available for
I Blocks { Propositional and Measurement { Numerical
I Ferry { Propositional and Numerical
I Explorer { Propositional and Numerical
I Reliefwork { Propositional and Numerical
I Railway { Propositional and Numerical
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Results:Summary TableTime Gain+T, Loss-t probs
O: ObservableN: Non-observable

domain-planner C +S-s +T-t P� p +L-l Q� q
Gripper-FD-Chunk O +0-0 +100-0 85� 1 +0-100 -30� 0
Gripper-FD-Bunch 3 +0-0 +100-0 91� 1 +0-100 -32� 0
Gripper-FF-Chunk N +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Bunch 3 +62-0 +38-0 98� 0 +0-38 -58� 0
Gripper-LPG-Chunk O +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-LPG-Bunch 3 +0-0 +100-0 87� 0 +0-100 -39� 0
Gripper-SatPlan-Chunk N +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Bunch 3 +20-0 +66-10 49� 6 +0-78 -32� 2
Gripper-SGPlan-Chunk O +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-SGPlan-Bunch 3 +0-0 +100-0 73� 0 +0-100 -14� 0
Gripper-VHPOP-Chunk N +16-0 +62-4 80� 5 +0-60 -22� 2
Gripper-VHPOP-Bunch 3 +34-0 +66-0 99� 0 +0-66 -51� 1

Results available for
I Blocks { Propositional and Measurement { Numerical
I Ferry { Propositional and Numerical
I Explorer { Propositional and Numerical
I Reliefwork { Propositional and Numerical
I Railway { Propositional and Numerical
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Results:Summary TableTime GainMean(P)� Disp(p)
O: ObservableN: Non-observable

domain-planner C +S-s +T-t P� p +L-l Q� q
Gripper-FD-Chunk O +0-0 +100-0 85� 1 +0-100 -30� 0
Gripper-FD-Bunch 3 +0-0 +100-0 91� 1 +0-100 -32� 0
Gripper-FF-Chunk N +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Bunch 3 +62-0 +38-0 98� 0 +0-38 -58� 0
Gripper-LPG-Chunk O +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-LPG-Bunch 3 +0-0 +100-0 87� 0 +0-100 -39� 0
Gripper-SatPlan-Chunk N +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Bunch 3 +20-0 +66-10 49� 6 +0-78 -32� 2
Gripper-SGPlan-Chunk O +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-SGPlan-Bunch 3 +0-0 +100-0 73� 0 +0-100 -14� 0
Gripper-VHPOP-Chunk N +16-0 +62-4 80� 5 +0-60 -22� 2
Gripper-VHPOP-Bunch 3 +34-0 +66-0 99� 0 +0-66 -51� 1

Results available for
I Blocks { Propositional and Measurement { Numerical
I Ferry { Propositional and Numerical
I Explorer { Propositional and Numerical
I Reliefwork { Propositional and Numerical
I Railway { Propositional and Numerical
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Results:Summary TableLengthGain+L, Loss-l probs
O: ObservableN: Non-observable

domain-planner C +S-s +T-t P� p +L-l Q� q
Gripper-FD-Chunk O +0-0 +100-0 85� 1 +0-100 -30� 0
Gripper-FD-Bunch 3 +0-0 +100-0 91� 1 +0-100 -32� 0
Gripper-FF-Chunk N +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Bunch 3 +62-0 +38-0 98� 0 +0-38 -58� 0
Gripper-LPG-Chunk O +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-LPG-Bunch 3 +0-0 +100-0 87� 0 +0-100 -39� 0
Gripper-SatPlan-Chunk N +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Bunch 3 +20-0 +66-10 49� 6 +0-78 -32� 2
Gripper-SGPlan-Chunk O +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-SGPlan-Bunch 3 +0-0 +100-0 73� 0 +0-100 -14� 0
Gripper-VHPOP-Chunk N +16-0 +62-4 80� 5 +0-60 -22� 2
Gripper-VHPOP-Bunch 3 +34-0 +66-0 99� 0 +0-66 -51� 1

Results available for
I Blocks { Propositional and Measurement { Numerical
I Ferry { Propositional and Numerical
I Explorer { Propositional and Numerical
I Reliefwork { Propositional and Numerical
I Railway { Propositional and Numerical
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System Description
Benchmark Domains
Experimental Results
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Results:Summary TableLengthGainMean(Q)� Disp(q)
O: ObservableN: Non-observable

domain-planner C +S-s +T-t P� p +L-l Q� q
Gripper-FD-Chunk O +0-0 +100-0 85� 1 +0-100 -30� 0
Gripper-FD-Bunch 3 +0-0 +100-0 91� 1 +0-100 -32� 0
Gripper-FF-Chunk N +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Bunch 3 +62-0 +38-0 98� 0 +0-38 -58� 0
Gripper-LPG-Chunk O +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-LPG-Bunch 3 +0-0 +100-0 87� 0 +0-100 -39� 0
Gripper-SatPlan-Chunk N +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Bunch 3 +20-0 +66-10 49� 6 +0-78 -32� 2
Gripper-SGPlan-Chunk O +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-SGPlan-Bunch 3 +0-0 +100-0 73� 0 +0-100 -14� 0
Gripper-VHPOP-Chunk N +16-0 +62-4 80� 5 +0-60 -22� 2
Gripper-VHPOP-Bunch 3 +34-0 +66-0 99� 0 +0-66 -51� 1

Results available for
I Blocks { Propositional and Measurement { Numerical
I Ferry { Propositional and Numerical
I Explorer { Propositional and Numerical
I Reliefwork { Propositional and Numerical
I Railway { Propositional and Numerical
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Results:Gripper-FD/FF
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Results:Gripper-LPG/SatPlan
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Results:Gripper-SGPlan/VHPOP
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InstructionalTraining
I Attended the Research Students Away day 2004 organised by the Dept of

Computer and Information Science.
I Attended an workshop on Personal Development Planning and Research

Management Skills under course number BB925 on February 23-24, 2005.
I Did several talks (at least three) in regular meetings of Strathclyde Planning

Group on my work: macros for planning.
I Did several talks (at least �ve) in Researchers' Digest.
I Attended a summer school arranged by International Conferenceon Automated

Planning and Scheduling, 2006.
I Published 8 papers in workshops and conferences.
I Participated in a reviewing workshop arranged by the Planning Group.
I Attended a statistics course conducted by the STAMS dept of the university.
I Reviewed 2 journal, 2 conference,and 1 workshop papers.
I Participated in the 6th International Planning Competition 2008 Learning Track
I Attended ICAPS'2007 main conference,Doctoral consortium, Workshop on AI

planning and learning, a tuto rial on learning in planning.
I Attended UKPLANSIG'2006 Workshop and EPIA'2007 Conference.
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