CS 686 Project Deliverable #2:

Heuristic Methods for Planning P roblems

By: Steve Engels, 94006290

For: Dr. Brendan Frey

Date Due: Thursday,Dec 9, 1999

CS 686 Project Deliverable #2

By: Steve Engels, ID 94006290

Contents

1 INTRODUCTION ................................ ................................ ................................ .......................... 3

2 PROBLEM DESCRIPTIO N ................................ ................................ ................................ .......... 3

2.1 B

LOCKS W ORLD P ROBLEM ................................ ................................ ................................ ............ 4

3 REVIEW OF TECHNIQ U ES ................................ ................................ ................................ ........ 5

4 ALGORITHM DESCRIPT ION ................................ ................................ ................................ ..... 6

4.1 D

AT A R EPRESENT ATION ................................ ................................ ................................ ............... 6

4.2 H

EURISTIC D ESCRIPTION ................................ ................................ ................................ ............... 7

4.3 A

LGORITHM D ESCRIPTION ................................ ................................ ................................ ............ 8

5 RESULTS ................................ ................................ ................................ ................................ ....... 9

6 DISCUSSION ................................ ................................ ................................ ............................... 10

7 PROPOSED FUTURE DI RECTION ................................ ................................ .......................... 11

APPENDIX A: TABLES OF SIMULATION RESULTS ................................ ................................ .... 12

1 Intr oduction

Planning problems area common a nd practical application of artificial int elligence. They occur in

programs related to scheduling, navigation, construction and ot her applications that seek to

achievea goal statefroma start state, given a set of actions. To solvet heseproblems, soft ware

planners will search thespaceof possibleactions, until they find a series of actions that

collect ively maket hetransition fromt hestart to thegoal. However, searching for a plan simply

with dept h- or breadth- first searches innot avery effec tive approach to the problem. Forlarge

action spaces, simply searching to find thegoal can beinefficient and computationally expensive,

and ma y not even find a plan at all.

Thefocus of this project is to develop a new heuristic that would help solvepla nning problems

mor e effect ively. If successful, this heurist ic would give a bett er indication of t heactions that

should be explor ed first in or der to reach thegoal. Thepath fromthestart stateto the goal state

can thus befound more easily by applying this heuristic at each successivestagein thepath.

2 Problem Description

Thespecific problem being addr essed in this project is whet her thenew heuristic being developed

will be effectivein resolving a planning problemin theBlocks World domain. Thesuccess of this

heuristic is det er mined by comparing two pla nning algorit hms: oneusing theheuristic, and one

not using theheurist ic (breadt h-first search). Thet echniquet hat solves themost planning

problems and solves them in theleast number of st eps will beconsider ed themor e effective

technique. Thepla nning algorit hms will also beapplied in threediffer ent dir ect ions: frominit ial

stateto goal state, fromgoal stateto start state, and from a middlestatein bot h dir ect ions, to see

if thedirect ion of search would favour onet echniqueover theot her.

Theresult of this investigation will bean illustration of how successful each heuristic is in the

Blocks World doma in, and which dir ect ion each heuristic should beapplied in to achieveoptima l

perfor mance. Thereason why this is important is that if thenew heuristic is successful,it will be

a breakthrough in thearea of planning problemr esearch in that it will provideinsights into how

to represent and approach planning problems in thefuture. Even if theheuristic is not a success, themanner in which is fails will illustratetheshortcomings to beavoided in futureattempts.

2.1 Blocks World Problem

TheBlocks World doma in is thespecific typeof planning problembeing used in this project.

This domain consists of a world wit h a table, upon which rest a certain number of blocks. The blocks can rest on thetableor on each ot her, but multiple blocks can never reston a single block, nor can oneblock rest on mor ethan oneblock. To movefroman original configuration of blocks to a goal configuration of blocks, theblocks can bepicked up and moved, butonly the blocks with nothing on them can bemoved, and blocks can only bepicked up and put down oneat a time. Examples of legal and illega l block configurations areshown below in Figure1.

Figure 1 : Two legal and one illegal blockconfiguration

This domain has certain advantages in that the possible configurations and actions arevery structured and easy to represent. Possibleheuristics for this domain arealso easily to visualize and implement. However, sinceany heuristic t hat is developed is meant to be general andnot restrict ed t o this domain, characteristics specific to Blocks Worldmust beset aside when devising theheuristic.

B

A

C B

A

C B

A

C D

3 Review of Techniques

Traditionally, planning algorit hms ha vebeen thought of in theSTRIPS notation. This notation

consists of a set of states and actions, wher ethestates describecertain characteristics of the

world, and theactions aredefined by a precondition/postcondit ion pair. Finding thesolution to

theplanning problemwit h theSTRIPS notations involved finding actions whosepreconditions

matched theinit ial stateand whose postcondit ions represent ed the successor state. By performing

this action repeatedly on successor states, thealgorithm would eventually find a series of actions

that would lea d fromtheinit ial stateto thefinal state, for ming a plan.

Theproblem with this however, is that thesetof characteristics that defined a state was never

fully complet e, in that it would only specify thenecessary conditions or characteristics of thestate

or action. If an action could lead to thegoal state, but required a precondition that didn’t already

exist, thealgorithm would ha veto search backwards to find t heactions that would causethose

precondit ions to takeplace. This could somet imes involve changing thepla n ent irely, and would

causeunwant ed overhea d.

Anot her timeand spaceproblem involved wit h STRIPS is thefact that a search wi th STRIPSis

no better than a breadt h or dept h-first search. Considering t hat representing thestates and actions

of this met hod can sometimes becumbersome, it would help to beableto usethemost efficient

met hod available. This prompt ed researchers like Geffner to deviseplanners wit h heurist ics that

would help to na vigat ethestatespaceas efficiently as possible.

4 Algorithm Description

4.1 Data Representation

Sincet heconfiguration of theblocks in this doma in can bedescribed in t er ms of their positions relativeto t hetableand theot her blocks, a natural representation of thedata is asa set of descript ivecharacteristics. Thecharacteristics describethestateof each block (clear, on table), each block relativeto other blocks (on A, on B, on C) and the"hand" (ha nd empt y, holding A).

If each characteristic is represent ed as a columnin an array, tworows can be usedto represent the start and goal configurations of thesyst em. In order to describea problemto solve, thecolumns that correspond to desir ed start or goal characteristics can beset to be ei ther TRUE (1)or FALSE

(-1). Any characteristics that arenot releva nt to the problem to be solved can be left as

UNKNOWN (0).

For example, a block problemwher et heinitial statehas block B on block A, and must be cha nged t o haveblock A on block B would berepresent ed in Figur e2 (with thecolumn t itles added for clarity). Theseproblemsets wer egenerated randomly by Fahiem Bacchus, fromwhich they wer econvert ed into this arrayrepresentation. Other columns would exist for problems with mor etha n two blocks, but this subset showshow columns relating to A and B wouldbe stored:

Hand empty

Holding

(A)

Holding

(B)

Clear (A) Clear (B) On Table

(A)

On Table

(B)

On (A,B) On (B,A)

Start [ 0 -1 -1 -1 0 0 -1 -1 1

Goal 0 -1 -1 0 -1 -1 0 1 -1 ]

Figure 2 : Data representationofstart and goal states of plan

Theactions that makethetransit ion fromstateto statearerepresent ed in a similar way. Thesame columns exist for theactions, but the top row represents the required state characteristics that must exist for theaction to belegal, and thesecond row repr esents theresult ing cha ngeto the stateafter theaction occurs. An exa mpleof an action to pick up block B is shown inFigure 3:

Hand

empty

Holding

(A)

Holding

(B)

Clear (A) Clear (B) On Table

(A)

On Table

(B)

On (A,B) On (B,A)

State [ 1 -1 -1 0 0 0 0 -1 0

Result -1 -1 1 0 -1 0 0 -1 -1 ]

Figure 3 : Data representationofinput state and result ofpickup action

4.2 Heuristic Description

Theheuristic t o beused is based on that of Blai Bonet and Hect or Geffner 1 (referred to after this

as theGeffner heuristic). TheGeffner heuristic begins by eliminating the delet elists fromthe

problemdescriptions (i. e. any instances of -1in the action results). Itthen compares the startand

goal rows in theproblem description, and treats each instancewher et hestart and goal

characteristics wer ediffer ent as individual subgoals to achieve. In or der to calculat etheheuristic,

sma ller, shallower searches aremadet o achieve each of theindividual subgoals, and theresults of

each of thesearches areadded toget her to providetheheuristic valuefromonestateto thenext.

Geffner applies this idea by calculating theheuristic to cha nge each characteristic in thegoal state

of theproblemt o its opposit evaluein thestart state, a techniqueknown as regr ession search.

Oncet his is complet e, it results in a tableof values that represents thecost incurredin changing

each characteristic, assuming that it did not match thegoa l. Then to evaluatetheheurist ic cost

fromany stateto thegoal, themismatched characteristics in t hestatearefound, and the

corresponding entries in theheuristic tableareadded toget her to obtain theheuristic value. The

attractiveness of oneaction over another is thus influenced by theheuristic valuefor each of the

possiblesuccessor states.

Theuseof t heheurist ic for this project is similar, but adaptations are beingm ade to allow itto

operatein bot h theforward and backward dir ect ions. Anot her adaptation is to maketheheurist ic

admissible, by taking themaximumof theheuristic costs inst ead of thesum. Sincet hest eps

needed t o simply changeoneof themismatched characteristics will always beless than or equal

to thesteps needed t o changeall of themismatched characteristics, themaximumof theheurist ic

costs will always under est imat ethereal cost, and will ther efor ebeadmissible.

1 Blai Bonet, Hect or Geffner, Planning as Heuristic Search: New Results , submitted to ECP-99

4.3 Algorithm Description

Befor eputting theheuristic into consideration, a breadth-first search of thelegal actions is used to exploret hestatespaceof block configurations. Oncethe heurist ic is introduced, a greedy search algorit hmis used to test the validi ty of the heuris tic. Thesearch then continues either un til a path fromthestart to thegoal nodeis found, or until thesearch explor es a set maximumlimit, which prevents thesyst emfromsearching forever.

A differ encebet ween theapproach used by Geffner and t heapproach used in this adaptation is thebi-dir ectional search ment ioned above. This mea ns that the initial state in thesearch is nei ther thestart nor thegoal state, butrather an int er mediatestateon which actions can beapplied in eit her dir ect ion. It is uncertain whet her this t echniquewould bevalid or not, but this also will be illustrated oncetheperfor manceof this approach has been fully explor ed.

5 Results

Aft er runningexpe riments on the planning program in itsdifferent configurations, theresults

obtained wer every limit ed. Thelimiting factor in this caseis that as thenumber of blocks

incr eased, thenumber of possiblestates and actions incr eased exponentia lly, causing processing

failur es beyond situations wit h moret han six blocks. Theresults that could be obtained are

illustrated in thefollowing tables:

Blocks Average No. ofActions

Considered withHeuristic

Average No. ofActions

Considered without Heuristic

2 70.8 70.8

4 2008 2661.2

6 8528 19555

Table 1 : Results from Forward Search Trials

Blocks Average No. ofActions

Considered withHeuristic

Average No. ofActions

Considered without Heuristic

2 70.8 70.8

4 1739.2 2182.4

6 7214.5 14134

Table 2 : Results fromBackwards SearchTrials

Blocks Average No. ofActions

Considered withHeuristic

Average No. ofActions

Considered without Heuristic

2 70.8 70.8

4 2084 2617.6

6 7832 23535

Table 3 : Results fromBi-directional SearchTrials

Moredetailed results areavailablein Appendix A.

6 Discussion

Ther earethreemain patterns that can beseen in thedata. Thefirst is that theheuristic has very litt leimpact on t hesmallest block cases. This is not surprising, sincethenumber of possible actions and t helengt h of t hesolution cannot bevery largefor thetwo-block case.

Thesecond pattern is that as thenumber of blocks being consider ed gets higher, theheuristic helps to improvetheperforma nceof thesearch by reducing thenumber of actions that need to be expanded t o find thegoal. This is also not surprising, for even t hough greedy searches ha vea tendency t o get caught up in local minima in certain circumstances, theBlocks World problem would not havema ny situations likethat, and in problems with fewer blocks would typically perfor mcomparably with thebr eadt h-first search.

Thefinal pattern that can beseen is that theperfo rmance of the algori thms are ranked according to efficiency in thefollowing way:

1. Backwards search wi th heuristic

2. Bi-dir ect iona l search wit h heuristic

3. Forward search wit h heurist ic

4. Backwards search wi thout heuristic

5. Forward search wit hout heuristic

6. Bi-dir ect iona l search wit hout heuristic

Thefact thatthe backwards search isthemore efficientalg o rithm is not verysurprising,sin cethe algorit hmproposed by Geffner worked by underspecifying thegoal and perfor ming thesearch in thebackwards dir ect ion. Implement ing an equivalent heurist ic in thefor ward dir ect ion was not easily done, sincet heoperation was not symmetrical, and theperfor manceof theheurist ic suffered as a result. However, theunusual behaviour was thebi-dir ect ional search, which perfor med better than theforward search in t heheuristic case, but not in thebreadth-first case.

Themain explanation for this is that the bi-directional case is not asefficient as tying down one end of thesearch to theinit ial stateor goal state. However, when enhanced by theheurist ic, it was ableto surpass theforward search, probably becauseof theefficiency of Geffner’s heurist ic in the backwards dir ection.

7 Proposed Futur e Direction

So far, thebest useof this new heuristic is practically identical to themethod that Geffner first

proposed. This is reassuring in that his results can at least bereplicated, if not improved upon. In

order to improvethesearch, thenext st ep will beto not only calculatethest eps needed t o change

onediffering characteristic, but also to changet heother differ ing characteristics successively

after that, until all of themha vebeen explor ed. This is mor ecomputationally int ense, and was

thus not ready to beint egrated int o theproject, but will beattempt ed wit hin thenear future.

Anot her proposed enhancement will beto loosen t heconstraints on preconditions and

postcondit ions, to movetowards moreflexibleplan searches. It is uncertain what for mthis will

take, or whet her this will actually havetheint ended positiveeffect, but if possiblesearch paths

arecurrent ly being left out, then by loosening theconstraints theheuristic will beableto find the

optima l path mor e easily.