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Chapter 1

Intro duction

Planning is an ubiquitous task in real life. As with taking a cup from a table, it often isn't

ev en realized when it is done. Despite this fact, planning can b e v ery complex and un til

recen tly no planning system w as able to solv e medium sized problems in `easy' domains,

suc h as blo c ks w orld. One reason for the in tractabilit y of planning for systems using

traditional approac hes is the fact that planning in general is PSP A CE-complete. Ev en

in domains with reduced expressiv eness it is still NP-complete [Byl94 ], so w e exp ect

1

an y complete planner to run in exp onen tial time of the problem size.

The observ ation that natural systems lik e h umans are able to solv e complex planning

problems seems to imply t w o approac hes to o v ercome the curren t in tractabilit y of general

planning. The p o w er of natural in telligence indicates that planning is a fruitful �eld for

Arti�cial In telligence. With an analysis of domains and problems, planning migh t often

turn out m uc h easier than in the general case, and b ecause the planning of natural

systems is done for the real w orld, abstractions of this in teresting domain

2

could turn

out to b e easy , to o.

The second approac h implied b y natural systems is their usage of incomplete metho ds.

Its p o w er has b een demonstrated b y recen t exp erimen ts with Sa tPlan [EMW97], whic h

is based on the reduction of planning to the satis�abilit y problem. It transforms a

planning instance in to conjunctiv e normal form CNF [KS92, KS96 ], and solv es it with a

p o w erful SA T-solv er, suc h as GSA T [SLM92 ]. The results then is transformed bac k to a

solution of the planning problem. This detour restricts the space of represen tations and

optimizations and is mostly concerned with form ula size and n um b er of clauses, whic h

are mainly an issue of the CNF enco ding itself.

The usage of analysis tec hniques and incomplete metho ds are indicated b y natural

systems, but their p o w er has to b e demonstrated. The aim of this thesis is to giv e

a formalization of planning b y lo cal searc h, to argue for a sp eci�c design of suc h a

1

As widely accepted, w e assume P 6= NP 6= PSP A CE

2

A t least, w e claim it is in teresting.

7



1 Intro duction 8

planner, and to presen t an implem en tation based on this design. It also in tro duces

more general strategies to simplify sp eci�c planning problems. Chapter 3 presen ts lo cal

searc h and iden ti�es its basic prop erties while the next c hapter presen ts a formalization

of planning b y lo cal searc h. Chapter 5 explains the imp ortance of domain analysis

for planning in general and presen ts some strategies. Chapter 6 co v ers constrain ts,

whic h pla y an imp ortan t role b oth in simplifying the planning problem and in searc hing

for a solution. T o demonstrate the results of these c hapters, Chapter 7 presen ts the

planner Pr obaPla , whic h is designed as a testb ed to demonstrate di�eren t strategies

and to compare their e�ectiv eness. It allo ws easy implem e n tation of new constrain ts,

represen tation, and searc h tec hniques. The thesis is completed with t w o c hapters, results

and conclusions.

The app endix con tains a presen tation of other approac hes to planning, including

SA T-Plan and Graphplan . These t w o planners in
uenced the design of Pr obaPla .

App endix B presen ts a summary of this thesis in German, while App endix C describ es

Pr obaPla in detail and explains ho w to add new features.

It is not the aim of this thesis to presen t a planner whic h comp etes with systems

lik e Sa tPlan or Graphplan . Pr obaPla is written in C++ and has sev eral features

whic h trade sp eed for 
exibilit y and extensibilit y . Its lo cal searc h strategy is simple and

recen t dev elopmen ts are not exploited. Nev ertheless a comparison of p erformances is

included b ecause the design of Pr obaPla is strongly in
uenced b y these t w o p o w erful

planners. Also it do es not exhaustiv ely compare all c hoices in the space of represen ta-

tions, constrain ts and searc h tec hniques. This w ork sho ws that there is an alternativ e

of planning b y lo cal searc h without the detour to CNF. Sev eral promising c hoices in the

space of decisions are selected, explained, and tested against eac h other.



Chapter 2

De�nitions

Before starting to formalize planning b y lo cal searc h and in tro ducing domain analysis,

w e ha v e to giv e some de�nitions for later use.

Planning in a domain as complex as the real w orld has not only to b e concerned ab out

�nding a solution. Missing kno wledge, non-determinism, concurren t actions, and failing

actions can cause a plan to fail, so the pro cess of solving a planning problem do es not

end with syn thesizing a plan for it.

This thesis is concerned with syn thesizing plans, so w e will only consider domains for

whic h a plan nev er fails and the task of planning ends with �nding a solution. Nev er-

theless this problem is still hard enough so no satisfying approac h is kno wn. Domains

of the men tioned t yp e are abstracted from the real w orld domain and ha v e the follo wing

prop erties.

� The domains are deterministic and actions do nev er fail. A t an y time, a statemen t

ab out the domain is true or false.

� The planning system has global kno wledge ab out the domain, so no hidden part

can in
uence the execution of a plan. Sp eci�cally , the closed w orld assump-

tion [Rei78 ] is used, whic h means that an y prop osition not men tioned in an initial

situation of a planning problem is false in that situation.

� Domains are �nite in all its prop erties, so the n um b er of plans is coun table in�nite

and the n um b er of states is �nite. A solution or its absence can alw a ys b e found

b y searc hing through all p ossible plans whic h do not ha v e state repititions.

� Time is discreet and all e�ects of a time step happ en at the same time. A plan

syn thesizer do es not ha v e to reason ab out in termediate e�ects of actions.

One represen tation of domains with these prop erties is STRIPS [FN71 ].

9



2 De�nitions 10

De�nition 1. A STRIPS action consists of an op erator name plus a pr e c ondition list ,

an add list and a delete list . The elemen ts of the precondition, add, and delete lists are

all p ositiv e prop ositions or facts. F or an action a , pr e ( a ) denotes its precondition list,

add ( a ) its add list, and del ( a ) its delete list. No prop osition is allo w ed to b e in the add

and the delete list of the same action, all names for actions and prop ositions are unique.

De�nition 2. A STRIPS domain is a set of STRIPS actions. A STRIPS planning

pr oblem is a triple �A

0

, �

0

, 


0

� in whic h A

0

denotes a domain, �

0

denotes a set of

initial prop ositions, and 


0

denotes a set of goal conditions.

This v ersion of a STRIPS represen tation is further simpli�ed. The original con-

ceptuation allo ws �rst order expressions in the precondition lists and quan ti�ed v ari-

ables [Rei78, FNP

+

97].

Example 3. T able 2.1 is an example for a blo c ks w orld domain with t w o blo c ks. The

seman tic meaning of the prop ositions is that blo c ks can b e on top of eac h other and on

the table. A blo c k is either clear or co v ered b y a single blo c k. The table is alw a ys clear.

A blo c ks w orld domain with n blo c ks has 2

n

actions and n

2

+ n + 1 prop ositions, and

is extended accordingly . The presen ted domain will b e used as example through this

thesis.

De�nition 4. A plan P is a �nite list of sets con taining actions. The p osition of a list

elemen t is called its time step , and the �rst action set is on time step one. F or a 2 A

0

,

a

t

2 P denotes that the action a is part of the plan P at time step t . P ( A

0

) is the set of

all plans of the domain A

0

.

F or a prop osition p , p

t + : 5

denotes the prop osition p b et w een the time steps t and t + 1.

A prop osition p

t

1

+ : 5

is active or true , if it is added b y an action a

t

2

2

, t

2

� t

1

and there is

no action a

t

3

3

, t

1

� t

3

� t

2

deleting it, otherwise it is inactive or false . A state at time

step t + : 5, s

t + : 5

, is the set of activ e prop ositions at that time step.

1

L ( A

0

) is the set of all prop ositions of a domain A

0

. LP ( �A

0

, �

0

, 


0

� ) is the set of all

prop ositions of a planning problem, whic h is the union of L and the prop ositions of the

initial and goal state.

Example 3. ( c ontinue d ) T able 2.2 is a planning problem for the blo c ks w orld domain

with t w o blo c ks as sho wn in Fig. 2.1. The prop osition `un used' do es not o ccur in the

domain, so LP ( �A , �, 
 � ) = L ( A ) [ f un used g . A plan P that solv es this planning

problem in t w o steps w ould include the actions a

1

1

and a

2

4

. The state s

1 : 5

of plan P is

f clear(T), clear(A), clear(B), on(A, T), on(B, T), un used g .

1

W e in tro duce this un usual notation for prop ositions and states, b ecause w e b eliev e they are im-

p ortan t enough to b e addressed indep enden tly from actions. This simpli�es reasoning ab out states in

partial plans and emphasizes the fact that the state after executing the e�ects of a time step is the

same as b efore matc hing the preconditions of the next time step.
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Note that the domain do es not determine the p osition of blo c ks, this is done in the

initial situation. It also do es not set the seman tics of the prop ositions, it allo ws situations

lik e a blo c k b eing on top of di�eren t blo c ks at the same time.

De�nition 5. In a serial plan, there is at most one action at eac h time step. Par al lel

plans can con tain more than one action p er time step.

A serial plan con tains a c on
ict , if a precondition of an action a

t

is inactiv e at the

time t . If not otherwise sp eci�ed, all prop ositions are activ e b efore the �rst time step.

A parallel plan additionally con tains a con
ict, if a precondition or an add-e�ect of an

action a

t

1

is deleted b y another action a

t

2

at the same time step t .

T o unify reasoning ab out initial resp. goal states and actions, w e construct a new

planning problem �A , �, 
 � for eac h giv en planning problem �A

0

, �

0

, 


0

� . The new

set of actions A is the union of A

0

and t w o new actions Init and Go al . Init adds the

initial facts and deletes all other prop ositions. Go al has all goal facts in its precondition

and delete list. W e sa y Go al is c onsuming them. Three new prop ositions are used to

order Init as �rst and Go al as last action. Init consumes St ar t and adds Plan

while Go al consumes Plan and adds End . � con tains only St ar t and 
 con tains

only End . It is ob vious that ev ery con
ict-free plan for �A , �, 
 � is also con
ict-free

for �A

0

, �

0

, 


0

� , if Init and Go al are remo v ed. The t w o notions of planning problem

are exc hangeable, w e will use the one for whic h it is easier to deal with in the sp eci�c

situation.

De�nition 6. S ( �A , �, 
 � ) � P ( A ) is the set of all con
ict-free, parallel plans that

ha v e Init as sole action at time step t = 1 and Go al as sole last action. Eac h mem b er

of S is called a solution .

Example 3. ( c ontinue d ) F or our example domain A , Init and Go al w ould turn out

as follo ws:

� (action Init

(precondition (start))

(add (plan, clear(T), on(B, T), on(A, B), clear(A)))

(del (start)))

� (action Go al

(precondition (plan, on(B, A)))

(add (end))

(del (plan, on(B, A))))

The plan f Init

1

; a

2

1

; a

3

4

; Go al

4

g w ould b e a solution with the uni�ed notion of plan-

ning problem and f a

1

1

; a

2

4

g for the usual one.
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�

�

�

�

Table

B

A

T able 2.1: A blo c ks w orld domain with t w o blo c ks and a table. The domain A con tains

four actions and sev en prop ositions.

L ( A ) = f on(A, B), on(A, T), on(B, A), on(B, T), clear(A), clear(B), clear(T) g .

The actions A = f a

1

; a

2

; a

3

; a

4

g are:

� a

1

� (action mo v e(A, B, T)

(precondition (on(A, B), clear(A), clear(T)))

(add (clear(B), on(A, T)))

(del (on(A, B))))

� a

1

� (action mo v e(A, T, B)

(precondition (on(A, T), clear(A), clear(B)))

(add (on(A, B)))

(del (on(A, T), clear(B))))

� a

1

� (action mo v e(B, A, T)

(precondition (on(B, A), clear(B), clear(T)))

(add (clear(A), on(B, T)))

(del (on(B, A))))

� a

1

� (action mo v e(B, T, A)

(precondition (on(B, T), clear(A), clear(B)))

(add (on(B, A)))

(del (on(B, T), clear(A))))
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�

�

�

�

Table Table

A

B A

B

T able 2.2: A planning problem �A , �, 
 � for the blo c ks w orld domain A with t w o

blo c ks. The initial and the goal situations are

� = f clear(T), on(B, T), on(A, B), clear(A), un used g


 = f on(B, A) g .



Chapter 3

Optimization Problems and Lo cal Sea rch

One aim of this thesis is to sho w the reducibilit y of planning to an optimization problem

in general. This c hapter giv es de�nitions and a short in tro duction to lo cal searc h, whic h

roughly follo ws [PS82].

An optimization problem is to �nd the `b est' elemen t in a set, with the qualit y of

elemen ts giv en b y a function.

De�nition 7. An optimization pr oblem is a tuple ( F ; o ), where F is a set and o : F 7! R

is the obje ctive function . F is called the fe asible set of the optimization problem ( F ; o ),

and eac h elemen t of F is called a fe asible solution .

1

Because planning alw a ys deals with �nite domains, a more restricted de�nition for

optimization problems can b e used.

De�nition 8. F or a c ombinatorial optimization pr oblem , F is a �nite or at most coun t-

able in�nite set.

De�nition 9. A glob al optimum of an optimization problem ( F ; o ) is an elemen t f 2 F ,

with 8 g 2 F : o ( f ) � o ( g ).

3.1 Lo cal Sea rch

Man y in teresting com binatorial optimization problems are NP-complete, so that an y

algorithm whic h guaran tees to �nd a solution for suc h a problem is required to tak e

exp onen tial time of the input size, in the w orst case. An approac h to o v ercome this

restriction is to trade in completeness for running time. Incomplete strategies pro v ed

1

The usage of solution in this sense ma y b e confusing, but w e will use the notation common to the

lo cal searc h comm unit y . The w ord, whic h denotes the in tuitiv e meaning of solution, global optim um,

is in tro duced in De�nition 9.

14
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to b e p o w erful in sev eral NP-complete domains, lik e the tra v eling salesman problem

[Bo e95, SH97 ], the quadratic assignmen t problem [T ai95 , St • u97 ], and the graph coloring

problem [SLM92].

A common prop ert y of these incomplete strategies is that they p erform lo cal searc h

on the feasible set to �nd the optimal solution. The idea is, for a giv en solution f 2 F ,

to ev aluate o for elemen ts `close' to f . An elemen t whic h turns out to b e b etter replaces

f and the pro cess is rep eated un til no further impro v em e n t can b e made. The set of

elemen ts `close' to a giv en elemen t f is called the neigh b orho o d of f .

De�nition 10. A neighb orho o d is a mapping N : F 7! 2

F

An elemen t whic h has a higher qualit y than all its neigh b ors is called a lo cal optim um.

De�nition 11. An elemen t f 2 F is a lo c al optimum , if w e ha v e 8 g 2 N ( f ) : o ( f ) � o ( g )

Solving a planning problem b y lo cal searc h is the pro cess of c ho osing an elemen t of

F and rep eatedly replacing it b y a b etter neigh b or.

De�nition 12. impro v e : F 7! F is a function whic h maps an elemen t f 2 F to another

elemen t f

0

2 F , whic h is in the neigh b orho o d of f and is at least as go o d as f or b etter.

impro v e ( f ) = an y f

0

2 N ( f ) : o ( f

0

) < o ( f )

�

�

�

�

funct lo cal searc h ( feasible set F ) : elemen t

f

new

:= �nd starting elemen t ( F )

f := ; ;

while f 6= f

new

do

f := f

new

f

new

:= impro v e ( f )

o d

r esul t := f

new

T able 3.1: The basic mec hanism of lo cal searc h. Eac h in v o cation of the while-lo op is

called a step .

The strategy of c ho osing the result of impro v e among the set of elemen ts of N ( f )

whic h are b etter than f , dep ends on the lo cal searc h strategy .

The p o w er of lo cal searc h strategies ev olv es from the lo w cost p er step. Searc hing the

neigh b orho o d usually is v ery fast and increases slo wly with problem size, so that thou-

sands of steps can b e p erformed in reasonable time. This is the reason wh y asymptotic

analysis is not su�cien t to compare di�eren t strategies, they ha v e to b e compared on

base of exp erimen ts.
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3.2 The Objective F unction

The de�nition of the ob jectiv e function is crucial for the p erformance of a lo cal searc h

strategy . F or the same optimization problem, there migh t b e sev eral de�nitions of

ob jectiv e functions with di�eren t qualit y . An optimal one w ould nev er cause impr ove to

c ho ose a lo cal optim um whic h is not an optimal one and impr ove w ould alw a ys �nd a

b etter feasible solution. F or this to hold, all lo cal optima ha v e to b e global ones and for

all elemen ts b esides the global optim um, there w ould b e a mem b er in its neigh b orho o d

whic h is b etter.

An optimization problem with suc h an ob jectiv e function could b e solv ed without

using incomplete tec hniques and t ypical ob jectiv e functions are not optimal. Nev erthe-

less its design should minimi ze the n um b er and deepness of lo cal optima as w ell as the

n um b er of elemen ts of the feasible set ha ving the same ob jectiv e v alue.

3.3 Sea rching the Neighb o rho o d

There are sev eral p ossibilities to de�ne the function impr ove . The larger the neigh-

b orho o d, the higher the probabilit y of �nding an optimal elemen t b y searc hing it. A

searc h using a larger neigh b orho o d w ould �nd a solution in few er steps than b y using a

smaller one, the dra wbac k is that it tak es longer. If the neigh b orho o d of eac h elemen t is

the whole feasible set, a global optim um could b e found in one step, but the algorithm

w ould b e a complete one and as hard as the initial optimization problem.

Dep ending on the neigh b orho o d and the ob jectiv e function, searc hing all neigh b ors

can b e v ery complex. The de�nition of lo cal searc h only requires to �nd one elemen t

f 2 F whic h is b etter than the curren t one, so there are sev eral strategies of �nding

it. The t w o extremes are ste ep est-desc ent , whic h is the strategy of alw a ys taking the

b est neigh b or, and �rst-impr ovement , whic h tak es the �rst one whic h is b etter than the

curren t elemen t.

3.4 Escaping Lo cal Optima

The ma jor problem with the approac h of solving optimization problems b y lo cal searc h

is the o ccurence of lo cal non-global optima. If the searc h reac hes suc h an elemen t, it is

stuc k and without a mec hanism to escap e suc h situations the searc h w ould end in this

undesired solution.

T o o v ercome lo cal optima, the searc h strategy sometimes has to p erform a mo v e that

decreases the p erformance. T o serv e this aim, sev eral classes of tec hniques are prop osed.
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In the follo wing, some strategies to p erform the escap e are in tro duced, whic h are used

with the planner Pr obaPla .

� One class of strategies to escap e lo cal optima is to p erform random mo v es instead

of the one impr ove suggests. These non-optimal steps are c hosen with a certain

probabilit y . [MSK97] describ e sev eral heuristics and di�eren t strategies of this

kind.

� T ab o o [Glo89 , Glo90 ] is a strategy whic h prohibits rep eatedly making the same

c hoices when searc hing the feasible set. This can b e applied to elemen ts of the

feasible set or to attributes of sets of elemen ts. This forces the searc h to lea v e

lo cal minim a and to visit larger areas of the searc h space. T ab o o notes the time of

the last ev aluation for eac h elemen t and only allo ws the next visit after a certain

n um b er of other elemen ts ha v e b een visited.

� Instead of one long run, m ulti start tec hniques p erform sev eral short runs whic h

together ha v e the same running time as the long one. The c hance of ending up

with at least one solution, if there is one, are enhanced b y trying sev eral di�eren t

starting elemen ts. The qualit y of a strategy can b e measured b y a v eraging o v er

sev eral runs.

De�nition 13. A try is an in v o cation of the function lo c al se ar ch .

�

�

�

�

pro c p erform tries ( feasible set F ; in t n b

max

)

for i := 1 to n b

max

do

f := lo cal searc h ( F )

if ( f 6= ; )

then output solution ( f )

else output (\no solution found this try")

�

o d

T able 3.2: T ries as a lo op o v er the in v o cation of lo c al se ar ch .

All these heuristics to escap e lo cal optima ha v e parameters whic h determine when

and ho w they ha v e to b e applied. Their p erformance is sensitiv e to the setting of these

parameters and for eac h optimization problem their optimal v alue can b e di�eren t.

Although [MSK97] describ e a heuristic to guess them for some strategies, they ha v e to

b e found and con�rmed b y exhaustiv e exp erimen ts.
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3.5 Incompleteness and Randomness

Tw o common prop erties of lo cal searc h strategies is the absence of bac ktrac king and

the use of randomness. A t man y p oin ts during the planning pro cess, a strategy has to

c ho ose ho w to pro ceed among a n um b er of p ossibilities. Eac h of these c hoices could

b e replaced b y a heuristic whic h decides ho w to con tin ue. The absence of bac ktrac king

mak es this approac h dangerous b ecause for an y heuristic there migh t b e problems it

cannot solv e. Additionally , the heuristic could alw a ys mak e the same c hoices, so that

only a small area of the feasible set is searc hed.

The p o w er of man y lo cal searc h strategies dep end on the extensiv e usage of random-

ness and the high n um b er of steps. Besides strategies to escap e lo cal optima, randomness

is used for �nding the initial elemen t. Also, if there are elemen ts of the feasible set whic h

ha v e the same ob jectiv e v alue, the ob jectiv e function can b e randomized to break ties.

Not all lo cal searc h strategies dep end on the usage of randomness, [MSK97] describ e a

strategy whic h is close to deterministic .

3.6 Structure of the F easible Set

The feasible set of optimization problems often has a sp ecial structure. These problems

consist of a set of parameters and the feasible set is the set of all assignmen ts to these

v ariables. Tw o elemen ts of the feasible set are neigh b ors if they di�er only sligh tly in

the assignmen ts to v ariables.

With these con v en tions, an optimization problem with n v ariables can b e seen as

( n + 1)-dimensional graph with the additional dimension b eing the ob jectiv e function.

As sho wn in Fig. 3.3, this graph resem bles a moun tain range with lo cal optima b eing

depths. The deep est depth is the global minim um and the basic pro cess of lo cal searc h

is to c ho ose the next step in a w a y to w alk do wn w ards all the time.

The represen tation of the feasible set as set of v ariables is compact and the natural

neigh b orho o d mak es the de�nition of searc h strategies simple, so it is fruitful to use

suc h a represen tation if p ossible.



3.6 Structure of the F easible Set 19

�

�

�

�

T able 3.3: A ( n + 1)-dimensional graph of a feasible set represen ted b y n v ariables. The

( n + 1)th dimension is the qualit y of the assignmen t giv en b y the other n dimensions.



Chapter 4

Planning b y Lo cal Sea rch

Planning b y lo cal searc h has already demonstrated its aptitude to solv e large planning

problems, via a reduction to conjunctiv e normal form CNF. This reduction restricts

the space of represen tations and optimizations. Curren t tec hniques of enco ding consist

either in the use of a compiler or in co ding it b y hand. Sev eral w a ys of automatic SA T-

compilation are explored b y [EMW97]. They w ere mostly concerned ab out form ula size

and n um b er of clauses, whic h are mainly an issue of the CNF enco ding itself. Some

constrain ts ha v e to b e expressed b y form ulas whic h cause an exp onen tial explosion

during con v ersion in to CNF, so they are not appropriate for this approac h.

F or this reason w e presen t a di�eren t approac h to planning b y lo cal searc h [SSST97 ].

The c hosen enco ding is m uc h more direct than CNF and is similar to the planning graph

of Graphplan . This allo ws more 
exibilit y in applying represen tation and optimization

tec hniques.

4.1 Rep resenting the Plan Space

T o solv e a problem b y lo cal searc h, it is necessary to �nd a structure to represen t the

space of p ossible plans. This structure should naturally supp ort a neigh b orho o d-relation,

so that similar plans are close to eac h other.

This can b e done b y axiomatizing a domain in situation calculus [MH69], using logic

form ulas of �rst or second order logic. The expressiv eness of general situation calculus

is ev en higher than of general STRIPS, but the expressiv eness of the reduced STRIPS

in tro duced in Chapter 2 is subsumed b y prop ositional logic.

The approac h tak en b y Sa tPlan is to com bine suc h an axiomatizion to a single

statemen t in a w a y , it is true if and only if the planning problem has a solution.

1

The statemen t is transformed to CNF and solv ed b y a SA T-solv er. In this thesis w e

1

In con trast to Chapter 3 w e use the w ord solution as de�ned in the c hapter De�nitions.

20
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will presen t a similar approac h to co de planning problems in situation calculus. The

di�erence is that this enco ding is direct, without the detour to CNF.

Planning is the task to �nd a sequence of actions to transform an initial state of a

w orld in to a desired one. This is describ ed as the set of 
uen ts. Eac h 
uen t denotes a

prop ert y the w orld p ossibly can ha v e. A 
uen t can b e true or false and can c hange its

v alue o v er time, so a state of the w orld at a certain time is the set of 
uen ts true at this

time.

Actions transform states in to other states b y c hanging the truth v alue of some 
uen ts.

The application of an action is denoted b y an action-
uen t, whic h is true for the time

step of the application and false otherwise. Then the actions applied at a certain time

step can b e represen ted b y the truth v alues of the set of action 
uen ts at this time.

F or the co ding of planning problems as optimization problems, the space of plans has

to b e represen ted as a set, for whic h a neigh b orho o d and an ob jectiv e function is de�ned

appropriately . By replacing eac h 
uen t b y b o olean v ariables, one for eac h time step, the

structure of the feasible set of plans has the prop erties as describ ed in Section 3.6. T o

solv e a sp eci�c optimization problem, whic h has a feasible set consisting of assignmen ts

to a set of v ariables, at least the latter set has to b e �nite. Otherwise, ev en �nding an

optimal solution to an easy problem could require c hanging the assignmen t of an in�nite

n um b er of v ariables. F or this reason, the planning structure has to b e b ounded [KMS96],

so an y plan represen ted b y it m ust b e of length � n for some �xed n . It is NP-complete

to determine, if there is a solution of a certain length to a planning problem [Byl94 ],

so c ho osing a sp eci�c planning structure migh t discard all solutions. This problem is

addressed in Section 4.5. The dep endencies b et w een the v ariables of a planning structure

determine, whic h assignmen t is a solution. These dep endencies are represen ted b y a set

of constrain ts whic h is part of the planning structure.

The feasible set and the ob jectiv e function are su�cien t for an optimization problem,

so an algorithm could use them for a searc h. Using these simple planning algorithms

usually do es not ha v e a go o d p erformance, b ecause all v ariables ha v e to b e determined

b y the searc h. With metho ds of constrain t propagation, the �nal v alue of man y v ariables

can b e determined in p olynomial time. F or applying lo cal searc h metho ds, including

these v ariables in the de�nition of the feasible set often is a sev ere dra wbac k, b ecause all

v ariables can b e c hanged in course of �nding the global optim um. Excluding v ariables

with kno wn v alue cuts the searc h space and can result in a signi�can t sp eedup [EMW97].

Applying constrain t propagation to the planning structure requires b o okk eeping. The

assignmen t of excluded v ariables has to b e preserv ed to generate a complete solution, if

there is one. This b o okk eeping is done b y pro viding a status for eac h v ariable.
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4.2 Constraints

Dep endencies b et w een v ariables of the planning structure can b e seen as constrain ts.

Although the sp ecial prop erties of constrain ts as used in this thesis are in tro duced in

Chapter 6, w e in tro duce a general notion to talk ab out simpli�cation.

De�nition 14. A c onstr aint C on a set s of v ariables restricts the allo w ed v alue com-

binations for a subset s

sub

of s . The set s

sub

is called the sc op e of C .

4.3 The Planning Structure

T o formalize the pro cess of planning b y lo cal searc h, a structure is needed to represen t

simpli�cation and searc h at a certain stage. This planning structure m ust con tain a

represen tation of the feasible set F and the ob jectiv e function o .

De�nition 15. A planning structur e for a planning problem �A , �, 
 � is a �v e-tuple

�V T , S T , C , P P , l

max

� , with V T b eing a tuple of b o olean v ariables; S T b eing a tuple

con taining status v ariables, one for ev ery comp onen t of V T ; C b eing a set of constrain ts;

P P is the underla ying planning problem �A , �, 
 � ; and l

max

is a natural n um b er

represen ting the maximal length the planning structure is b ounded b y .

The tuple V T has the size l

max

� jAj + ( l

max

+ 1) � jLP j and eac h v ariable is indexed

with a natural n um b er. They represen t action and prop osition 
uen ts at a certain time

and there is an arbitrary but �xed mapping b et w een v ariables and 
uen ts at a time.

The status of V T is giv en b y S T 2 f �xed

true

; �xed

false

; �xed

arbitrary

; unkno wn g

jV T j

.

The v ariable tuple V T naturally supp orts a neigh b orho o d relation. Tw o plans are

neigh b ors if their tuple di�ers only in one v ariable. The ob jectiv e function of the plan-

ning structure is de�ned b y the set C .

De�nition 16. A solution of a planning structure �V T , S T , C , P P , l

max

� is a tuple

f true ; false g

jV T j

, so that all constrain ts C 2 C are inactiv e. S is the set of all solutions.

The obje ctive value of a tuple f true ; false g

jV T j

is de�ned as the n um b er of violated

constrain ts.

Example 3. ( c ontinue d ) T o solv e our planning problem presen ted on page 10 as an

optimization problem, w e ha v e to set up a planning structure P S , sho wn in Fig. 4.1.

As de�ned, P S = �V T , S T , C , P P , l

max

� with l

max

= 2. Constrain ts are in tro duced

in Chapter 6, so w e informally state that C con tains t w o t yp es of constrain ts, actions
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imply their pr e c onditions and e�e cts and ther e is at le ast one action active e ach time

step .

2

�

�

�

�

V T =

0

B

B

B

B

B

B

B

B

@

on(A, B)

0 : 5

; on(A, B)

1 : 5

; on(A, B)

2 : 5

;

on(A, T)

0 : 5

; mo v e(A, B, T)

1

; on(A, T)

1 : 5

; mo v e(A, B, T)

2

; on(A, T)

2 : 5

;

on(B, A)

0 : 5

; mo v e(A, T, B)

1

; on(B, A)

1 : 5

; mo v e(A, T, B)

2

; on(B, A)

2 : 5

;

on(B, T)

0 : 5

; mo v e(B, A, T)

1

; on(B, T)

1 : 5

; mo v e(B, A, T)

2

; on(B, T)

2 : 5

;

clear(A)

0 : 5

; mo v e(B, T, A)

1

; clear(A)

1 : 5

; mo v e(B, T, A)

2

; clear(A)

2 : 5

;

clear(B)

0 : 5

; clear(B)

1 : 5

; clear(B)

2 : 5

;

clear(T)

0 : 5

; clear(T)

1 : 5

; clear(T)

2 : 5

1

C

C

C

C

C

C

C

C

A

jV T j = 29

C =

ff mo v e(A, B, T)

1

! clear(A)

0 : 5

^ on(A, B)

0 : 5

^ clear(T)

0 : 5

^ on(A, T)

1 : 5

^ : on(A, B)

1 : 5

g ;

: : : ;

f mo v e(B, T, A)

2

! clear(B)

1 : 5

^ on(B, T)

1 : 5

^ clear(A)

1 : 5

^ on(B, A)

2 : 5

^ : on(B, T)

1 : 5

^ : clear(A)

2.5

g ;

f: mo v e(A, B, T)

1

^ : mo v e(A, T, B)

1

^ : mo v e(B, A, T)

1

^ : mo v e(B, T, A)

1

g ;

f: mo v e(A, B, T)

2

^ : mo v e(A, T, B)

2

^ : mo v e(B, A, T)

2

^ : mo v e(B, T, A)

2

gg

jC j = 10

S T = (unkno wn)

29

T able 4.1: The incomplete planning structure �V T , S T , C , P P , 2 � for the planning

problem giv en in Example 3.

4.4 Steps of Planning b y Lo cal Sea rch

Planning b y lo cal searc h is the pro cess of co ding a planning problem in a planning

structure, searc hing it for a global optim um, and transforming this optim um bac k to

a plan. F or the simpli�cation and the searc h strategies, as �rst step the domain is

analyzed.

4.4.1 Analyzing the Domain

It is not necessary to analyze the domain as a separate step b efore solving a problem but

it can b e v ery helpful. It has to b e p erformed only once and the information gathered

can b e used for all problem instances. This reduces the a v erage planning time. Man y

metho ds only require kno wledge of the domain and not of a sp eci�c planning problem,

2

F or the sak e of simplicit y , the set of constrain ts C is not strong enough to restrict the planning

structure to solutions of the planning problem. That w a y , the simpli�cation do es not eliminate all

v ariables.
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so it is not necessary to calculate them at the time of solving one, it can b e done in

adv ance. Ev en if a strategy is based on problem instances, prepro cessing can cause a

great sp eed up. F or examples of dep endencies whic h can b e found b y analyzing the

domain, see Section 5.

4.4.2 Setting up the Planning Structure

The searc h space for plans is generated straigh tforw ard according to the principles ex-

planed in Section 4.1. After c ho osing a maxim um length, one b o olean v ariable is created

for ev ery 
uen t and ev ery time step.

The ob jectiv e function has to b e de�ned for ev ery assignmen t to V T in a w a y that

solutions are distinguished from other elemen ts of the feasible set. This requires the

ob jectiv e function to enforce all basic prop erties of con
ict-free plans, the prop erties of

a domain, as w ell as the prop erties of a sp eci�c planning instance.

There are sev eral p ossibilities of designing constrain ts to serv e this purp ose. F or

example an ob jectiv e function in Graphplan st yle w ould use dumm y actions for the

case a prop osition is not c hanged at a time. Then the notion of con
ict can b e enforced

b y adding action constrain ts of the t yp e ( a

1

! : a

2

). Because Graphplan p erforms a

complete searc h, initial and goal state are not added b y constrain ts but set and c hec k ed

dynamically . F or more information ab out Graphplan see Section A.3.

Sa tPlan and Pr obaPla b oth based on lo cal searc h, create constrain ts for eac h

action v ariable a whic h imply the preconditions and e�ects of a . T o implem en t the frame

axioms, additional constrain ts enforce the prop er state c hange of prop osition v ariables

in adjacen t time steps. Initial and goal state are enforced b y adding a constrain t for

eac h prop osition ( Sa tPlan ) or b y adding actions Init and Go al whic h imply them

( Pr obaPla ).

4.4.3 Simpli�cation

After setting up the planning structure, it could b e used to �nd one of the assignmen ts

de�ned as solution. Man y v ariables ha v e the same v alue in all solutions, so the searc h

space can b e m uc h larger than necessary .

Simpli�cation is the pro cess of iden tifying v ariables whic h ha v e the same v alue for all

solutions or are not necessary at all. A planning structure can b e replaced b y a less

complex one b y marking these v ariables and remo ving them from all constrain ts.
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Identifying Fixed V a riables

T o remo v e a v ariable from a planning structure, it w ould just b e necessary to determine

its v alue for one solution. If this could b e done for an y v ariable in p olynomial time,

planning w ould b e p olynomial and PSP A CE w ould equal P . A su�cien t prop ert y of a

v ariable to ha v e a certain v alue in one solution is to ha v e this v alue for all solutions.

Lik ewise it is su�cien t for a v ariable to ha v e the same v alue in all solutions if this is

enforced b y a single constrain t.

De�nition 17. F or a planning structure �V T , S T , C , P P , l

max

� , a v ariable v

i

is �xe d

if it has the same v alue in all solutions of P P .

A notation to formalize the pro cess of determining �xed v ariables is giv en b y the

concept of constrain t propagation [Mac87, Kum92]. Information ab out the v alues of

v ariables, not presen t in an y solution is distributed to other constrain ts, so they p ossibly

can further restrain the domain of v ariables. F or the formalization of planning b y lo cal

searc h as presen ted in this pap er, w e use only a simple form of constrain t propagation,

no de- and arc-consistency . Their application can b e ev en more simpli�ed, b ecause the

domains of v ariables in V T are only of size t w o, so excluding the one v alue implies the

other.

De�nition 18. A v ariable v is no de-inc onsistent , if there is a v alue a of the domain of

v and an unary constrain t C , so that an assignmen t of a to v violates C . A v ariable is

no de-c onsistent if it is not no de-inconsisten t.

A v ariable v is ar c-inc onsistent , if there is a v alue a of the domain of v and a constrain t

C , with v and v

0

in its scop e, so that if a is assigned to v , there is no assignmen t to v

0

whic h do es not violate C . A v ariable is ar c-c onsistent if it is not arc-inconsisten t.

De�nition 19. F or a planning structure �V T , S T , C , P P , l

max

� ,

� a v ariable v is �xe d to true , �xed

true

, if an assignmen t v := false w ould b e arc- or

no de-inconsisten t and there is a solution with v := true .

� a v ariable v is �xe d to false , �xed

false

, if an assignmen t v := true w ould b e arc- or

no de-inconsisten t and there is a solution with v := false .

� a v ariable v

i

is �xed to arbitr ary , �xed

arbitrary

, if for ev ery solution s there is another

solution s

0

with the only di�erence b et w een s and s

0

b eing the assignmen t to v .

T o sho w that a v ariable v 2 V T of the planning structure �V T , S T , C , P P , l

max

� is

arbitrary , it is su�cien t to determine, that v is not in the scop e of an y constrain t C 2 C .

F or �xed

true

and �xed

false

it is necessary to ensure the existence of a tuple whic h solv es
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C , b ecause of planning problems without solutions. Otherwise for planning structures

represen ting unsolv able problems, a v ariable could b e �xed b oth to true and to false.

Up dating the Planning Structure

After detecting a �xed v ariable v

i

, the planning structure can b e adjusted to reduce

its complexit y . In the notion of constrain t propagation, this is done b y making the

structure no de- and arc-consisten t. Besides c hanging the i th comp onen t of the v ariable

status tuple from unkno wn to an y of the �xed ones, all constrain ts dep ending on v

i

ha v e

to b e adjusted. This is done b y replacing all o ccurrences of v

i

b y the appropriate v alue.

This can ha v e sev eral e�ects:

� The function c of a constrain t is c hanged to c : V T ! f inactiv e g for all assignmen ts

to V T . This constrain t do es no longer in
uence the ob jectiv e function and can b e

remo v ed.

� The v ariable v

i

do es not o ccur in an y constrain t. The ob jectiv e function do es not

dep end on the v alue of v

i

, so it can b e mark ed �xed

arbitrary

.

� The constrain t on v

i

is propagated. By assigning v

i

a �xed v alue, other v ariables

can b ecome inconsisten t, so the simpli�cation pro ceeds.

The simpli�cation pro cess ends if one of the follo wing situations o ccurs:

� The simpli�cation detects that the planning structure has no solution. This hap-

p ens if an up date forces a constrain t to b e violated for all assignmen ts to V T .

� The simpli�cation �nds a solution of the planning structure b y �xing all v ariables

of V T . In this case, no searc h is necessary and the solution can b e returned

imme diately .

� The simpli�cation pro cess �nds no more no de- or arc-inconsisten t v ariables. F or

this, all v ariables ha v e to b e c hec k ed for �xed

arbitrary

and for all �xed v ariables

their up date ha v e to b e completed.

Simpli�cation is Indep endent of the Order of Evaluation

Simpli�cation strongly dep ends on the c hoice of constrain ts but not on the order of their

application.

Theorem 20. F or a giv en planning structure, simpli�cation alw a ys �nds the same set

of �xed v ariables and marks them similar, indep enden t of the c hosen order of ev aluation.
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Pro of: [Pro of b y con tradiction] Let P S = �V T , S T , C , P P , l

max

� and P S

0

= �V T

0

,

S T

0

, C , P P , l

max

� b e t w o planning structures with P S = P S

0

and S T = f unkno wn g

jV T j

.

F or simplifying P S and P S

0

, t w o di�eren t orders of up dates are c hosen, so after com-

pletion, S T and S T

0

are di�eren t. W. l. g., w e assume that s

i

2 S T and s

0

i

2 S T

0

with

s

i

6= s

0

i

after simpli�cation.

If s

0

i

and s

0 0

i

b oth are determined to b e �xed, they ha v e to b e mark ed similar, b ecause

according to De�nition 17, for the same planning structure, a v ariable can only b e �xed

to one of �xed

true

, �xed

false

, or �xed

arbitrary

.

The other case is that for one planning structure a v ariable is determined to b e �xed

but not for another. W. l. g. , let s

0

i

= �xed

true

, s

00

i

= unkno wn, v

i

w as the �rst v ariable

to b e mark ed �xed in S T but not in S T

0

, and C is the constrain t that determined v

i

to b e �xed.

Because v

i

w as the �rst v ariable in V T that caused a di�erence b et w een S T and

S T

0

, all v ariables of the scop e of C , whic h determined v

i

, are �xed similar at the end

of simpli�cation, so v

i

has to b e �xed similar for P S and P S

0

. This completes the

con tradiction. �

Example 3. ( c ontinue d ) T able 4.2 sho ws the v ariable tuple after simpli�cation. The

n um b er of undetermined v ariables is reduced from 29 to 13. If C w ould additionally

con tain constrain ts for the frame axioms, the simpli�cation w ould ha v e determined all

v ariables and solv ed the planning problem.

First, the constrain ts for the e�ects of action application are examined. They de-

termine three action v ariables of the �rst and one of the second time step as �xed

false

.

On the �rst time step, the constrain t whic h enforces at least one action to b e activ e

determines the last action v ariable on time step one to b e �xed

true

. This determines t w o

v ariables on the in termediate fact state, whic h �nally determines another action of the

second time step to b e �xed

false

.

�

�

�

�

V T =

0

B

B

B

B

B

B

B

B

@

on(A, B)

0 : 5

; ; on(A, B)

2 : 5

;

; mo v e(A, B, T)

1

; on(A, T)

1 : 5

; ; on(A, T)

2 : 5

;

; ; on(B, A)

1 : 5

; mo v e(A, T, B)

2

; on(B, A)

2 : 5

;

on(B, T)

0 : 5

; ; on(B, T)

1 : 5

; ; on(B, T)

2 : 5

;

clear(A)

0 : 5

; ; clear(A)

1 : 5

; mo v e(B, T, A)

2

; clear(A)

2 : 5

;

; clear(B)

1 : 5

; clear(B)

2 : 5

;

clear(T)

0 : 5

; clear(T)

1 : 5

; clear(T)

2 : 5

1

C

C

C

C

C

C

C

C

A

T able 4.2: The incomplete v ariable tuple after simpli�cation. Prop ositions in b old face

are �xed to true, missing prop ositions are �xed to false.
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4.4.4 Sea rching fo r a Solution

The feasible set of the optimization problem is the set of all assignmen ts to the v ariables

not �xed. As de�ned, the ob jectiv e function is the n um b er of violated constrain ts. After

simpli�cation, an assignmen t to all non-�xed v ariables has to b e found. This is done

b y lo cal searc h follo wing the principles of Chapter 3. A step of the planning pro cess is

p erformed b y c hanging the assignmen t of one v ariable. According to the lo cal searc h

mec hanism, a v ariable v is c hosen. The assignmen t of v has to b e c hanged next, whic h

is called a 
ip . After the 
ip, the status of all constrain ts get up dated.

4.5 Incompleteness and Plan Length

By solving a planning problem, it is usually neither kno wn whether there is a solution

nor its minim al length. This is the source of additional complexit y of planning compared

to other classes of optimization problems. If a complete planner fails to �nd a plan of

a certain length, it pro v ed that there is no solution of that length. Planner using lo cal

searc h strategies cannot dra w this conclusion. If an incomplete strategy do es not �nd a

solution of a certain length, there still can b e one.

A common w a y to o v ercome this problem is to searc h for a longer solution after failing

to �nd one for the curren t b ound. If the plan length b ecomes long enough, there is a

p ossibilit y to �nd a solution. There are t w o dra w-bac ks with this approac h:

� Although there are domains for whic h longer solutions are easier to �nd than

solutions of the minimal length [Byl94 ], there are planner whic h are distracted

b y long plans. The reason is the exp onen tial explosion of p ossible plans b y plan

length. These planners, lik e Sa tPlan or Pr obaPla , ha v e to carefully c ho ose

the parameter the planning structure is b ounded b y .

� If there is a solution with length n , there ma y not alw a ys b e solutions with length

m , n < m . This can b e a prop ert y of the domain whic h only allo ws solutions with

a certain length or can b e caused b y using restraining strategies lik e v alidit y , see

Section 5.6.

T o b e sure not to miss a solution shorter than the curren tly considered length, the

solution determination function has to b e adapted to detect them.

Another tec hnique to reduce the impact of not kno wing the minim al solution length

is �nding a lo w er b ound. Graphplan only starts a searc h if all pairs of goals can

b e reac hed indep enden tly . This condition is tested during its simpli�cation step, see

App endix A.3.



Chapter 5

Domain Analysis

Searc hing all p ossible plans is not a useful approac h for most planning domains. By

emplo ying strategies, planner can cut the size of the plan space. Using suc h strategies

usually in v olv es domain analysis. This analysis is concerned with dep endencies of a

planning instance, whic h do not ev olv e from sp eci�c prop erties of an instance. These

dep endencies are prop erties of the domain and can b e detected in adv anced.

Domain analysis is a t w o step pro cess of calculating a collection of strategies for

planning domains and their planning instances. In the �rst step, a domain gets analyzed

and the resulting information is attac hed to the domain description. After de�ning a

sp eci�c planning problem of this domain, the second step �lters out all information v alid

for the domain but not for this instance. The remainder is used to create strategies for

that sp eci�c problem. All these dep endencies could b e computed online during the

planning pro cess, so a global analysis is not an essen tial part of planning, but here are

sev eral adv an tages of domain analysis as prepro cessing:

� It can b e done once for all planning problems of a domain.

� Some dep endencies require global analysis, so the results can b e reused without

extra e�ort.

� Domain analysis is p olynomial and allo ws a reduction in complexit y of the problem

instances.

A dra wbac k of domain analysis is that its results do not hold for all problem instances.

Dep endencies whic h are implied b y the domain m ust not b e implied b y the union of

domain and initial state, b ecause the latter is not the result of an action application.

All dep endencies found b y domain analysis ha v e to b e c hec k ed b efore applying them to

a planning instance.

Dep endencies found b y domain analysis can b e applied during simpli�cation and

searc h. Besides impro ving the ob jectiv e function, they can restrain the set of solutions.

29
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The application of restraining strategies maps a planning problem to another with a

p ossibly smaller set of solutions, but is guaran teed to k eep at least one. In case the

desired result of planning is the set of all solutions, a mec hanism has to b e pro vided to

�nd the discarded ones. Usually an y found solution is a v alid result and some planning

strategies, lik e the ones using lo cal searc h, are not suitable to �nd all. F or a deep er

treatmen t of restraining strategies, see [Sc h97].

The next sections presen t sev eral dep endencies whic h hold for prop ositions in solutions

of planning problems.

5.1 A Prop osition implies another One

If all actions whic h add a prop osition p also add a prop osition q and all actions whic h

delete q also delete p , p implies q .

De�nition 21. F or a domain A and p; q 2 L ( A ), w e de�ne the relation PimpliesQ as

follo ws:

PimpliesQ ( p; q ) � 8 a 2 A : p 2 add ( a ) ! q 2 add ( a ) ^ q 2 del ( a ) ! p 2 del ( a )

The de�nition do es not need to distinguish b et w een actions adding a prop osition and

actions deleting it, b ecause actions are prohibited to do b oth.

Theorem 22. Let P b e a con
ict-free plan of the domain A . If for t w o prop ositions

p; q 2 L ( A ), Init observ es ( p ! q ), w e ha v e for all states s

t + : 5

2 P

PimpliesQ ( p; q ) ) ( p

t + : 5

! q

t + : 5

)

Pro of: [Pro of b y con tradiction] Let p; q 2 L b e t w o prop ositions whic h are related b y

PimpliesQ ( p; q ), let P b e a con
ict-free plan, and Init observ es ( p ! q ). F urthermore

let p

t + : 5

b e true and q

t + : 5

b e false. According to the de�nition, there could b e no action

a 2 A whic h could delete q without deleting p or add p without adding q . Therefore, p

t � : 5

m ust b e true and q

t � : 5

m ust b e false. Because plans are �nite, this is a con tradiction.

�

5.2 Equivalent Prop ositions

Tw o prop ositions are equiv alen t if b oth imply the other.

De�nition 23. PQe quiv ( p; q ) � PimpliesQ ( p; q ) ^ PimpliesQ ( q ; p )
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Theorem 24. Let P b e a con
ict-free plan of the domain A . If for t w o prop ositions

p; q 2 L ( A ) Init observ es ( p $ q ), w e ha v e for all states s

t + : 5

2 P

PQe quiv ( p; q ) ) ( p $ q )

Pro of: [Pro of b y con tradiction] Let p; q 2 L b e t w o prop ositions whic h are related b y

PQe quiv ( p; q ), let P b e a con
ict-free plan, and Init observ es ( p $ q ). F urthermore let

p

t + : 5

6= q

t + : 5

. W.l.g. w e assume that p

t + : 5

is true and q

t + : 5

is false. According to the

de�nition, it holds ( p

t + : 5

! q

t + : 5

), whic h is a con tradiction. �

5.3 A Prop osition implies the Negation of another One

The relation ( p ! : q ) is suitable for describing imp ortan t prop erties of man y domains.

F or example in blo c ks w orld, either blo c k is clear or another blo c k can stand on it. This

could b e expressed b y the prop ositions clear(A) , on(A, B), on(A, C) , a. s. o., related b y

(clear(A) ! : on(B, A) ), (clear(A) ! : on(C, A) ), a. s. o. Also the follo wing relations

hold: (on(B, A) ! : on(C, A) ), a. s. o. See T able 5.1. Usually these relations are added

as domain kno wledge or are not used at all. De�ning PimpliesNotQ similar to PimpliesQ

w ould not imply most of these dep endencies, so it is necessary to �nd a stronger relation.

�

�

�

�

on(B, A) on(C, A)

...on(D, A)

clear(A)
actions

T able 5.1: An example for a m utual exclusiv e prop osition set M of a blo c ks w orld

domain, with M = f clear(A) , on(A, B), on(A, C) , a. s. o. g . Only one of these prop o-

sitions is activ e at a time, so they are related b y (clear(A) ! : on(B, A)), (clear(A) !

: on(C, A) ), a. s. o. Also the follo wing relations hold: (on(B, A) ! : on(C, A)), a. s. o.

The solid arro ws represen t pairs of actions, whic h can activ ate one prop osition if they

can consume the other.

Sets of prop ositions, structured as in the example, ha v e sev eral prop erties whic h

c haracterize them.

De�nition 25. A set of prop ositions M is a mutual exclusive pr op osition set MPS for

a domain A , i�

� it is a subset of the prop ositions of the domain, M � L ( A ), and
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� at most one of its elemen t s is part of a state, if this w as the case with the preceding

state, 8 t � 1 : j s

t � : 5

\ M j � 1 ! j s

t + : 5

\ M j � 1.

F or suc h a set, eac h activ e elemen t implies the negation of all others. A MPS has

some more prop erties:

Lemma 26. Let M b e a MPS.

� If an action adds an elemen t of M , it m ust delete another.

� An action can add at most one elemen t of a M .

� If an action adds an inactiv e elemen t of M , it m ust delete an activ e one.

Pro of: [b y con tradiction] Let M b e a MPS. If an y of the three prop erties is not met

for M , there could b e a state s with j s \ M j � 1 and an action a applicable in s , so

that the application of a results in a state s

0

with j s

0

\ M j � 2. This is a con tradiction

to the assumption that M is a MPS. �

The de�nition of IsMutualPr op ositionSet closely follo ws Lemma 26.

De�nition 27. F or a domain A , w e de�ne IsMutualPr op ositionSet ( M ) �

8 a 2 A : 9 p 2 M : p 2 add ( a ) ! ( 9 q

1

2 M : q

1

2 pr e ( a ) \ del ( a ) ^ j add ( a ) \ M j = 1)

An additional prop ert y of some MPSs is that exactly one of their elemen ts is activ e.

A MPS can b e tested on strictness in a straigh tforw ard w a y .

De�nition 28. A m utual exclusiv e prop osition set MPS is strict , i� exactly one of its

elemen ts is activ e at a time.

IsStrictMPS ( M ) � IsMutualPr op ositionSet ( M ) ^

:9 a 2 A : j del ( a ) \ M j � 1 ^ j add ( a ) \ M j = 0

The set of subsets of L is exp onen tially larger than L , so it is not trivial to calculate

m utual exclusiv e prop osition sets for domains. F or example, in Russell's 
at tire domain

describ ed in [BF95 ], M � f in b o ots n uts, ha v e n uts, lo ose n uts, tigh t n uts g is a MPS.

The �rst t w o and the second t w o prop ositions are also part of di�eren t MPSs, so for

deducing (in b o ot n uts ! : tigh t n uts), it is necessary to �nd M. Unfortunately , if

domain analysis is used with this notion of MPS, it is necessary to �nd all MPSs of this

domain. Only then it can b e guaran teed that for ev ery problem instance all relations

( p ! : q ) deducible from MPSs are found. This b ecomes clear in a domain where p and

q are part of t w o distinct m utual exclusiv e prop osition sets, MPS

1

and MPS

2

. If MPS

1
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is not found and MPS

2

is not regarded b y a sp eci�c problem instance, ( p ! : q ) could

b e deduced but isn't.

Lemma 26 tells us that actions adding facts of a MPS are only applicable if they delete

an activ e fact. This migh t b e guaran teed b y mec hanism s of a domain not deducible b y

domain analysis, so not all MPSs can b e found. If all actions, whic h handle elemen ts

of a MPS M , consume them instead of just deleting them, it is p ossible to construct

M and therefore to deduce it. Making up a domain whic h con tains a MPS constituted

without consuming actions is hard, so w e b eliev e in most domains, MPSs are deducible

b y construction.

An alternativ e to a v oid the complexit y of �nding all MPS in a domain is to use a

more restricted de�nition of MPS, so that these are easy to �nd.

De�nition 29. A MPS M is a c enter e d mutual exclusive pr op osition set CMPS and p

is the c enter of M , i� p 2 M ^ 8 q

1

; q

2

2 M n f p g : :9 a: q

1

2 add ( a ) ^ q

2

2 del ( a )

A CMPS is called cen tered b ecause no action can add p

1

2 CMPS or delete p

2

2 CMPS

without p

1

or p

2

b eing the cen ter. They ha v e the adv an tage that an y MPS has at most

one cen ter and an y prop osition is the cen ter of at most one MPS. This allo ws to de�ne

PimpliesNotQ in a w a y it can b e impleme n ted straigh tforw ard.

De�nition 30. F or a domain A , w e de�ne

PisCenterOfCMPS ( p; M ) � 8 a

1

: p 2 add ( a

1

) : ( 9 q 2 M : q 2 pr e ( a

1

) \ del ( a

1

)) ^

( 8 q 2 M n f p g : 8 a

2

: q 2 add ( a

2

) ! p 2 pr e ( a

2

) \ del ( a

2

))

The follo wing t w o functions de�ne PimpliesNotQ similar to other prop erties describ ed

in this c hapter.

IsCenter e dMPS ( M ) � 9 p 2 M : PisCenterOfCMPS ( p; M n f p g )

PimpliesNotQ ( p; q ) � 9 M : p; q 2 M ^ IsCenter e dMPS ( M )

CMPSs are strong enough to imply the blo c ks w orld examples men tioned ab o v e, but

not the example of the 
at tire domain.

Example 31. T able 5.2 is an example ho w to calculate a domain prop ert y .

5.4 The Negation of a Prop osition implies another One

A set of prop ositions whic h negations imply the others could b e de�ned similar to

m utual prop osition sets, but it cannot b e detected the same w a y . Precondition lists are

restricted to b e p ositiv e, so the application of an action cannot dep end on the absence
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�

�

�

�

for f

1

2 L ( A ) do Let us assume f

1

is a cen ter of a CMPS

remo v e all tags ( L ( A )


ag

isCMPS

:= f al se ;

for a

1

2 A ; f

1

2 add ( a

1

) do Theseare actions whic h mo v e the activit y to f

1

,

for f

2

2 pr e ( a

1

) [ del ( a

1

) do so there m ust b e a prop osition f

2

to mo v e from.


ag

del

:= f al se ;


ag

isCMPS

:= tr ue ;

for a

2

2 A ; f

2

2 add ( a

2

) do Is there an action consuming f

2

?


ag

del

:= tr ue ; W e enforce, that there is!

if ( f

1

62 pr e ( a

2

) _ f

1

62 del ( a

2

))

then


ag

isCMPS

:= f al se ; But no action is allo w ed with this prop ert y!

� These actions destro y the MPS prop ert y ! f

1

is not a cen ter!

o d

o d

if ( 
ag

isCMPS

= tr ue )

then

con tin ue ; As said, f

1

is not cen ter of a CMPS!

�

if ( 
ag

del

= tr ue )

then

tag ( f

2

); If f

1

is a cen ter, f

2

is part of the same CMPS

�

o d

for f

2

2 L ( A ) do

if ( is tagged ( f

2

))

then

setFstImpliesSnd ( f

1

; f

2

); The cen ter is m utually exclusiv e with all other tagged,

�

for f

3

2 L ( A ) ; is tagged ( f

3

) do


ag

MutualExclusiv e

:= tr ue ;

for a

1

2 A do

if ( f f

2

; f

3

g � add ( a

1

))

then


ag

MutualExclusiv e

:= f al se ;

�

o d

if ( 
ag

MutualExclusiv e

= tr ue )

then

setFstImpliesSnd ( f

2

; f

3

); and the others, to o, if not added sim ultaneously .

�

o d

o d

o d

T able 5.2: An algorithm for calculation of cen tered m utual exclusiv e prop osition sets

CMPS.
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of a prop osition. This also is the reason that it is unlik ely for a domain to con tain suc h

a set with a size bigger than t w o. W e will de�ne NotPimpliesQ similar to PimpliesQ .

De�nition 32. F or a domain A and p; q 2 L ( A ), w e de�ne the relation NotPimpliesQ

as follo ws:

NotPimpliesQ ( p; q ) � 8 a 2 A : p 2 del ( a ) ! q 2 add ( a ) ^ q 2 del ( a ) ! p 2 add ( a )

Theorem 33. Let P b e a con
ict-free plan of the domain A . If for t w o prop ositions

p; q 2 L ( A ), Init observ es ( : p ! q ), w e ha v e for all states s

t + : 5

2 P

NotPimpliesQ ( p; q ) ) ( : p ! q )

Pro of: [Pro of b y con tradiction] Let p; q 2 L b e t w o prop ositions whic h are related b y

NotPimpliesQ ( p; q ), let P b e a con
ict-free plan, and Init observ es ( : p ! q ). F urther-

more let p

t + : 5

b e true and q

t + : 5

b e false. According to the de�nition, there could b e no

action a 2 A whic h could delete q without adding p or delete p without adding q . There-

fore, p

t � : 5

and q

t � : 5

m ust b e false. Because plans are �nite, this is a con tradiction. �

Although this de�nition of NotPimpliesQ is m uc h w eak er than the de�nition of

PimpliesNotQ , it is su�cien t to �nd some in v erse prop osition pairs.

5.5 Inverse Prop osition

Tw o prop ositions are in v erse if exactly one of b oth is activ e at an y time step.

De�nition 34. PQinverse ( p; q ) � PimpliesNotQ ( p; q ) ^ NotPimpliesQ ( p; q )

Theorem 35. Let P b e a con
ict-free plan of the domain A . If for t w o prop ositions

p; q 2 L ( A ) Init observ es ( p $ : q ), w e ha v e for all states s

t + : 5

2 P

PQinverse ( p; q ) ) ( p $ : q )

Pro of: [Pro of b y con tradiction] Let p; q 2 L b e t w o prop ositions whic h are related b y

PQinverse ( p; q ), let P b e a con
ict-free plan, and Init observ es ( p $ : q ). F urthermore

let p

t + : 5

= q

t + : 5

. W.l.g. w e assume that p

t + : 5

and q

t + : 5

are true. According to the

de�nition, it holds ( p

t + : 5

! : q

t + : 5

), whic h is a con tradiction. �

5.6 V alidit y

T otal-order planners often ha v e to consider more distinct plans than partial-order plan-

ners, b ecause for eac h partial-ordered plan there migh t b e sev eral total ordered ones. In

general, this can b e a problem for total-order planners, b ecause they ha v e to consider

more plans whic h enlarges the searc h space and could defer a decision for a solution.
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V alidit y is a restraining strategy whic h addresses this problem b y factorizing the set of

solutions similar to partial-order planners. The strategy is to prohibit an action a

t +1

1

if

there is no action a

t

2

whic h mak es a

1

v alid. F or example, this w ould reduce the branc hing

factor of a forw ard state space searc h.

5.6.1 Dep endencies of Actions in a V alid Plan

The only w a y t w o STRIPS actions can in terfere is b y sharing prop ositions in their

precondition, add, or delete list. The ordering of actions of con
ict-free plans do es not

dep end on all of them, only three of the p ossible nine com binations are imp ortan t.

De�nition 36. F or t w o actions a

1

and a

2

, w e de�ne

� a

1

pp

� ! a

2

holds, i� 9 p: p 2 pr e ( a

1

) ^ p 2 pr e ( a

2

)

� a

1

pa

� ! a

2

holds, i� 9 p: p 2 pr e ( a

1

) ^ p 2 add ( a

2

)

.

.

.

� a

1

dd

� ! a

2

holds, i� 9 p: p 2 del ( a

1

) ^ p 2 del ( a

2

)

Because these relations are based on cause and e�ect, they are not symmetri c, with

the exception of

pp

� ! ,

aa

� ! , and

dd

� ! . In a plan, they only are of relev ance if the �rst

action is ordered earlier time step than the second.

Theorem 37. In STRIPS domains, the order of actions in con
ict-free plans dep ends

only on

ap

� ! ,

p d

� ! , and

da

� ! , whic h relate actions a

t

1

1

and a

t

2

2

with t

1

< t

2

.

Pro of: T o pro v e that the ordering of actions in con
ict-free plans dep ends only on

ap

� ! ,

p d

� ! , and

da

� ! from earlier to later time steps, it is su�cien t to sho w (1) that for these

relations it could cause a con
ict to c hange the order, and (2) that this is not true for

the others.

Let P b e a con
ict-free plan, a

t

1

1

, a

t

2

2

2 P with t

1

< t

2

, and p is the prop osition that

relates a

1

and a

2

.

1. Let a

1

ap

� ! a

2

. After c hanging the order, the precondition of a

2

migh t not b e true.

This migh t lead to a con
ict.

Let a

1

p d

� ! a

2

. After c hanging the order, the precondition of a

1

migh t b e false, so

there could b e a con
ict.

Let a

1

da

� ! a

2

. After c hanging the order, the add-e�ect of a

2

migh t b e deleted,

whic h could result in a con
ict.
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2.

pp

� ! ,

aa

� ! , and

dd

� ! are symmetric with resp ect to p , so reordering do es not c hange

its v alue.

If P is a con
ict-free plan and a

1

pa

� ! a

2

holds, p is true b efore executing a

1

.

Reordering of a

1

and a

2

w ould mak e no di�erence.

P is a con
ict-free plan, so a

t

1

1

dp

� ! a

t

2

2

cannot b e the only in terference of these t w o

actions. There has to b e an action a

t

3

3

, t

1

< t

3

< t

2

, whic h adds p . The ordering

then dep ends on a

t

1

1

da

� ! a

t

3

3

and a

t

3

3

ap

� ! a

t

2

2

.

If the relation

ad

� ! holds, p is deleted b y a

2

and therefore not necessary for plan

execution. Ordering a

2

b efore a

1

w ould mak e p true. This cannot cause a con
ict,

b ecause preconditions ha v e to b e p ositiv e. There is a sp ecial case if the actions

are reordered to the same time step. According to the de�nition this is a con
ict,

although w e kno w that the v alue of p do es not matter. During plan syn thesis w e

can neglect this problem b ecause all linearizations are con
ict-free.

�

5.6.2 The V alidit y-Relation

Theorem 37 states that if w e w an t to analyze the dep endencies b et w een actions in a

plan, w e only ha v e to consider

ap

� ! ,

p d

� ! , and

da

� ! holding b et w een actions from earlier

to later time steps. There are man y plans with the same actions and same dep endencies,

so it is useful to group them.

F or eac h solution to a planning problem, the actions and the relations b et w een them

form a directed, acyclic graph, D A G. Ev ery action on ev ery time step is a no de and

the relations

ap

� ! ,

p d

� ! , and

da

� ! from earlier to later ordered actions are the edges of

the D A G. W e can de�ne an equiv alence relation b y relating solutions ha ving the same

D A G. This relation factorizes S in to classes of solutions with same actions and order.

As represen tativ e for eac h equiv alence class, w e c ho ose the mem b er whic h has eac h

action a

t

inserted at the time t equal to the length of the maxim um path from Init to

this action plus one.

1

This plan has eac h action inserted at the earliest p ossible time

step.

De�nition 38. S

R

denotes the set of all equiv alence class represen tativ es.

S

R

is empt y if and only if S is empt y . Eac h plan in S has a represen tativ e in S

R

and

can easily b e reconstructed b y (partially) serializing the latter. F or ev ery equiv alence

class, one of its shortest mem b ers is c hosen as class represen tativ e.

1

Init is inserted at time step one.
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T o b e a v alid part of a plan in S

R

, an action m ust either b e at time step t = 1 or b e

related to a direct predecessor in a similar w a y they in terfere.

De�nition 39.

� An action a

1

mak es an action a

2

valid , i� a

1

v

� ! a

2

holds, with

v

� ! � a

1

ap

� ! a

2

_ a

1

p d

� ! a

2

_ a

1

da

� ! a

2

� A plan is called valid , i� for all actions a

t

1

2 P w e ha v e

a

1

� Init or 9 a

t � 1

2

2 P : a

2

v

� ! a

1

The construction metho d of plans in S

R

guaran tees all of their actions to b e v alid.

Theorem 40. F or all plans in ( S n S

R

) there is at least one action whic h is not v alid.

Pro of: [Pro of b y con tradiction] Let P 2 ( S n S

R

) and all actions a

t

2 P shall b e v alid.

Then for ev ery a

t

there is a sequence of actions Init

v

� ! a

2

1

v

� ! : : :

v

� ! a

t � 1

n

v

� ! a

t

,

whic h has the length t . This sequence corresp onds to a path of length t in the D A G of

P , so P m ust b e its o wn equiv alence class represen tativ e. Therefore it is elemen t of S

R

,

whic h completes the con tradiction. �

Theorem 41. V alidit y factorizes the set of plans.

Pro of: [Pro of b y con tradiction] Let P 2 P and P has t w o distinct represen tativ es P

1

and

P

2

. Eac h of them has the same D A G as P but they m ust b e distinct, whic h completes

the con tradiction. �

5.7 Reverse Actions and Actions annulling other Ones

If an action a

1

undo es all e�ects of an action a

2

, a

1

is ann ulling a

2

. In that case, suc h

an action pair migh t b e unnecessary in solutions if one of the follo wing conditions is

ful�lled:

� Actions a

1

and a

2

are ann ulling eac h other, so they are rev erse. Rev erse action

pairs cannot mak e the other v alid (see Section 5.6) and it is not necessary to

consider plans con taining rev erse actions in subsequen t time steps.

� If a

1

ann uls a

2

but they are not rev erse, a

2

� a

1

can b e replaced b y a

1

, but only if

the execution of a

1

cannot dep end on a

2

. Otherwise the elimination of a

2

could

result in a con
ict.
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5.8 Uselessness

An action a

1

is useless if it has no add-e�ect whic h is required b y another action or

b y the goal. It can b e made useless if all its add-e�ects, whic h p ossibly could mak e it

useful, already are activ e or are clobb ered b y another action. F urthermore, a

1

cannot

b e made useful solely b y its rev erse a

2

, ev en if they are not in adjacen t steps. All of the

e�ects of a

1

w ould b e ann ulled and a

2

cannot ha v e other e�ects than the ones a

1

has

deleted.

Actions whic h are useless can b e deleted from a plan without pro ducing a con
ict.

This is esp ecially helpful in com bination with v alidit y , b ecause there migh t b e actions

whic h are v alid only b ecause they are related to useless ones.

Uselessness in parallel plans is not partitioning S , b ecause an add-e�ect can b e clob-

b ered b y an action on the same time step. Let a

t

1

and a

t

2

b e part of plan P . If they are

useful only b ecause p 2 add ( a

1

) and p 2 add ( a

2

), a

t

1

and a

t

2

clobb er eac h other. Eac h of

them could b e remo v ed b y a re�nemen t strategy using uselessness, so P has t w o repre-

sen tativ es. Nonetheless remo ving unnecessary actions reduces plan length and n um b er

of actions as w ell as the n um b er of solutions monotonous.

5.9 Action Subsumption and T rue Subsumption

An action a

1

subsumes a

2

i� add ( a

2

) � add ( a

1

) and del ( a

1

) � del ( a

2

). As with rev erse

actions, there is no need to execute subsumed actions in parallel or imme diately follo wing

its sup er-action.

Action a

1

truly subsumes a

2

i� a

1

subsumes a

2

and pr e ( a

1

) � pr e ( a

2

), so that a

1

could b e inserted an ywhere a

2

can. There is no need to consider a

2

an ymore, it can b e

remo v ed from the planning problem.

5.10 Subsumption of Sequences of Actions

Also there are domains where an application of a sequence of actions can b e replaced b y

one other action. A pathological example is blo c ks w orld. After emplo ying the v alidit y

constrain t, an action has three prop ositions whic h mak e other actions v alid.

2

These are

caused b y the source and the destination of the mo v e, and the mo v ed blo c k itself. In

2

Besides actions in v olving the table, whic h is alw a ys clear. If it could b e unclear, the order of actions

could dep end on this prop ert y . This w ould increase the branc hing factor of actions in v olving the table.

See Section 5.6 for information ab out this topic.
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this domain, no blo c k m ust b e mo v ed in consecutiv e time steps. It just could ha v e b een

placed at the desired p osition, so the branc hing factor can b e cut b y one third.

Tw o consecutiv e actions a

1

and a

2

can b e replaced b y an actions a

3

, i� the result of

executing a

1

� a

2

and a

3

are the same and they are applicable in the same states.

De�nition 42.

FstTwoR ep ac ableByThd ( a

1

; a

2

; a

3

) � pr e ( a

3

) � pr e ( a

1

) [ ( pr e ( a

2

) n add ( a

1

)) ^

( add ( a

1

) n del ( a

2

)) [ add ( a

2

) � add ( a

3

) ^

del ( a

3

) � ( del ( a

1

) n add ( a

2

)) [ del ( a

2

) ^

del ( a

1

) \ pr e ( a

2

) = ;

The de�nition of con
ict prohibits the usage of in termediate e�ects of a

t

1

� a

t +1

2

, so a

3

can safely replace the other t w o.

5.11 Unused F acts and Actions

As with man y prop erties of domains, the usage of facts and actions strongly dep ends

on the sp eci�c planning instance. F or example a prop osition p 62 L migh t b e necessary

b ecause it is part of a goal state. In this case,the domain analysis hs to b e able to

calculate the set of prop ositions whic h has to b e c hec k ed.

A fact is unnecessary if it is not mem b er of an y precondition list. Additionally , it is

unnecessary if no action is deleting it and it is part of the initial state, or no action is

adding it and it is not added b y Init . If a fact is required b y Go al but do esn't get

added and is not part of Init , there is no solution to this sp eci�c problem instance.

An action is necessary if it adds at least one necessary fact and it has no fact in its

precondition list whic h is alw a ys false.

5.12 Implicati on of an Applied Action

Actions imply their preconditions and e�ects. They also imply prop ositions implied

b y their prop osition lists, if it is com bined with the relations ( p ! q ), ( p ! : q ), and

( : p ! q ). F or example, if for an action a it holds p 2 pr e ( a ) ^ p 62 del ( a ) and additionally

w e ha v e ( p ! : q ), the application of a in the state s

t

implies q 62 s

t

and q 62 s

t +1

.



Chapter 6

Constraints

Through this thesis, the w ord constrain t is used to denote sligh tly di�eren t concepts.

As giv en in De�nition 14, a constrain t is a limitation of the v alues, a set of v ariables can

tak e. This concept is useful for discussing no de- and arc-consistency , and simpli�cation

for arbitrary constrain ts.

The constrain ts used for planning are not arbitrary . They mirror dep endencies p osed

on the v ariable tuple b y the domain, the sp eci�c planning instance, and b y planning

strategies. These dep endencies do not �nally determine the design of constrain ts, so t w o

planning problems with the same co ding to v ariables can result in di�eren t ob jectiv e

functions.

This c hapter in tro duces dimensions in the design space of constrain ts used for planning

and discusses constrain ts for dep endencies giv en in Chapter 5. W e will discuss general

prop erties of constrain ts b efore w e will presen t and explain examples.

As de�ned in Section 4.2, a constrain t is a restriction on the v alues, the elemen ts of a

set of v ariables can tak e. With the notion of planning structure giv en in Chapter 4, it

is p ossible to �nd a more strict de�nition.

De�nition 43. F or a planning structure �V T , S T , C , P P , l

max

� , a c onstr aint C 2 C

on a subset s

sub

of the v ariable tuple V T is a function c : V T 7! f activ e ; inactiv e g .

Synon yms for activ e resp. inactiv e are violate d resp. solve d . The set s

sub

is called the

sc op e of C .

In v alid solutions of planning structures, all constrain ts are inactiv e. This w a y , con-

strain ts restrict the v alues, v ariables can tak e in solutions.

41
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6.1 The Space of Constraints

A constrain t has to b e sp eci�cally designed. Besides expressing a certain relationship,

it has to �t to the other constrain ts, to the design of the planning structure, and to the

searc h mec hanism.

The design of constrain ts can di�er in sev eral w a ys. Some dimensions in this space of

constrain ts are:

� The purp ose of a constrain t is to enforce the dep endency it w as de�ned for. Pur-

p ose and design of a constrain t are lo osely related, as di�eren t purp oses can result

in the same constrain t and di�eren t constrain ts can ha v e the same purp ose.

� The design is the implem en tati on of the purp ose. Its qualit y dep ends on the

planning algorithm but there are some general prop erties. Constrain ts should b e

designed to enforce the �xing of v ariables. The purp ose no two actions c an o c cur

at the same time step can b e implem en te d as constrain t on pairs of v ariables.

Ho w ev er a design observing all actions at a time step at once, additionally can

enforce at le ast one action e ach time step . Only the second design can determine

whether a 
uen t is �xed

true

at a certain time.

� The sc op e of a constrain t is the set of v ariables it dep ends on. If the scop e is wide,

ev aluating the constrain t tends to b e complex and so the time for an up date step

is high. It is hard to predict the in
uence of a complex constrain t but on the other

hand, they can b e p o w erful and reduce the total n um b er of constrain ts added to

the planning structure.

� The br e adth of a constrain t is the n um b er of di�eren t 
uen ts it a�ects. Breadth is

di�eren t from scop e, b ecause sev eral v ariables of the v ariable tuple represen t the

same 
uen t. The n um b er of constrain ts enforcing a dep endency of all 
uen ts at

a time step can v ary b et w een jLP j � ( jLP j � 1) = 2 with breadth 2 and only one

constrain t with the breadth jLP j .

� The r ange of a constrain t is the maximal distance of time steps with v ariables

it can a�ect. Constrain ts ha ving a long range allo w a c hange in the planning

structure to spread fast. A dra wbac k is that their e�ect on the ob jectiv e function

is hard to predict.

6.2 Classes of Constraints

This section presen ts examples of purp oses and designs of constrain ts used for planning.
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Applying the Initial and Goal States

Constrain ts for applying the initial and the goal state to a planning structure just ha v e

to determine a 
uen t at a certain time. A fast planner w ould not use this t yp e of

constrain ts but just remo v e the v ariable from the planning structure. They are used b y

Pr obaPla for the reason of treating all constrain ts similar.

Action implying their Preconditions and E�ects

The application of an action determines its preconditions and e�ects. Constrain ts serv-

ing this purp ose ha v e a range of 1 if b oth are treated together or of 1 = 2 if not. The

breadth of this class of constrain ts can v ary . If ev ery prop osition is handled separately ,

the breadth is 2. Because prop ositions can determine other prop ositions, the maximal

breadth can ev en b e higher than the maximal n um b er of prop ositions of actions in that

domain.

F rame Axioms

Because of the commitm en t to situation calculus, a treatmen t of frame axioms is in-

evitable. If no action is c hanging a prop osition 
uen t at a certain time, the v ariables

represen ting the 
uen t in time steps just b efore and after the action are required to ha v e

the same v alue. One w a y to design constrain ts for this purp ose, is to use one for actions

adding the prop osition and another for actions deleting it. The other w a y is to use on

constrain t for b oth.

Another design is to in tro duce dumm y actions whic h just add one fact. This w a y ,

frame axioms can b e expressed b y m utual exclusion b et w een actions whic h c hange a

prop osition p , and the dumm y action of p . This approac h is tak en b y Graphplan , see

App endix A.3.

A third p ossibilit y is to build a constrain t of all v ariables of a prop osition 
uen t. This

w ould result in a v ery wide range and a scop e whic h p ossible con tains all v ariables of a

planning structure, so this migh t not often b y a go o d approac h.

Implications of Prop ositions

As stated b efore, implications of prop ositions can b e designed as constrain t on pairs of

v ariables or as a broader constrain t. F or example, m utual exclusiv e prop osition sets can

b e impleme n ted as single constrain t p er time step.
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Mutual Exclusion b et w een Con
icting Actions

As stated in Section 2, t w o actions con
ict if a precondition or an add e�ect of one is

deleted b y the other. A �rst design is to create a constrain t for an y pair of those actions

at an y time step. With action implications as in tro duced in Section 6.2, this migh t b e

more restrictiv e than necessary . V ariables ha v e exactly one v alue, so add/del-con
icts

are already co v ered. A second design w ould only consider pre/del-con
icts, whic h can

reduce the total n um b er of con
icts signi�can tly .

Enfo rcing a certain Numb er of Actions

According to the de�nition, solutions of planning problems ha v e actions inserted at all

time steps b et w een Init and Go al . Additionally some planning problems allo w at most

one action eac h time step. Constrain ts implem en ting these dep endencies ha v e a breadth

of jA j .

Relations of Actions in adjacent Time Steps

V alidit y , action subsumption, or actions ann ulling other actions relate actions of adjacen t

time steps.

Uselessness

A constrain t C , whic h impleme n ts the uselessness strategy (see 5.8) for a single action

has man y participating 
uen ts, a long range, and a large breadth. It has to con trol

all 
uen ts added b y the action for whic h it has to decide its usefulness. If this action

is part of time step t , all actions v ariables on time step t

0

> t whic h ha v e the added


uen ts in one of their prop osition lists, ha v e to b e in the scop e of C . In the w orst case,

this uselessness-constrain t has to observ e all action 
uen ts at all times, whic h mak es it

v ery complex and slo w to compute. This can b e o v ercome b y using a w eak er notion of

uselessness or b y using a design di�eren t from other constrain ts.

One w a y of stating uselessness less general, is to de�ne an action a

t

1

1

to b e useless, if

there is no action a

t

0

2

; t

0

> t whic h has a precondition p with p 2 add ( a

1

). A constrain t

designed to implem e n t this dep endency w ould still ha v e to observ e all action 
uen ts at

all times in the w orst case but it is less complex to calculate.

A di�eren t design is based on c hanges of facts. A uselessness constrain t is created for

eac h prop osition p at eac h time step t + : 5. They observ e all action 
uen ts a

t

whic h add or

delete p and all action 
uen ts a

t +1

whic h ha v e p in their precondition-list. Changes of p

are propagated forw ard in time to the next constrain t. Changes of action 
uen ts, whic h
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ha v e p in its precondition are propagated bac kw ards, together with a tag sp ecifying

the requiring action. The latter mec hanism allo ws to rule out the case, an action only

b ecomes useful b ecause of its rev erse.

Example 44. T able 6.1 is a p ossible design for uselessness based on c hanges of facts.
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T able 6.1: Example for a uselessness-design based on fact c hanges. The graph sho ws

a part of a planning structure with four action and three fact 
uen ts. Action 1 is

adding and action 3 is deleting prop osition 2, while action 2 has it in its precondition.

F or eac h time step, there is a constrain t whic h con trols the curren t usefulness of eac h

action adding and deleting prop osition 2.

6.3 Constraints fo r Simpli �cati on

F or the actual usage, constrain ts m ust ha v e more functionalit y than just pro viding the

function c . F or simpli�cation as de�ned in Section 4.4.3, a constrain t C is required to b e

able to c hange its scop e and to determine �xed v ariables. The functions and metho ds

can b e calculated from the function c . In Pr obaPla , constrain ts ha v e the follo wing

functionalit y:

� a function d : S T 7!

8

>

<

>

:

i if v

i

can b e determined b y C to b e �xed and

p

i

( S T ) = unkno wn ;

; otherwise
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An in v o cation of d returns a the index of a �xed v ariable, whic h w as not already

found.

� a function status : N 7! f �xed

true

; �xed

false

; �xed

arbitrary

; unkno wn g , whic h tak es an

index i and returns the status of the v ariable v

i

.

� a metho d new c : N , whic h tak es the index i of a �xed v ariable and up dates itself

b y remo ving the v ariable v

i

from its scop e.

Only constrain ts whic h dep end on a v ariable v

i

need to b e up dated if v

i

is c hanged.

Simpli�cation is concerned with detecting as man y �xed v ariables as p ossible, it re-

quires to state constrain ts strictly . F or this reason, dep endencies found ha v e to b e used

for all di�eren t constrain ts. F or example, let a

1

b e an excluded successor of a

2

, but ac-

cording to De�nition 39, a

1

could mak e a

2

v alid. If the v alidit y constrain t w ould include

a

1

, p ossibly not all �xed v ariables could b e found.

6.4 Constraints fo r Sea rch

The main principle for the c hoice of constrain ts is to guaran tee that optimal solutions

of the optimization problem are also v alid solutions of the planning problem. F or this,

they ha v e to enforce frame axioms and implications of actions, and ha v e to exclude

con
icting actions of a time step. There are man y com binations of constrain ts whic h

ful�ll this requiremen t.

Lik e simpli�cation, enforcing v alid solutions is not disturb ed b y duplication of con-

strain ts or b y constrain ts p osing the same restrictions on v ariables. This in not the case

with searc h. It is concerned with the shap e of the ob jectiv e function, so c hoices whic h

deep en lo cal optima can reduce p erformance. This is the case if a single dep endency is

co v ered b y sev eral constrain ts. Another dra wbac k of o v erlapping constrain ts is that it

enlarges the n um b er of violated constrain ts. This can confuse escap e strategies.

F or lo cal searc h, constrain ts ha v e to pro vide supp ort for calculating the shap e of the

neigh b orho o d of the curren t assignmen t and for escaping lo cal optima. This can b e done

b e implem en ting the ob jectiv e function and the neigh b orho o d as con tin uous function.

A t the b eginning, the constrain ts calculate their �rst status from the initial assignmen t.

Then, for all v ariables v , eac h constrain t with v in its scop e, calculates its c hange in

status if v w ould b e 
ipp ed. These c hanges are added for v and result in the v alue of

the ob jectiv e function of this elemen t in the neigh b orho o d.

When a v ariable v gets 
ipp ed, all constrain ts with v in its scop e calculate its state

and, if c hanged, up date the ob jectiv e function. They calculate their state with an y
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one v ariable in their scop e 
ipp ed, so the ob jectiv e v alues of the neigh b orho o d can b e

up dated.

Di�eren t lo cal searc h strategies, lik e using �rst-impro v emen t instead of b est-�t, do not

require suc h a complex ob jectiv e function, so a faster impleme n tation could b e found.

It is not required to use the same set of constrain ts for simpli�cation and searc h.

If a planner o�ers an appropriate mec hanism , it is p ossible to design sp ecial sets and

therefore use constrain ts whic h are useful only for one purp ose.



Chapter 7

The Planner Pr obaPla

The previous c hapters presen ted asp ects of planning b y lo cal searc h and sev eral design

decisions w ere discussed. As exp ected, for man y dimensions in the decision space only

principles but no �nal decision could b e found. T o demonstrate the principles and to

ha v e a platform for further explorations, this c hapter presen ts an implem en tation of a

planner using lo cal searc h. The planner Pr obaPla is designed to b e extendible and


exible, so it allo ws to try di�eren t strategies and compare their p erformance.

7.1 P a rts of the Planner

Pr obaPla serv es as testb ed for sev eral di�eren t asp ects of planning b y lo cal searc h

whic h are discussed in this thesis. All these asp ects can b e adjusted indep enden t of

eac h other. After lexing and parsing, the planning instance is translated in to an in-

ternal represen tation. A domain analysis is done, whic h k eeps its results in a global

ob ject accessible b y the mec hanisms whic h set up the planning structure. On this struc-

ture, simpli�cation is done without global kno wledge and solely based on constrain ts.

V ariables are represen ted b y ob jects as w ell as constrain ts, so it is easy to implem en t

di�eren t ob jectiv e functions. The searc h for a plan is designed as pro cess of incremen tal

up dates, whic h are con trolled b y global ob jects observing v ariables resp. constrain ts.

T o ev aluate the in v o cation of sp eci�c features, Pr obaPla measures and logs sev eral

c haracteristics of an attempt to solv e a planning problem.

7.1.1 Lexing and P a rsing

Pr obaPla is designed to compare strategies, so it should b e able to use b enc hmark

problems of di�eren t authors. Because the input formats used b y existing planners di�er

sligh tly , lexing and parsing is done b y Flex and Bison . This w a y , the input format

can b e adapted easily .

48
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Similar to Graphplan , the accepted format requires to sp ecify domains as w ell as

initial and goal states according to the de�nition in Chapter 2. Equalit y among actions

and prop ositions is de�ned b y name equalit y . Quan ti�cation and adjustable problem size

is not allo w ed. The only extension is the usage of t yp ed v ariables in action de�nitions.

A v ariable represen ts a string whic h has to b e part of a prop osition name. Before

matc hing equal names, the parser replaces v ariables with all com binations of v alues of

the appropriate t yp e. Actions are replicated according to the replacemen ts. After all

v ariables are replaced, the planning problem is treated as if it w as giv en without.

The output of this stage is a list of ob jects for prop osition 
uen ts, whic h ha v e kno wl-

edge of the actions manipulating them, and a list of ob jects for action 
uen ts. Addi-

tionally , arti�cial action 
uen ts Init and Go al are created to ease the impleme n tation

of action-based constrain ts. All ob jects ha v e a �xed global index, information and ref-

erences are co ded as indices. This w a y , the domain analysis has easy and global access

to the domain.

7.1.2 Domain Analysis

The domain analysis is a collection of sev eral sp ecial purp ose algorithms. Eac h of them

represen ts a prop ert y whic h can b e used for simpli�cation. They try to �nd sets of


uen ts for whic h their prop ert y hold. The follo wing is a list of strategies, whic h searc h

for fact prop erties:

� fact implications ( p ! q ), ( p ! : q ), and ( : p ! q ) (5.1, 5.3, and 5.4)

� in v erse and equiv alen t facts (5.5 and 5.2)

� uselessness-relation (5.8)

� un used facts (5.11)

and a list of strategies, whic h searc h for action prop erties:

� legal predecessors of actions and actions implying the negation of others

� ann ulling and rev erse actions (5.7)

� subsumption of actions and sequences of actions (5.9 and 5.10)

� v alidit y-relation among actions (5.6)

� un used actions (5.11)
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Most of the domain analysis is done in an ob ject with global kno wledge, so the

mec hanisms to set up the planning structure can access it, although part of the analysis

is done lo cally for p erformance reasons.

7.1.3 Constraints

Pr obaPla pro vides t w en t y constrain ts for building a planning structure. This section

lists and explains the purp oses and designs.

Constraints fo r Preconditions and E�ects

Pr obaPla o�ers sev en constrain ts concerned with the preconditions and e�ects implied

b y actions. The designs di�er in the n um b er and the t yp e of prop ositions a�ected, and

if non-deleted preconditions are implied, to o. There is a constrain t for implying:

� the set of preconditions,

� the set of e�ects,

� the set of e�ects and non-deleted preconditions,

� one precondition,

� one added e�ect,

� one deleted e�ect, and

� one added or deleted e�ect, or one non-deleted precondition.

Constraints fo r F rame Axioms

F rame axioms are represen ted b y t w o constrain ts, one for state c hanges from true to

false, the other for the opp osite.

F act Implications

The next t w o constrain ts implem en t fact implications, namely in v erse facts and a com-

bination of the three basic implications ( p ! q ), ( p ! : q ), and ( : p ! q ).



7.1 P a rts of the Planner 51

Enfo rcing actions at a Time Step

Three constrain ts enforce a certain n um b er of actions eac h time step, `at least one

action', `at least one action with add e�ects', and `exactly one action'. With the curren t

v ersion of Pr obaPla , the �rst t w o ha v e the same e�ect.

Dep endencies of Actions

This is a group of constrain ts b et w een actions, lik e `m utual exclusiv e actions', `v alidit y',

`excluded successor actions', `usefulness', and `true action subsumption'.

Mutual Exclusiveness Relation

The last constrain t is similar to the m utex-constrain t of Graphplan . It is di�eren t

from all others in that it is applied after simpli�cation. It calculates the reac habilit y of


uen ts in eac h time step, so its p o w er increases with a decreasing n um b er of applicable

actions.

7.1.4 Setting-up the Planning Structure

As de�ned in Section 4.1, a planning structure is a �v e-tuple con taining the v ariable

tuple V T , the status tuple S T , a set of constrain ts C constituting the ob jectiv e function,

the planning problem P P , and the maxim um plan length l

max

. This de�nition is used b y

the planner Pr obaPla . V ariables and their status are join tly represen ted b y v ariable

ob jects, they are pro duced b y their 
uen t ob ject for all of the l

max

time steps. There is

no di�erence b et w een v ariables for action and for prop osition 
uen ts.

As with action and prop osition 
uen ts, eac h constrain t class has its pro ducing ob ject.

It has kno wledge of the results pro duced b y domain analysis and kno ws ho w to apply its

constrain ts on the planning structure. The constrain ts itself only ha v e lo cal kno wledge

and do not enlarge their scop e b y themselv es.

T o ease the construction of new constrain ts, the setup creates all v ariables although

man y are kno wn to b e �xed. F or example on the �rst and last time step, all v ariables

except Init resp. Go al are �xed to false.

7.1.5 Simpli�cation

After setting up the planning structure, the simpli�cation tries to iden tify �xed v ariables.

These v ariables are mark ed and eliminated from the planning problem b y remo ving
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them from all constrain ts ha ving them in their scop e. The pro cess of simpli�cation is a

recursion with t w o steps:

� If a v ariable v noti�es a constrain t C ab out a c hange in its status, C remo v es v

from its function c and tries to iden tify other �xed v ariables. If there are some,

they are noti�ed.

� If a v ariable is noti�ed ab out a c hange of its status, it marks itself accordingly and

noti�es all constrain ts observing it.

This recursion is started b y forcing constrain ts to iden tify �xed v ariables, whic h is

done at least once for all constrain ts. As sho wn in Theorem 20, the order of c ho osing

constrain ts do es not matter.

7.1.6 Objective F unction

During setting up the 
uen t structure, t w o ob jects with global kno wledge are initialized,

whic h impleme n t the lo cal searc h strategy . The one called v ariable manager, observ es

all v ariables and is kno wn b y all of them. It up dates information ab out the in
uence of

a v ariable on the ob jectiv e function and the time step on whic h o ccured the last c hange

of it. The other ob ject, the con
ict manager, observ es all con
icts and is kno wn b y all

of them. It kno ws the status of all con
icts, so it can calculate the curren t v alue of the

ob jectiv e function.

F or eac h v ariable v , the v ariable manager main tains the c hange of the ob jectiv e func-

tion if v is 
ipp ed. This w a y , the shap e of the ob jectiv e function in the neigh b orho o d

of v is kno wn and can b e searc hed.

7.1.7 The Sea rch

After the previous steps ha v e prepared the planning structure, the searc h is started. The

lo cal searc h strategy of Pr obaPla is GSA T with random w alk and an impleme n tation

of tab o o. A t the b eginning of eac h try , the v ariables get initialized with a random v alue.

F or eac h step, the con
ict manager is ask ed if the curren t assignmen t to the v ariable

tuple is a solution or the maxim um n um b er of steps is reac hed. If not, Pr obaPla

mak es the decision b et w een GSA T strategy and random w alk strategy . The lo cal searc h

is rep eated un til the maxim um n um b er of tries is reac hed.

With probabilit y (1 � p ) the v ariable manager c ho oses the v ariable whic h, if 
ipp ed,

w ould cause the largest decrease in unsatis�ed constrain ts of C , ev en if this decrease is

negativ e. Ties are solv ed b y random.
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With probabilit y p , the strategy uses random w alk. In this case, an unsatis�ed con-

strain t C is c hosen. It determines the set of all v ariables whic h could c hange its status

to satis�ed b y b eing 
ipp ed. If there are none, it con tains all v ariables in the scop e of

C . A v ariable of this set is c hosen b y random and 
ipp ed.

The additional tab o o strategy allo ws the 
ipping of v ariables only if they ha v e not

b een 
ipp ed for a certain time. If at some step no v ariable can b e 
ipp ed, tab o o is not

used for that step.

By p erforming the 
ip, the structure up dates itself and the step is complete.

7.1.8 Evaluation

T o determine the qualit y of the strategies c hosen for a sp eci�c problem instance, sev eral

parameters are measured. Besides the total elapsed running time, it outputs the time

used for simpli�cation, the a v erage searc h time, and the a v erage time for a 
ip, all

measured in user time. Additionally , the a v erage n um b er of 
ips to �nd a solution, the

n um b er of successful tries, and the solution is giv en. In case no solution w as found for

a trial or the simpli�cation pro v ed the problem instance to b e unsolv able, Pr obaPla

returns a message and the �nal assignmen t of the v ariables.

7.2 Y et to b e done

As men tioned b efore, the in tension of Pr obaPla is not to b eat planners lik e Sa tPlan

or Graphplan , but to demonstrate new tec hniques. Nev ertheless to argue for the

usefulness of these tec hniques, a comp etitiv e planner w ould b e helpful. F or this purp ose,

Pr obaPla has to b e reimplem en te d in an optimized w a y . The dra wbac k w ould b e a

loss of extendibilit y and 
exibilit y .

Another de�ciency of Pr obaPla is its inabilit y to searc h for the righ t plan length.

While other planners try di�eren t lengths to �nd a feasible length, the user has to

pro vide Pr obaPla with the length as argumen t. Although �nding the plan length is

a necessit y if the purp ose of a planner is to �nd plans, it is not necessary if its purp ose

is to compare planning tec hniques.

The domain analysis of Pr obaPla is not truly indep enden t from a problem instance,

in that the analysis and the v eri�cation of the results is done at the same time. Again,

true indep endence w ould b e a prop ert y of a planner whic h is in tended for professional

use and is not necessary for a planner in tended for testing.

The uselessness-constrain t 6.2 is only implem e n ted in the less general v ersion. T o

demonstrate its practicabilit y , it has to b e fully implem en ted and tested.



Chapter 8

Results

This c hapter ev aluates the p o w er of the strategies and metho ds presen ted in this the-

sis, as w ell as where they fail. F or this, their implem e n tation Pr obaPla is used for

comparisons of di�eren t strategies and b et w een the b est strategy and other planners.

8.1 Evaluating the Simpli �cati on

Simpli�cation can in
uence the planning pro cess in t w o di�eren t w a ys. If it �nds a

solution or it pro v es there is none, planning do es not rely on searc h tec hniques and the

p erformance of the planner is completely determined b y its simpli�cation step. If the

simpli�cation could not giv e a �nal decision, its output is used b y a searc h strategy . This

second step is in
uenced b y its input, so the p erformance of the planner is determined

b y the com bination of b oth steps. The optimal strategies for b oth purp oses ma y b e

di�eren t, so they ha v e to b e ev aluated separately .

As men tioned b efore, planning is NP-complete for man y in teresting domains, but

setting up the planning structure and simpli�cation is p olynomial in problem size. F ur-

thermore, if all constrain ts ha v e a constan t size of scop e and their n um b er gro ws linear

of the problem size, simpli�cation should b e linear to o. T able 8.1 sho ws graphs of the

total running time and simpli�cation time of the D

m

S

2

domain.

Simpli�cation is able to solv e planning problems of sev eral other domains. T able 8.2

sho ws the total running time, the time for simpli�cation, and the total running time of

Graphplan for suc h problems.

54
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T able 8.1: Graph of sev eral problem sizes of the arti�cial domain D

m

S

2

of Barret and

W eld [BW94]. The table sho ws the total running time and the simpli�cation time

of problems of size 2 to 25. All problems use the same set of actions; the solution

length is t w o times the problem size. All solutions are found b y simpli�cation, so no

searc h is necessary . The used constrain ts w ere action implications, frame axioms, fact

implications, m utual actions, at least one action, v alidit y , and exclusion of successors

of actions.

Note that the total running time increases linearly with problem size and so do es the

time used b y simpli�cation for larger problems.

8.2 Evaluating the Sea rch

The searc h step of planning b y lo cal searc h can only b e ev aluated in com bination with its

simplifying step. F or this reason, sev eral instances of the lo cgistics domain are examined

in detail. T able 8.3 presen ts the searc h times of di�eren t sets of constrain ts and T a-

ble 8.4 giv es information ab out the n um b er of constrain ts b efore and after simpli�cation.

T able 8.5 pro vides the corresp onding n um b ers of 
ips.

The settings for all planners are c hosen similar. All runs are p erformed on a Sun

Sparc-2 Ultra with t w o pro cessors and 512M w ords main memory . The searc h strategy

of Sa tPlan w as w alksat, the w alk-probabilit y of Sa tPlan and Pr obaPla w as 50/50,

and the parameter of tab o o w as set to 5. All planners are set up 50 times with the length

of the smallest solution and a solution is found in all runs.
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T able 8.2: Sev eral planning problems solv ed b y simpli�cation and b y Graphplan .

The constrain ts used are the same as used for T able 8.1, extended b y uselessness.

Note that although simpli�cation of Pr obaPla is faster than Graphplan , its total

running time is usually m uc h higher. This comparison with the total time is fairer

than the �rst, b ecause the time Graphplan rep orts includes setting up its planning

graph as w ell as its simpli�cation.

The problems `s anomaly' and `sh u�e' are problems of the blo c ks w orld domain, the

�rst b eing the kno wn Sussman Anomaly . `�xit1' and `�xit2' are instances of Russel's


at tire domain.

T o ev aluate the p erformance of the strategies presen ted in this thesis, their imple-

men tation has to b e compared with other planners. Besides the results of simpli�cation

giv en in T able 8.2, T able 8.6 presen ts a comparison of the searc h of Pr obaPla and

Sa tPlan .
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T able 8.3: Searc h time of sev eral planning instances of the logistics domain solv ed with

di�eren t sets of constrain ts. Their size ranges from 3 to 8. The shortest solutions ha v e

all length 9 for all instances.

All used sets of constrain ts include frame axioms, fact implications, m utual exclusiv e

actions, at least one action, v alidit y , and exclusion of replaceable action sequences.

They di�er in the design of action implications. Set "A" includes one constrain t for

eac h precondition, e�ect, or non-deleted precondition, while set "D" com bines them

to t w o constrain ts, one for the prop ositions and the other for the e�ects and non-

deleted preconditions of an action. Set "B" com bines only preconditions, while set

"C" com bines only e�ects and non-deleted preconditions.

Note that no �nal decision can b e made for one of the di�eren t designs. Because set

"D" has the b est p erformance in the largest instance and it yields the smallest n um b er

of constrain ts b efore and after simpli�cation (see T able 8.4), it is c hosen for further

comparisons.
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T able 8.4: Num b er of constrain ts b efore (upp er �gure) and after simpli�cation (b ottom

�gure) for the problems in tro duced in T able 8.3. The additional sets of constrain ts are

similar to "D", b esides they do not use v alidit y ("E"), fact implications and in v erse

facts ("F"), and exclusion of replaceable action sequences ("G").

Note that the use of strategies do es not signi�can tly increase the n um b er of constrain ts

b efore simpli�cation, but causes a drastic reduction afterw ards.



8.2 Evaluating the Sea rch 59

�

�

�

�

0

5000

10000

15000

20000

25000

30000

35000

40000

45000

50000

3 4 5 6 7 8

fli
ps

"A"
"B"
"C"
"D"
"E"
"F"
"G"

200

250

300

350

400

450

500

550

600

650

3 4 5 6 7 8

fli
ps

"A"
"B"
"C"
"D"

T able 8.5: Num b er of 
ips for all sev en sets (upp er graph) and the �rst four sets

(lo w er graph) of the problems presen ted in T able 8.3. The use of planning strategies

drastically reduces the n um b er of 
ips. The graph for the di�eren t designs of action

implications is hard to in terpret, as seen in T able 8.3.
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T able 8.6: Comparison of the strategy "D" and Sa tPlan on the problems presen ted in

T able 8.3. Although the n um b er of 
ips is m uc h smaller with Pr obaPla , the time for

searc h are roughly similar. The reason is the slo w time p er 
ip of Pr obaPla . Ev en

more depressing is the total running time. The in v o cation of all parts of Sa tPlan

tak es sev eral seconds, but a complete run of Pr obaPla for the problem size 8 tak es

45 min utes!



Chapter 9

Conclusions

This thesis presen ted the represen tation of a structure for b ounded prop ositional plan-

ning problems. This planning structure is suitable for simpli�cation in st yle of constrain t

propagation as w ell as for planning b y lo cal searc h. A planner is pro vided whic h serv es

as test b ed for new planning strategies and searc h tec hniques.

As sho wn in Section 8.1, simpli�cation is useful in reducing the n um b er of v ariables

and constrain ts signi�can tly . In com bination with strategies presen ted in Section 5,

simpli�cation b ecomes ev en more p o w erful and able to solv e large planning problems in

some domains.

The planning structure as presen ted in this thesis is usable in the st yle of planners

lik e Graphplan or Sa tPlan , or can b e seen as base for constrain t propagation. It is

more 
exible than enco dings of other planners, so in con trast to CNF-based planners, it

can use constrain ts not expressible as one single disjunction. Although it could not b e

determined if the prop osed designs are b etter than the CNF-based ones, non-restricted

constrain ts are w orth while to analyze.

The implem en tation of this planning structure can b e easily used to add and ev aluate

planning strategies and searc h tec hniques. The 
exibilit y is guaran teed b y an op en

design and the usage of an ob ject-orien ted language with ob jects for v ariables and

constrain ts. This results in a bad run-time p erformance, so although Pr obaPla uses

tec hniques not presen t in Graphplan and Sa tPlan , it cannot b eat them in resp ect

to running time. Ev en if Pr obaPla has a faster simpli�cation (T able 8.2) or needs

few er n um b er of 
ips (T able 8.6), the time sp end for setting up the planning structure,

for domain analysis, and p er 
ip giv es a w a y this adv an tage. A reimplem e n tation of

Pr obaPla with �xed sets of constrain ts, optimized domain analysis, and an impro v ed

searc h strategy w ould remo v e this de�ciency and result in a planner whic h can comp ete

with existing ones.
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9.1 Conceptual Imp rovement

This thesis sho w ed a general approac h to planning b y lo cal searc h and demonstrated its

abilit y to incorp orate metho ds, whic h lead to an increase in p o w er. Both the concept

and the realization of this approac h p ermit further impro v em en t.

On the conceptual lev el, there are sev eral p ossibilities for impro v em e n t. With the

curren t conception of Pr obaPla , domain analysis is a collection of sp ecial purp ose

algorithms. F or all strategies describ ed, it is p ossible to express them in �rst order

logic as w ell as the domain and a sp eci�c planning instance. With this uni�ed notion

of planning it should b e p ossible to com bine the application of planning strategies and

simpli�cation with the pro cess of planning itself. One formalism whic h could b e helpful

in ac hieving this, is temp oral logic [BK95, BK96 ].

Another starting p oin t for further impro v em en t are the strong restrictions p osed on

the domains allo w ed b y planner using lo cal searc h. Other planners, lik e ucpop [W el94 ],

incorp orate action sc hemata with v ariables, conditional e�ects, disjunction, and uni-

v ersal quan ti�cation. Also there are planners, whic h use abstract actions to defer the

commitm e n t to sp eci�c actions as long as p ossible [FW96]. It seems promising to gener-

alize the formalisms used for Pr obaPla to incorp orate these features, b oth b y making

them suitable for lo cal searc h and b y �nding appropriate planning strategies.

A third direction for conceptual impro v em en t is the use of other calculi. Existing

planners using lo cal searc h are based on situation calculus. A dra wbac k of this calculus

is its use of frame axioms. Other calculi, lik e the 
uen t calculus and the ev en t calculus,

a v oid these axioms, so it seems promising to use them for planning b y lo cal searc h as

w ell as the base for new planning strategies.

Lo cal searc h is not the only p ossibilit y to use the planning structure presen ted in this

thesis. It is close to the planning graph of Graphplan , so it could b e used for complete

searc h in Graphplan -st yle . Another w a y to use the planning structure is to see it as a

constrain t satisfaction problem. Metho ds dev elop ed in this area can b e applied to �nd

an assignmen t to the v ariables and therefore to solv e a planning problem.

9.2 Imp roving the Implementation

With the curren t implem en tati on of Pr obaPla , it is not p ossible to comp ete with plan-

ners lik e Sa tPlan or Graphplan . Impro ving its p erformance lea v es space for further

w ork. As men tioned in Section 7.2, not all features necessary for a planner are pro vided

in the curren t v ersion of Pr obaPla . The fo cus of the presen ted implem en tation is on


exibilit y and extensibilit y , so it has to b e reimplem e n ted with fo cus on running time.

This v ersion w ould ha v e a �xed set of domain analysis strategies and an optimized lo cal

searc h metho d.
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Other w a ys for impro ving the curren t v ersion of Pr obaPla is to use b etter lo cal

searc h tec hniques, for example as describ ed in [SK C93], and to extend the set of accepted

problem description languages.



App endix A

App roaches to Planning

Planning is clearly a part of Arti�cial In telligence, although it can b e attac k ed and

solv ed b y di�eren t metho ds. This c hapter describ es some imp ortan t approac hes.

A.1 Deductive Planning

One of the early approac hes to planning is to formalize it as theorem pro o ving problem.

The idea is to co de domains and planning instances in to a set of axioms. They express

the dep endencies b et w een actions, their preconditions and e�ects, resp. Init and Go al .

This can b e done in sev eral w a ys. While, for example, Green [Gre69] prop osed that the

o ccurrence of an action together with its preconditions implies its e�ects, in other ax-

iomatizions [KS92], actions imply the union of their preconditions and e�ects. T ogether

with the initial and goal state, these axioms result in a statemen t whic h can b e pro v ed,

if and only if there is a plan for the planning problem.

A deductiv e planning system consists of three parts:

� a to ol to generate an axiomatiation for a giv en planning problem,

� an automated pro of system to pro o v e whether the problem is solv able or unsolv-

able, and

� a to ol to extract the plan from this pro of.

Using �rst order calculus to axiomatize planning problems, one has to cop e with the

frame problem [MH69]. It denotes the fact that axioms for actions do not only ha v e to

state what c hanges if an action is applied but also what do es not c hange. This enlarges

the axiomatization and is a reason for the in tractabilit y of man y problem with this

approac h.

64
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An example to o v ercome this problem is the kno wn connection metho d prop osed

b y Bib el [Bib85], whic h describ es planning problems similar to logic programming or

program syn thesis. The domain and the sp eci�c instance are describ ed as set of form ulas

in �rst order logic. Actions are co ded as com bination of t w o form ulas, an teceden t

implying consequences. An y sligh tly mo di�ed theorem pro ofer can �nd a pro of for a

problem stated in this w a y . Its output can easily transformed bac k in to a plan whic h is

the �nal result.

Another approac h to o v ercome the frame problem is giv en b y H• olldobler and Sc hnee-

b erger [HS90], that uses a represen tation of plans and states as terms and th us as �rst

class ob jects. This eliminates the need for frame axioms completely . They represen t

form ulas as horn clauses whic h are used b y man y common theorem pro o�ng systems,

so they can b e adapted to their metho d with only small c hanges.

Bib el [Bib97 ] prop oses the deductiv e view on planning as base of all other tec hniques

and describ es other approac hes as sp ecialized programming.

A.2 P a rtial-Order Planning

P artial-order planning is an attempt to use the fact that usually not all actions of a plan

dep end on or can con
ict with eac h other. The idea is to p ose a partial-order on a set

of actions, so that the ordering constrain ts represen t these dep endencies. Eac h partially

ordered plan then corresp onds to a set of total-ordered planes. The in tro duction of new

actions to a partially ordered plan is p ossible as long as it sta ys consisten t, that is, there

exists at least one total order whic h satis�es the partial one. The new action do es not

ha v e to b e placed b efore or after the other actions of the plan, but can p ossibly o ccur at

an y time or ev en in parallel to another action. As Barret and W eld [BW94] p oin t out,

this is not the main di�erence b et w een partial-order and total-order planners. T otal-

order planners can also insert a new action at an y place it do es not cause a con
ict, the

di�erence is they commit to a sp eci�c order.

A partial-ordered plan is formally de�ned as a three-tuple �A , O , L� consisting of

a set of actions A , a set of ordering constrain ts O , and a set of causal links L . These

links are used to iden tify p ossible threats to past decisions b y extending the plan with

additional actions. Planning b egins with a n ull plan whic h only con tains the arti�cial

actions Init and Go al . As long as there are an y , the algorithm nondeterministically

c ho oses an unsupp orted precondition and an action whic h adds it. This action is c hec k ed

for violation of an y existing causal links. If the partial plan sta ys consisten t, the action

is added and the ordering constrain ts and the causal links are up dated. If there is a

solution to the planning problem, the output is the triple �A , O , L� with a solution

b eing an y total ordering of the actions in A whic h is consisten t with all constrain ts of O .
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A.3 Graphplan

Graphplan of Blum and F urst is a v ery p o w erful planner and is only c hallenged b y

CNF-based planners lik e Sa tPlan . It is guaran teed to �nd a plan of minimal length if

one exists. It includes a mec hanism to rule out some instances whic h are not solv able

and to determine a lo w er b ound of the plan length.

Graphplan is based on the use of a represen tation of all p ossible plans of a certain

length, whic h simpli�es the searc h b y ruling out man y imp ossible partial plans. This

structure called planning graph p ossibly con tains a 
uen t for ev ery action and ev ery fact

at all considered time steps. Additionally no op-actions are in tro duced for ev ery fact at

ev ery time step, to co v er the case its v alue is not c hanged. The 
uen ts are connected b y

constrain ts with guide the searc h and guaran tee an assignmen t to b e a solution. F acts

are connected with actions on the previous lev el whic h ha v e it in their e�ects. Actions

are connected with facts they ha v e as precondition. The searc h for a plan is p erformed

bac kw ards from the goals. The recursiv e pro cedure tak es a partial plan and tries to �nd

a subset of the preceding lev el whic h, in com bination with the partial plan, reac hes the

goals. Because of testing all subsets of all lev els, this algorithm is complete. F or more

details ab out Graphplan , see [KLP97 ].

The searc h is sp eeded up b y recognizing sets of 
uen ts whic h cannot b e part of a

solution. F or eac h lev el of the structure, suc h sets are stored in a hash-table and ev ery

new assignmen t is c hec k ed against it.

Another feature of Graphplan is the use of a relation called m utex b et w een 
uen ts

of a lev el. This constrain t is similar to PimpliesNotQ , co v ered in Section 5.3 and is

computed lev el b y lev el. Calculating this relation from the �rst to the last lev el allo ws

to use the information giv en b y the initial state and to propagate information through

the structure. Graphplan exploits these constrain ts in three di�eren t w a ys:

� Unreac hable 
uen ts are eliminated.

� The constrain ts are used to refuse a searc h if the goals are m utual exclusiv e at the

c hosen goal lev el. The length of the shortest plan with no goal b eing m utex to

another is a lo w er b ound for the minimal plan length and the bac kw ards searc h

will not try plans whic h violate suc h a constrain t.

� Based on m utual exclusiv e prop ositions, there is a condition to rule out some

unsolv able planning problems.

The planning graph can b e seen as sp ecial case of a planning structure. The di�erence

is in the use of no op-actions for enforcing frame axioms. This feature could easily b e

added to Pr obaPla , so the planning metho d of Graphplan could b e sim ulated. The
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recognition of ruled-out sets of assignmen ts to v ariables can b e seen as planning strategy ,

whic h is calculated and used on-line.

The design of Pr obaPla is in
uenced b y Graphplan , in the sense that there is

a sp ecial part of the simpli�cation to optimally exploit m utex-constrain ts. Because

they are partially calculated for a sp eci�c planning problem, they are inserted after

all other constrain ts ha v e b een propagated. This w a y , man y actions �xed to false are

determined and cannot disturb the calculation of m utex-relations. The condition to

rule out planning instances based on plan length is also part of the simpli�cation. If

t w o goals are m utually exclusiv e, a corresp onding constrain t C is inserted at the �nal

prop osition lev el. These t w o facts are already determined as �xed b y Go al , so C is

alw a ys activ e and rep orts a failure. The sp ecial searc h tec hnique used b y Graphplan

is not applicable for Pr obaPla , b ecause the latter is inheren tly incomplete.

More information on Graphplan and its implem en tati on can b e found in [BF95 ].

Kam bhampati [Kam97 ] explaines the relation of Graphplan to other planners.

A.4 CNF-based Planning

Besides Graphplan , Pr obaPla is inspired b y Sa tPlan , whic h is a CNF-based plan-

ner. This group of planners is related to deductiv e planning in that they axiomatize a

planning domain as w ell as a sp eci�c problem instance. They do not try to pro v e that

the resulting statemen t is true, whic h is equiv alen t to the fact that there is an assign-

men t whic h ful�lls it. Instead they try the complem en tary b y �nding this assignmen t

directly . This is called mo del �nding [KS92].

As with Pr obaPla , Sa tPlan enco des a planning problem in to a planning structure

and tries to �nd a solution b y lo cal searc h, but there are ma jor di�erences b et w een

b oth approac hes. The constrain ts of Sa tPlan are restricted to form ulas in conjunctiv e

normal form (CNF), so that the application of sev eral domain analysis strategies w ould

result in an unpractical size of the form ula and n um b er of di�eren t constrain ts. F or

example with CNF-based planners, action implication constrain ts ha v e to b e designed

as implication of one prop osition, b ecause of ( a ! p
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) = ( : a _ p

1

^ p

2

) = ( : a _

p

1
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). The constrain ts of Pr obaPla can use arbitrary form ulas, so it is not

restricted to this design.

The planner Sa tPlan consists of sev eral di�eren t parts. The initial planning problem

passes through a �rst optimization whic h is called t yp e optimization. The output of this

step is con v erted to CNF according to the c hosen axiomatizion and plan length. The

resulting form ula is optimized b y a SA T-simpli�er and solv ed b y a lo cal searc h strategy .

If a solution is found, a to ol translates the �nal assignmen t in to a plan.
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Sa tPlan uses a planning structure similar to the one presen ted in this thesis. The

set of v ariables V T is the set of v ariables of the CNF-form ula, while C is giv en b y the set

of clauses. Instead of marking, simpli�cation done b y eliminating �xed v ariables, the

�nal translation recalculates the lost v alues. The t yp e optimization of Sa tPlan has

features not presen t in Pr obaPla . It p erforms an iterativ e data-
o w analysis whic h

can eliminate more actions than the detection of un used actions used with Pr obaPla .

The second simpli�cation of Sa tPlan uses a SA T-simpli�er. These algorithms are a

�eld of researc h b y themselv es and it w as not aim of this thesis to build a constrain t-

propagation simpli�er whic h can comp ete with it.

An extended treatmen t of Sa tPlan and its features can b e found in [EMW97],

while another approac h to enco de planning problems in to prop ositional logic is co v ered

in [KMS96].
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Planen durch lok ale Suche

Dieser Anhang b einhaltet eine Zusammenfassung dieser Diplomarb eit in deutsc h.

B.1 Einleitung
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der m
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Das Ziel dieser Diplomarb eit ist die Erstellung einer F ormalisierung des Planens durc h

lok ale Suc he, die Designen tsc heidungen eines solc hen Planers zu diskutieren und, v on

diesen Ergebnissen ausgehend, eine Impleme n tation zu erstellen. Es w erden w eiterhin

generelle Strategien f

•

ur die V ereinfac h ung v on Plan ungsproblemen v orgestellt. Kapitel 3

f

•

uhrt in das Konzept v on lok aler Suc he ein und stellt deren grundlegende Eigensc haften

v or, w

•

ahrend das n

•

ac hste Kapitel eine F ormalisierung v on Planen durc h lok ale Suc he

pr

•

asen tiert. Kapitel 5 erkl

•

art die Wic h tigk eit der Dom

•

anenanalyse f

•

ur Planen im allge-

meinen und stellt einige darauf b eruhende Strategien v or. Kapitel 6 f

•

uhrt Constrain ts

ein, die eine wic h tige Rolle f

•

ur die V ereinfac h ung v on Plan ungsproblemen und f

•

ur die

Plansuc he spielen. Um die Ergebnisse der b eiden v orherigen Kapitel zu demonstrieren,

wird in Kapitel 7 der Planer Pr obaPla v orgestellt. Seiner Bestimm ung nac h ist er eine

T estumgebung zur Analyse v on neuen Constrain ts, Repr

•

asen tationen und Suc h tec hni-

k en. Den Absc hlu� der Diplomarb eit bilden Kapitel mit Ergebnissen, F olgerungen und

Ideen f

•

ur eine F ortsetzung der Arb eit.

Der Anhang en th

•

alt neb en dieser Zusammenfassung eine Pr

•

asen tation anderer Pla-

n ungsans

•

atze, un ter anderem v on Graphplan und Sa tPlan . Anhang C b esc hreibt

den Planer Pr obaPla und erl

•

autert, wie man ihn erw eitert.

Es ist nic h t das Ziel dieser Diplomarb eit, einen Planer zu pr

•

asen tieren, der mit Sy-

stemen wie Graphplan o der Sa tPlan k onkurrieren k ann. Pr obaPla ist in C++

implem en ti ert und hat mehrere Eigensc haften, die Flexibilit

•

at und Erw eiterbark eit mit

sc hlec h ter Laufzeit erk aufen. Die lok ale Suc hstrategie ist einfac h, und j

•

ungste En t wic k-

lungen in diesem Gebiet w erden nic h t ausgen utzt. T rotzdem wurde ein V ergleic h der Lei-

stungsf

•

ahigk eit durc hgef

•

uhrt, da das Design v on Pr obaPla stark v on diesen sc hnellen

Planern b eein
u�t wurde. Auc h wurden k eine umfassenden T est durc hgef

•

uhrt, die alle

W ahlm

•

oglic hk eite n der Repr

•

asen tation, Constrain ts und Strategien einsc hlie�en. Diese

Diplomarb eit zeigt, da� es eine Alternativ e des Planens durc h lok ale Suc he gibt, ohne

den Um w eg

•

ub er CNF zu b en utzen. Mehrere vielv ersprec hende Designen tsc heidungen

wurden ausgew

•

ahlt, erkl

•

art und gegeneinander getestet.

B.2 De�nitionen

Bev or wir Planen durc h lok ale Suc he und Dom

•

anenanalyse einf

•

uhren, geb en wir einige

De�nitionen zur sp

•

ateren Ben utzung.
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Planen in einer so k omplexen Dom

•

ane wie der wirklic hen W elt b edeutet nic h t n ur das

Finden einer L

•

osung. F ehlende Informationen, Nic h tdeterm i nism us, neb enl

•

au�ge Aktio-

nen und fehlerhafte Aktionsausf

•

uhrung k

•

onnen den F ehlsc hlag eines Planes b edeuten,

so da� der Proze� der L

•

osung eines Plan ungsproblems nic h t mit der Syn thetisierung

eines Planes endet.

Die v orliegende Diplomarb eit b esc h

•

aftigt sic h mit Problemen der Plansyn thetisierung,

so da� n ur Dom

•

anen b etrac h tet w erden, in denen Aktionen niemals fehlsc hlagen und in

denen das Problem des Planens mit dem Finden einer L

•

osung endet. Selbst b ei dieser

Besc hr

•

ankung ist Planen ein sc h w eres Problem. Dom

•

anen des genann ten T yps sind v on

der realen W elt abstrahiert und hab en folgende Eigensc haften:

� Die Dom

•

anen sind deterministisc h, und Aktionen sc hlagen nie fehl. Zu jeder Zeit

ist eine Aussage

•

ub er die W elt en t w eder w ahr o der falsc h.

� Das Plan ungssystem hat globales Wissen

•

ub er die Dom

•

ane, so da� k ein un b ek ann-

ter T eil v on ihr die Ausf

•

uhrung eines Planes b eein
ussen k ann. Im Besonderen

wird eine gesc hlossene W elt angenommen [Rei78 ], in der alle Prop ositionen in ei-

ner Ausgangssituation falsc h sind, w enn sie nic h t ausdr

•

uc klic h als w ahr de�niert

sind.

� Dom

•

anen sind endlic h in allen ihren Eigensc haften, mit der Konsequenz, da� auc h

die Zahl der Pl

•

ane ohne Wiederholung v on Zust

•

anden auc h endlic h ist. Eine

L

•

osung o der ihr F ehlen k ann imme r mit der Suc he durc h alle m

•

oglic hen Pl

•

ane, die

k eine Zustandswiederholungen en thalten, en tsc hieden w erden.

� Zeit ist diskret, und alle E�ekte eines Zeitpunktes ereignen sic h gleic hzeitig. Ein

Planer brauc h t sic h nic h t mit den Zwisc henzust

•

anden der Aktionsausf

•

uhrung zu

b esc h

•

aftigen.

Eine Repr

•

asen tation v on Dom

•

anen dieser Art ist STRIPS [FN71].

De�nition B.1. Eine STRIPS A ktion b esteh t aus einem Op eratornamen, einer Liste

von V orb e dingungen , einer A dd-Liste und einer Delete-Liste . Jedes Elemen t dieser Li-

sten ist eine p ositiv e Prop osition o der ein F akt. F

•

ur eine Aktion a b ezeic hnet pr e ( a )

seine Liste der V orb edingungen, add ( a ) seine Add-Liste und del ( a ) seine Delete-Liste.

Keine Prop osition darf gleic hzeitig in der Add- und in der Delete-Liste derselb en Aktion

v ork omme n, jede Aktion und jede Prop osition hat einen eindeutigen Namen.

De�nition B.2. Eine STRIPS Dom

•

ane ist eine Menge v on STRIPS Aktionen. Ein

STRIPS Plan ungsproblem ist ein T ripp el �A

0

, �

0

, 


0

� , in dem A

0

f

•

ur eine Dom

•

ane, �

0

f

•

ur eine Ausgangssituation und 


0

f

•

ur eine Zielsituation steh t.
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Diese V ersion v on STRIPS-Repr

•

asen tationen ist w eiter v ereinfac h t. Die urspr

•

unglic he

Konzeption erlaubt w eiterhin die Ben utzung v on logisc hen F ormeln erster Stufe in den

V orb edingungen und quan ti�zierter V ariablen [Rei78 , FNP

+

97 ]. Beispiel 3 auf Seite 10

zeigt eine Blo c ks W orld Dom

•

ane mit zw ei Bl

•

oc k en.

De�nition B.3. Ein Plan P ist eine endlic he Liste v on Mengen v on Aktionen. Die

P osition eines Listenelemen ts nennen wir seine Zeitstufe , w ob ei die erste Aktionsmenge

in Zeitstufe 1 eingef

•

ugt ist. F

•

ur a 2 A

0

b ezeic hnet a

t

2 P , da� die Aktion a T eil des

Planes P in der Zeitstufe t ist. P ( A

0

) ist die Menge aller Pl

•

ane der Dom

•

ane A

0

.

F

•

ur eine Prop osition p b ezeic hnet p

t + : 5

die Prop osition p zwisc hen den Zeitstufen t

und t + 1. Eine Prop osition p

t

1

+ : 5

ist aktiv o der wahr , falls sie Elemen t der Add-Liste

einer Aktion a

t

2

2

ist, mit t

2

� t

1

und es k eine Aktion a

t

3

3

; t

1

� t

3

� t

2

gibt, die p in ihrer

Delete-List hat. Andernfalls ist p

t + : 5

inaktiv o der falsch . Ein Zustand zum Zeitpunkt

t + : 5, s

t + : 5

, ist die Menge aller aktiv en Prop ositionen zu diesem Zeitpunkt.

L ( A

0

) ist die Menge aller Prop ositionen der Dom

•

ane A

0

. LP ( �A

0

, �

0

, 


0

� ) ist die

Menge aller Prop ositionen des Plan ungsproblems �A

0

, �

0

, 


0

� , also die V ereinigung

v on L und der Prop ositionen des Ausgangs- und des Zielzustandes.

Die F ortsetzung des Beispiels 3 auf Seite 10 stellt ein Plan ungsproblem v or, in dem

die Ausgangssituation eine Prop osition en th

•

alt, die in der Dom

•

anen b esc hreibung nic h t

v ork omm t.

De�nition B.4. In seriel len Pl

•

anen b e�ndet sic h h

•

oc hstens eine Aktion auf jeder Zeit-

stufe. Par al lelen Pl

•

anen dagegen k

•

onnen mehrere Aktionen pro Zeitstufe eingef

•

ugt sein.

Ein serieller Plan en th

•

alt einen Kon
ikt, falls eine V orb edingung einer Aktion a

t

zum

Zeitpunkt t inaktiv ist. Prop ositionen sind w ahr v or dem ersten Zeitsc hritt, falls sie nic h t

ausdr

•

uc klic h falsc h sind. Ein paralleler Plan en th

•

alt einen zus

•

atzlic hen Kon
ikt, falls

ein Elemen t der V orb edingungs- o der der Add-Liste einer Aktion a

t

1

v on einer Aktion

a

t

2

im selb en Zeitsc hritt t gel

•

osc h t wird.

Um die Betrac h tung des Ausgangs- bzw. Endzustandes mit den anderen Zust

•

anden zu

v ereinheitlic hen, k onstruieren wir aus jedem Plan ungsproblem �A

0

, �

0

, 


0

� ein neues

Plan ungsproblem �A , �, 
 � . Die Menge der Aktionen A ist die V ereinigung v on A

0

und zw ei neuen Aktionen Init und Go al . Init hat alle F akten des Ausgangszustandes

in seiner Add-Liste und l

•

osc h t alle anderen Prop ositionen. Go al hat alle F akten der

Zielsituation in seiner V orb edingungs- so wie in seiner Delete-Liste; wir sagen, Go al

konsumiert sie. Drei neue Prop ositionen ordnen Init als erste und Go al als letzte

Aktion. Init k onsumiert St ar t und f

•

ugt Plan hinzu, w

•

ahrend Go al Plan k onsumiert

und End hinzuf

•

ugt. � en th

•

alt einzig St ar t w

•

ahrend 
 n ur End en th

•

alt. Es ist leic h t

einzusehen, da� jeder k on
iktfreie Plan f

•

ur �A , �, 
 � auc h ein k on
iktfreier Plan

f

•

ur �A

0

, �

0

, 


0

� ist, falls Init und Go al en tfern t w erden. Die zw ei Notationen f

•

ur
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Plan ungsprobleme sind leic h t gegeneinander auszutausc hen, je nac h Situation w erden

wir die jew eils passende w

•

ahlen.

De�nition B.5. S ( �A , �, 
 � ) � P ( A ) b ezeic hnet die Menge aller k on
iktfreien Pl

•

ane,

die Init als einzige Aktion der Zeitstufe t = 1 und Go al als einzige Aktion der letzten

Zeitstufe hat. Jedes Elemen t v on S ist eine L

•

osung .

Die F ortsetzung des Beispiels 3 auf Seite 11 stellt Init und Go al f

•

ur das sc hon

erw

•

ahn te Plan ungsproblem v or.

B.3 Optimierungsp robleme und lok ale Suche

Ein Ziel dieser Diplomarb eit ist es, allgemein zu zeigen, da� Planen auf ein Optimie-

rungsproblem reduziert w erden k ann. Die L

•

osung eines Optimierungsproblems ist das

`b este' Elemen t aus einer Menge, w ob ei die Qualit

•

at der Elemen te durc h eine F unktion

gegeb en ist.

De�nition B.6. Ein Optimierungspr oblem ist ein T up el ( F ; o ), b estehend aus einer

Menge F und der Zielfunktion o : F 7! R . Die Menge F hei�t die Menge der zul

•

assigen

L

•

osungen .

Die Menge F eines kombinatorischen Optimierungspr oblems ist endlic h o der zumin-

dest abz

•

ahlbar unendlic h.

Ein glob ales Optimum eines Optimierungsproblems ( F ; o ) ist ein Elemen t f 2 F , f

•

ur

das gilt 8 g 2 F : o ( f ) � o ( g ).

Lok ale Suche

Viele in teressan te k om binatorisc he Optimierungsprobleme sind NP-v ollst

•

andig, so da�

jeder Algorithm us, der garan tiert eine optimale L

•

osung �ndet, im sc hlec h testen F all

exp onen tielle Zeit b en

•

otigt. Eine M

•

oglic hk eit dies zu umgehen, ist die V erw endung v on

un v ollst

•

andigen L

•

osungsv erfahren. Algorithmen dieser Klasse hab en sic h sc hon f

•

ur viele

NP-v ollst

•

andige Problemdom

•

anen als geeignet erwiesen. Ihre Gemeinsamk ei t b esteh t

darin, da� sie lok ale Suc he auf der Menge der zul

•

assigen L

•

osungen b en utzen. F

•

ur eine

L

•

osung f 2 F wird o f

•

ur Elemen te `nah' an f ausgew ertet und durc h eine b essere L

•

osung

ersetzt. Dies wird wiederholt, bis k eine w eitere V erb esserung mehr erreic h t w erden k ann.

Die Menge der L

•

osungen, die `nah' an f sind, ist die Nac h barsc haft v on f .

De�nition B.7. Die Nac h barsc haft ist eine Abbildung N : F 7! 2

F

.

Ein Elemen t f 2 F ist ein lokales Optimum , falls f

•

ur f gilt 8 g 2 N ( f ) : o ( f ) � o ( g )
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impro v e : F 7! F ist eine F unktion, w elc hes ein L

•

osung f auf eine andere L

•

osung

f

0

2 N ( f ) abbildet. Die L

•

osung f

0

hat einen b esseren ob jektiv en W ert als f .

impro v e ( f ) = ein b eliebiges f

0

2 N ( f ) mit o ( f

0

) < o ( f )

T afel 3.1 auf Seite 15 zeigt impro v e als grundlegenden Mec hanism us der lok alen Suc he.

Die St

•

ark e v on lok alen Suc hstrategien liegt in den geringen Kosten pro Suc hsc hritt.

Das Durc hsuc hen der Nac h barsc haft ist

•

ublic herw eise w enig aufw endig, so da� tausen-

de v on Sc hritten in akzeptabler Zeit durc hgef

•

uhrt w erden k

•

onnen. Dies ist auc h der

Grund, w arum asymptotisc he Komplexit

•

atsanalyse nic h t f

•

ur einen V ergleic h v ersc hie-

dener Strategien ausreic h t, sondern mit Hilfe v on Exp erimen ten durc hgef

•

uhrt w erden

m u�.

Nachba rschaft und Zielfunktion

Die F unktion impro v e k ann auf viele v ersc hiedene W eisen de�niert w erden. Je gr

•

o�er die

Nac h barsc haft ist, desto h

•

oher ist die W ahrsc heinlic hk eit, eine optimale L

•

osung zu �nden

und desto w eniger Sc hritte w erden b en

•

otigt. Der Nac h teil solc her Nac h barsc haften ist,

da� die Suc he in ihnen aufw endig ist. F alls die Nac h barsc haft eines jeden Elemen ts

die ganze Menge der zul

•

assigen L

•

osungen ist, so k

•

onn te das globale Optim um in einem

Sc hritt gefunden w erden. Somit w

•

are die Suc he v ollst

•

andig und damit NP-v ollst

•

andig.

Abh

•

angig v on der Zielfunktion k ann die Ausw ertung v on der Nac h barsc haft sehr auf-

w endig sein. Die De�nition v on impro v e v erlangt n ur das Finden eines b eliebigen Ele-

men ts der Nac h barsc haft, so da� es viele Strategien f

•

ur die Suc he gibt. Die b eiden

Extreme sind ste ep est-desc ent und �rst-impr ovement . Die erste gibt imme r das b este

Elemen t zur

•

uc k, w

•

ahrend die zw eite die Suc he immer nac h dem ersten b esseren abbric h t.

Die De�nition der Zielfunktion ist grundlegend f

•

ur die Leistungsf

•

ahigk eit einer lok alen

Suc hstrategie. Eine optimale Strategie w

•

urde niemals in einem anderen lok alen Opti-

m um als dem globalen anhalten, w as b edeutet, da� alle lok alen auc h globale Optima

sein m

•

u�ten. Ein Optimierungsproblem mit einer Zielfunktion dieser Gestalt k

•

onn te

ohne un v ollst

•

andige Strategien in p olynomieller Zeit gel

•

ost w erden, und t ypisc he Ziel-

funktionen hab en lok ale Optima, die nic h t globale sind. T rotzdem sollte ihr Design die

Zahl und die Tiefe der lok alen Optima minimi eren.

V erlassen von lok alen Optima

Das Hauptproblem v on lok alen Suc hstrategien sind lok ale Optima, die nic h t gleic hzeitig

globale sind. W enn die Suc he ein solc hes Elemen t erreic h t, bleibt sie in ihm h

•

angen,

und ohne eine M

•

oglic hk eit es zu v erlassen m u� die Suc he mit dieser ungew ollten L

•

osung
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abgebro c hen w erden. Um dieses Problem zu l

•

osen, m u� die Suc hstrategie manc hmal

Elemen te ausw

•

ahlen, die sc hlec h ter sind als ihr V org

•

anger. Viele un tersc hiedlic he Stra-

tegien sind zu diesem Zw ec k v orgesc hlagen w orden, wie das Einstreuen v on r andom

moves , tab o o o der die Durc hf

•

uhrung v on vielen kurzen V ersuc hen anstelle eines langen.

T afel 3.2 zeigt den Mec hanism us solc her m ulti-start T ec hnik en.

All diese Heuristik en hab en P arameter, die b estimmen w ann und wie sie angew endet

w erden. Ihre Qualit

•

at ist stark abh

•

angig v on der Einstellung dieser P arameter und

f

•

ur jedes Optimierungsproblem k

•

onnen andere W erte optimal sein. Sie m

•

ussen durc h

ausf

•

uhrlic he Exp erimen te ermittelt w erden.

Unvollst

•

andigk eit und Zufall

Zw ei gemeinsame Eigensc haften vieler lok aler Suc hstrategien ist das F ehlen v on bac k-

trac king und die V erw endung des Zufalls. An vielen Stellen des Plan ungsprozesses

m u�ten sic h Strategien zwisc hen mehreren M

•

oglic hk eiten en tsc heiden. Jede dieser En t-

sc heidungen k

•

onn te durc h eine Heuristik durc hgef

•

uhrt w erden, do c h das F ehlen v on

bac ktrac king mac h t diesen Ansatz gef

•

ahrlic h. Durc h die V erw endung des Zufalls k

•

onnen

sc hlec h te Heuristik en o der Zyklen v ermie den w erden. Zus

•

atzlic h wird auc h die Aus-

gangssituation zuf

•

allig b estimm t. Nic h t alle Strategien basieren auf zuf

•

alligen En tsc hei-

dungen, [MSK97] b esc hreib en eine Strategie, die fast deterministisc h ist.

Die Struktur der Menge der zul

•

assigen L

•

osungen

Die Menge der zul

•

assigen L

•

osungen hat oft eine sp ezielle Struktur, falls sie die Menge

aller W ertek om binationen einer Menge v on V ariablen darstellt. Zw ei Elemen te einer sol-

c hen Menge sind Nac h barn, falls sie sic h n ur leic h t in der Zu w eisung zu diesen V ariablen

un tersc heiden. Mit diesen Kon v en tionen k ann ein n -dimensionales Optimierungspro-

blem als ( n + 1)-dimensionaler Graph gesehen w erden, w ob ei die zus

•

atzlic he Dimension

der W ert der Zielfunktion der anderen n Dimensionen ist. Das tiefste T al dieses Graphen

ist das globale Minim um , und der Proze� der lok alen Suc he ist, einen W eg zu �nden,

der immer ab w

•

arts f

•

uhrt. T afel 3.3 zeigt ein Beispiel f

•

ur einen solc hen Graphen.

B.4 Planen durch lok ale Suche

Der Ansatz des Planens durc h lok ale Suc he hat b ereits seine Eign ung, gro�e Plan ungs-

probleme durc h Reduktion zu CNF zu l

•

osen, un ter Bew eis gestellt. Dieser Ansatz b e-

sc hr

•

ankt die M

•

oglic hk eiten der Repr

•

asen tierung und Optimierung. Diese Diplomarb eit
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pr

•

asen tiert einen anderen Ansatz des Planens durc h lok ale Suc he [SSST97], in dem die

Ko dierung direkter ist als CNF und derjenigen

•

ahnlic h, die Graphplan v erw endet.

Rep r

•

asentieren des Plan-Raums

Um ein Plan ungsproblem durc h lok ale Suc he zu l

•

osen, m u� eine Repr

•

asen tierung des

Raums der m

•

oglic hen Pl

•

ane gefunden w erden. Diese Struktur sollte auf nat

•

urlic he

W eise eine Nac h barsc haftsb ezieh ung

•

ahnlic her Pl

•

ane erm

•

oglic hen. Diese Diplomarb eit

b en utzt daf

•

ur eine Axiomatisierung in prop ositionaler Logik. Ihre Axiome w erden so

zu einem einzigen Satz zusammengef

•

ugt, da� dieser genau dann eine L

•

osung hat, w enn

das urspr

•

unglic he Plan ungsproblem l

•

osbar w ar.

Planen k ann als die Aufgab e b esc hrieb en w erden, einen Ausgangszustand in einen

Endzustand zu

•

ub erf

•

uhren. Zust

•

ande in diesem Sinne sind Mengen v on Eigensc haften

o der Prop ositionen dieser W elt, die zu einem b estimm ten Zeitpunkt zutre�en. Aktionen

•

andern den Zustand einer W elt. Auc h sie k

•

onnen zu einem b estimm ten Zeitpunkt

ausgef

•

uhrt w erden o der nic h t, so da� sic h die Aktionen einer b estimm te n Zeitstufe als

Menge v on aktiv en Aktions
uen ts darstellen l

•

a�t.

Um Plan ungsprobleme als Optimierungsproblem zu k o dieren, m u� der Raum der

Pl

•

ane als Menge repr

•

asen tiert w erden. Durc h das Ersetzen der Aktions- und Prop o-

sitions
uen ts durc h V ariablen, je eine pro Fluen t und Zeitstufe, erh

•

alt man eine Re-

pr

•

asen tation, die Eigensc haften hat, wie sie in Absc hnitt 3.6 b esc hrieb en sind. Um ein

sp ezielles, durc h V ariablen b estimm tes Optimierungsproblem zu l

•

osen, m u� ihre Zahl

endlic h sein. Zu diesem Zw ec k m u� die Plan ungsstruktur b egrenzt sein, so das jeder

durc h sie repr

•

asen tierte Plan die L

•

ange � n f

•

ur ein festes n hat. Die Abh

•

angigk eiten

zwisc hen den V ariablen b estimmen, w elc he Belegung mit einer L

•

osung des Plan ungspro-

blems k orresp ondiert. Diese Abh

•

angigk eiten w erden durc h eine Menge v on Constrain ts

erzwungen, w elc he auc h T eil der Plan ungsstruktur ist.

Plan ungssysteme k

•

onn ten alleine auf dieser einfac hen Plan ungsstruktur b eruhen, sie

w

•

aren ab er ine�zien t. Propagieren der Constrain ts k ann zu einer w esen tlic hen V ereinfa-

c h ung des Optimierungsproblem s f

•

uhren, so das die L

•

osung in deutlic h sc hnellerer Zeit

gefunden w erden k ann. Die An w endung dieser Metho den b en

•

otigt eine M

•

oglic hk eit,

•

ub er

V ereinfac h ungen Buc h zu f

•

uhren, so da� nac h dem Finden des Optim ums die L

•

osung

des urspr

•

unglic hen Plan ungsproblems rek onstruiert w erden k ann. Dies wird durc h eine

Menge v on Statusv ariablen erm

•

oglic h t, je eine f

•

ur jede Repr

•

asen tationsv ariable.

Die Planungsstruktur

Um den Plan ugsproze� durc h lok ale Suc he zu formalisieren, m u� eine Struktur b en utzt

w erden, die die V ereinfac h ung und die Suc he in jedem Sc hritt darstellen k ann. Diese

Struktur m u� die Menge der zul

•

assigen L

•

osungen und die Zielfunktion repr

•

asen tieren.



B.4 Planen durch lok ale Suche 77

De�nition B.8. Eine Planungsstruktur f

•

ur ein Plan ungsproblem �A , �, 
 � ist ein

f

•

unf-T up el �V T , S T , C , P P , l

max

� , w ob ei V T ein T up el v on b o olesc hen V ariablen ist,

und S T ein T up el v on Statusv ariablen ist, je eines f

•

ur jede Komp onen te v on V T ; C ist

eine Menge v on Constrain ts; P P ist das zugrundeliegende Plan ungsproblem �A , �, 
 � ;

und l

max

ist eine nat

•

urlic he Zahl, die die Besc hr

•

ankung der Planl

•

ange angibt.

Das V ariablen tup el V T erm

•

oglic h t auf nat

•

urlic he W eise eine Nac h barsc haftsb ezieh ung

zwisc hen Pl

•

anen. Zw ei Pl

•

ane sind Nac h barn, falls sie sic h n ur in der Belegung einer

V ariable un tersc heiden.

De�nition B.9. Eine L

•

osung einer Plan ungsstruktur �V T , S T , C , P P , l

max

� ist ein

T up el f w ahr ; falsc h g

jV T j

, f

•

ur das alle Constrain ts C 2 C inaktiv sind. Der objektive Wert

einer Bele gung f w ahr ; falsc h g

jV T j

ist de�niert als die Zahl der v erletzten Constrain ts.

Stufen des Planens durch lok ale Suche

Planen durc h lok ale Suc he ist der Proze� der Ko dierung eines Plan ungsproblems in einer

Plan ungsstruktur, des Durc hsuc hens dieser Struktur nac h einem globalen Optim um und

der R

•

uc k

•

ub ersetzung dieses gefundenen Optim ums in einen Plan.

Erstellen der Planungsstruktur

Der Suc hraum f

•

ur Pl

•

ane k ann einfac h nac h den ob en genann ten Prinzipien erstellt w er-

den. Nac h der W ahl einer maximalen Planl

•

ange wird f

•

ur jedes Fluen t und jede Zeitstufe

eine V ariable erzeugt. Die Zielfunktion wird so de�niert, da� L

•

osungen v on anderen Be-

legungen der V ariablen un tersc hieden w erden. Dies v erlangt die Ber

•

uc ksic h ti gung aller

grundlegenden Eigensc haften v on k on
iktfreien Pl

•

anen, v on der Dom

•

ane, so wie die Ei-

gensc haften eines b estimm ten Plan ungsproblems.

V ereinfachung

V ereinfac h ung ist der Proze�, V ariablen zu �nden, die in allen L

•

osungen den selb en W ert

hab en o der deren W ert k einen Ein
u� auf die L

•

osung hat. Diese V ariablen k

•

onnen v on

der Repr

•

asen tation en tfern t w erden und so das Optimierungsproblem in ein einfac heres

•

ub erf

•

uhren. Dies k ann durc h Kon ten- und Kan tenk onsistenz erzwungen w erden, die

die m

•

oglic hen Belegungen v on V ariablen einsc hr

•

ank en. Da in der Plan ungsstruktur

der W erteb ereic h einer V ariable die Gr

•

o�e 2 hat, b edeutet das Aussc hlie�en des einen

W ertes, da� der andere W ert die Belegung dieser V ariable in jeder L

•

osung ist.

Um zu erk ennen, da� die Belegung einer V ariable die L

•

osung des Optimierungspro-

blems nic h t b eein
u�t, ist es ausreic hend zu zeigen, da� es f

•

ur jede L

•

osung eine andere

gibt, die sic h v on der ersten n ur in der Belegung der fraglic hen V ariable un tersc heidet.
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Suche nach einer L

•

osung

Die Menge der zul

•

assigen L

•

osungen ist die Menge der Belegungen aller V ariablen, de-

ren W ert nic h t festgestellt w erden k onn te. Die Zielfunktion ist die Zahl der v erletzten

Constrain ts, wie de�niert. Nac h der V ereinfac h ung m u� n un eine Belegung f

•

ur alle

•

ubrig-

geblieb enen V ariablen gefunden w erden. Dies wird durc h eine lok ale Suc he erreic h t, die

nac h den Prinzipien aus Kapitel B.3 durc hgef

•

uhrt wird.

Unvollst

•

andigk eit und Planl

•

ange

F

•

ur ein Plan ungsproblem ist

•

ublic herw eise w eder b ek ann t, ob es eine L

•

osung gibt, no c h

die L

•

ange der k

•

urzesten L

•

osung. Dies b edeutet eine zus

•

atzlic he Komplexit

•

at des Planens

gegen

•

ub er anderen Klassen v on Optimierungsproblemen. F alls ein v ollst

•

andiger Planer

k einen Plan einer b estimm ten L

•

ange �nden k ann, so ist b ewiesen, da� es k eine L

•

osung

dieser L

•

ange gibt. Ein auf lok aler Suc he b eruhender Planer k ann diesen Sc hlu� nic h t

ziehen. Ein V ersagen einer un v ollst

•

andigen Strategie b edeutet nic h t das F ehlen einer

L

•

osung.

•

Ublic herw eise wird v ersuc h t, diesem Problem durc h eine V ergr

•

o�erung der

Planl

•

angen b esc hr

•

ankung zu b egegnen. W enn die Struktur gro� gen ug gew

•

ahlt wurde,

so da� sie eine L

•

osung b einhaltet, dann gibt es die M

•

oglic hk eit, sie zu �nden.

B.5 Dom

•

anenanalyse

Das Durc hsuc hen aller m

•

oglic hen Pl

•

ane ist k ein praktik abler Ansatz f

•

ur die meisten

Plan ungsdom

•

anen. Durc h den Einsatz v on Plan ungsstrategien k ann dieser Planraum

eingesc hr

•

ankt w erden. Diese Strategien b eruhen normalerw eise auf einer Analyse der

Dom

•

ane, w elc he sic h mit den Abh

•

angigk eiten eines Plan ungsproblems b esc h

•

aftigt, die

nic h t durc h das sp ezielle Problem herv orgerufen sind. Diese Abh

•

angigk eiten sind Ei-

gensc haften der Dom

•

ane und k

•

onnen im V oraus analysiert w erden.

Die Dom

•

anenanalyse ist ein zw eistu�ger Berec hn ungsproze� einer Anzahl v on Stra-

tegien. Zuerst wird die Dom

•

ane analysiert und die b erec hneten Informationen w erden

zu der Dom

•

anen b esc hreibung hinzugef

•

ugt. Bei Angab e eines k onkreten Plan ungspro-

blems zu dieser Dom

•

ane �ltert ein zw eiter Sc hritt diejenigen Informationen aus, die zw ar

f

•

ur die Dom

•

ane ab er nic h t f

•

ur dieses sp ezielle Problem g

•

ultig sind. Der Rest wird zur

Erstellung v on Plan ungsstrategien b en utzt. All diese Strategien k

•

onn ten w

•

ahrend des

Plan ungsprozesses b erec hnet w erden, so da� die Dom

•

anenanalyse k ein essen tieller T eil

des Planens ist, es gibt ab er einige V orteile Dom

•

anenanalyse als V orv erarb eitungssc hritt

einzusetzen:

� Sie k ann f

•

ur alle Plan ungsprobleme auf einmal durc hgef

•

uhrt w erden.
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� Manc he Abh

•

angigk eiten b en

•

otigen eine globale Analyse, so da� deren Ergebnis

ohne Aufw and wiederv erw endet w erden k ann.

� Dom

•

anenanalyse ist p olynomiell und erlaubt eine Reduktion der Komplexit

•

at der

Plan ungsprobleme

Ein Nac h teil der Dom

•

anenanalyse ist, da� ihre Ergebnisse nic h t f

•

ur alle Problemin-

stanzen gelten. Abh

•

angigk eiten, die aus der Dom

•

anen b esc hreibung folgen, m

•

ussen nic h t

aus der V ereinigung v on Dom

•

anen b esc hreibung und Anfangszustand folgen, w eil letzte-

res nic h t das Ergebnis einer Aktionsan w endung ist.

Gefundene Abh

•

angigk eiten k

•

onnen f

•

ur die V ereinfac h ungsstufe und f

•

ur die Plansu-

c he eingesetzt w erden. Neb en einer V erb esserung der Zielfunktion k ann man sie zum

V erw erfen v on

•

ub er


•

ussigen L

•

osungen v erw enden. Die An w endung einer solc hen r estr ai-

ning str ate gy bildet ein Plan ungsproblem auf ein anderes ab, w elc hes eine m

•

oglic herw ei se

kleinere ab er nic h tleere L

•

osungsmenge hat.

1

Kapitel 5 stellt einige Abh

•

angigk eiten und

Analysev erfahren v or.

B.6 Constraints

Im V erlaufe dieser Diplomarb eit ist das W ort Constrain t in v ersc hiedenen, leic h t un ter-

sc hiedlic hen Bedeutungen v erw endet w orden. In De�nition 14 w erden Constrain ts als

Einsc hr

•

ankung der W erte v on V ariablen eingef

•

uhrt. Dieses Konzept ist n

•

utzlic h f

•

ur die

Besc hreibung der Konzepte v on Knoten- und Kan tenk onsistenz und der V ereinfac h ung

f

•

ur b eliebige Constrain ts.

Die Constrain ts, die f

•

ur Planen b en utzt w erden, sind nic h t b eliebig. Sie spiegeln die

Abh

•

angigk eiten auf einem V ariablen tup el wider, die mit der Dom

•

ane, mit einem k on-

kreten Plan ungsproblem und mit den v erw endeten Plan ungsstrategien k orresp ondieren.

Das Design der Constrain ts wird nic h t endg

•

ultig v on diesen Abh

•

angigk eiten b estimm t:

zw ei Plan ungsprobleme mit derselb en Ko dierung zu V ariablen k

•

onnen v ersc hiedene Ziel-

funktionen hab en.

Dieses Kapitel stellt Dimensionen im Raum der Constrain ts v or und gibt Beispiele

f

•

ur Constrain ts, die die Strategien v on Kapitel 5 widerspiegeln.

Der Raum der Constraints

Ein Constrain t m u� sp eziell erstellt w erden. Neb en seiner Aufgab e, eine b estimm te

Abh

•

angigk eit zu erzwingen, m u� er zu den anderen Constrain ts, zu der Plan ungsstruktur

1

F alls das Plan ungsproblem

•

ub erhaupt eine L

•

osung hatte.
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und zu dem Suc hmec hanism us passen. Das Design v on Constrain ts k ann sic h in mehrer

Hinsic h t un tersc heiden. Einige Dimensionen im Raum der Constrain ts sind:

� Der Zwe ck eines Constrain t ist die Abh

•

angigk eit, die er erzwingen soll. Zw ec k und

Design sind lose v oneinander abh

•

angig, da derselb e Constrain t v ersc hiedene und

v ersc hiedene Constrain ts dieselb e Aufgab e erf

•

ullen k ann.

� Das Design ist die Realisierung des Zw ec ks. Die Qualit

•

at ist abh

•

angig v on dem

Plan ungsalgorithm us, es gibt ab er einige generelle Eigensc haften. Zum Beispiel

sollten Constrain ts so k onzipiert sein, da� sie den en tg

•

ultigen W ert v on V ariablen

b estimmen k

•

onnen.

� Der Ber eich eines Constrain ts ist die Menge der V ariablen, deren W erte er ein-

sc hr

•

ankt.

� Die Br eite ist die Zahl der Fluen ts, die ein Constrain t b eein
u�t.

� Die R eichweite ist der maximale Abstand der Zeitsc hritte, die der Constrain t

b eein
u�t.

Diese Dimensionen k

•

onnen zu einer Klassi�zierung v on Constrain ts b en utzt w erden,

wie sie in Sektion 6.2 angegeb en ist.

Constraints und die V ereinfachungsstufe

Die V ereinfac h ungsstufe v ersuc h t, die en tg

•

ultigen W erte so vieler V ariablen wie m

•

oglic h

zu b estimmen. Zu diesem Zw ec k sollten die gefundenen Abh

•

angigk eiten zur Erstellung

aller Constrain ts b en utzt w erden. Zum Beispiel nehmen wir an, da� a

1

ein ausgesc hlos-

sener Nac hfolger v on a

2

ist und da� a

1

v

� ! a

2

gilt. F alls der G

•

ultigk eits-Constrain t

auc h a

1

en thalten w

•

urde, w

•

are die V ereinfac h ungsstufe vielleic h t nic h t so erfolgreic h wie

m

•

oglic h.

Constraints und die Suche

Das Hauptprinzip zur Ausw ahl der Constrain ts f

•

ur die Plansuc he ist, da� optimale

L

•

osungen des Optimierungsproblem s auc h g

•

ultige L

•

osungen des Plan ungsproblems sein

m

•

ussen. Zu diesem Zw ec k m

•

ussen sie die frame-Axiome und die Implik ationen v on

Aktionen erzwingen und Aktionspaare aussc hlie�en, die miteinander einen Kon
ikt er-

zeugen. Es gibt viele Kom binationen v on Constrain ts, die diesen Zw ec k erf

•

ullen.

•

Ahnlic h der V ereinfac h ungsstufe ist dieser Zw ec k nic h t b eein tr

•

ac h tigt, falls eine Bezie-

h ung zwisc hen V ariablen durc h mehrere Constrain ts abgedec kt wird. F

•

ur die Suc he ist
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dies nic h t der F all, das sie v on der Gestalt der Zielfunktion abh

•

angt. Mehrfac hab dec kung

v on Bezieh ungen v ertieft die lok alen Optima und b eein tr

•

ac h tigt so den Suc halgorithm us.

B.7 Ergebnisse

Dieses Kapitel un tersuc h t die Leistungsf

•

ahigk eit der Strategien und Metho den, die in

dieser Diplomarb eit v orgestellt wurden. Zu diesem Zw ec k wurde eine Impleme n tation

erstellt, um einen V ergleic h zwisc hen den einzelnen Metho den und zwisc hen den b esten

Metho den und anderen Planern zu erm

•

oglic hen.

Evaluation der Strategien f

•

ur die V ereinfachungsstufe

Die V ereinfac h ungsstufe k ann den Plan ungsproze� auf zw ei v ersc hiedene Arten b eein-


ussen. W enn sie eine L

•

osung �ndet o der b ew eist, da� es k eine gibt, dann ist Planen

unabh

•

angig v on der Suc hmetho de und die Leistungsf

•

ahigk eit des Plan ungssystems h

•

angt

aussc hlie�lic h v on der V ereinfac h ungsstufe ab. F alls sie k eine en tg

•

ultige En tsc heidung

�nden k onn te, wird ihr Ergebnis v on der Suc hstrategie als Eingab e b en utzt. Dies b e-

ein
u�t die zw eite Stufe, da die Leistungsf

•

ahigk eit des Plan ungssystems v on der Kom-

bination b eider T eile abh

•

angt. Die optimale Strategie f

•

ur b eide Anforderungen k ann

v ersc hieden sein, so da� sie getrenn t un tersuc h t w erden sollten.

Wie sc hon b emerkt ist Planen NP-v ollst

•

andig f

•

ur die meisten in teressan ten Dom

•

anen,

die Erstellung der Plan ungsstruktur und die V ereinfac h ungsstufe sind ab er p olynomi-

ell, v erglic hen zur Problemgr

•

o�e. W eiterhin ist die V ereinfac h ungsstufe linear, falls die

Gr

•

o�e des Bereic hs aller Constrain ts k onstan t ist und ihre Zahl linear mit der Problem-

gr

•

o�e w

•

ac hst. Graph 8.1 zeigt Ergebnisse der V ereinfac h ung v on mehreren Gr

•

o�en der

D

m

S

2

Dom

•

ane.

Der V ereinfac h ungsstufe ist es m

•

oglic h, w eitere Plan ungsprobleme in anderen Dom

•

a-

nen zu l

•

osen. Graph 8.2 zeigt die Laufzeit, die Zeit f

•

ur die V ereinfac h ung f

•

ur Pr obaPla ,

so wie die Laufzeit v on Graphplan f

•

ur solc he Probleme.

Evaluation der Strategien f

•

ur die Suche

Der Suc halgorithm us eines Plan ungssystems mit lok aler Suc he k ann n ur in Kom bination

mit seiner V ereinfac h ungsstufe ev aluiert w erden. Aus diesem Grund un tersuc h t dieses

Kapitel mehrere Instanzen der Logistics Dom

•

ane im Detail. Graph 8.3 zeigt die Dauer

der Suc he f

•

ur mehrere Kom binationen v on Constrain ts. Graph 8.4 gibt Informationen

•

ub er die Zahl der Constrain ts v or und nac h der V ereinfac h ung, und Graph 8.5 liefert

die k orresp ondierende Zahl der 
ips.
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Die Einstellung f

•

ur alle Planer ist

•

ahnlic h. Alle T ests wurden auf einer Sun Sparc-2

Ultra mit zw ei Prozessoren und 512M Hauptsp eic her durc hgef

•

uhrt und f

•

ur jedes Pla-

n ungsproblem wurde in jedem Lauf eine L

•

osung gefunden. Die Suc hstrategie v on Sa t-

Plan w ar w alksat und die W ahrsc heinlic hk eit eines w alk-Sc hritts w ar 50/50; der T ab o o-

P arameter w ar 5. Alle Planer b earb eiteten jedes Problem 50 mal, jew eils mit der Angab e

der L

•

ange der k

•

urzesten L

•

osung.

B.8 Schlu�folgerungen

Diese Diplomarb eit pr

•

asen tierte die Repr

•

asen tation einer Struktur f

•

ur b esc hr

•

ankte pro-

p ositionale Plan ungsprobleme. Diese Plan ungsstruktur ist f

•

ur V ereinfac h ung und f

•

ur

Planen durc h lok ale Suc he geeignet. Desw eiteren wurde ein Planer als T estumgebung

f

•

ur neue Strategien und Suc h tec hnik en v orgestellt.

Wie in Absc hnitt 8.1 gezeigt wurde, ist eine V ereinfac h ung sinn v oll zur deutlic hen Re-

duzierung der Zahl der V ariablen und Constrain ts. In Kom bination mit den Strategien

v on Kapitel 5 wird diese Stufe des Planens no c h leistungsf

•

ahiger und erm

•

oglic h t das

L

•

osen v on Plan ungsproblemen in einigen Dom

•

anen.

Die Plan ungsstruktur, die in dieser Diplomarb eit pr

•

asen tiert wurde, eignet sic h f

•

ur

Planer im Stil v on Graphplan o der Sa tPlan . Sie ist 
exibler als die Ko dierungen

anderer Planer, so da� in ihr Constrain ts v erw endet w erden k

•

onnen, die sic h nic h t als

einzelne Disjunktion darstellen l

•

a�t. Auc h w enn nic h t gezeigt w erden k onn te, ob die

v orgestellten Designs b esser sind als die CNF-basierten, so ist es do c h not w endig, sie zu

un tersuc hen.

Die Implem en tation der Plan ungsstruktur k ann dazu v erw endet w erden, Plan ungs-

strategien hinzuzuf

•

ugen und zu testen. Diese Flexibilit

•

at wird durc h ein o�enes De-

sign und die Ben utzung einer ob jekt-orien tierten Sprac he mit Ob jekten f

•

ur V ariablen

und Constrain ts erreic h t. Dies resultiert ab er in einem sc hlec h ten Laufzeitv erhalten,

so da� ob w ohl Pr obaPla T ec hnik en b en utzt, die Sa tPlan o der Graphplan nic h t

v erw enden, er sie nic h t sc hlagen k ann. Selbst w enn Pr obaPla in der V ereinfac h ung

(Graph 8.2) o der in der Zahl der 
ips (Graph 8.6) b esser ist als die anderen Planer, die

Zeit f

•

ur Analyse der Dom

•

ane, f

•

ur die Erstellung der Plan ungsstruktur und pro 
ip mac h t

diesen V orteil zunic h te. Eine Reimplem e n tation v on Pr obaPla mit einer festen Menge

v on Constrain ts, optimierten Analysev erfahren und v erb esserten Suc hstrategien w

•

urde

diesen Nac h teil b eheb en und einen Planer ergeb en, der mit den bisherigen k onkurrieren

k ann.



App endix C

Pr obaPla in Detail

This app endix presen ts implem en t ation details of Pr obaPla , imp ortan t for its use and

extension. It explains ho w to apply the planner to a sp eci�c planning instance, what

options are a v ailable and ho w to use them, giv es a grammar of the accepted �le formats,

and explains ho w to extend Pr obaPla .

C.1 Using the Planner

The command to start a planning pro cess is

probaPla <fact file> <operator file> <bound>

with the �rst t w o parameters b eing the name of t w o �les in the appropriate format as

presen ted in Section C.3. The last parameter is a natural n um b er and is used as b ound

for the planning structure.

The output are three �les with the ending `.prp' and some lines of text on stdout.

On stdout, Pr obaPla giv es notice ab out its curren tly activ e part and the elapsed user

time. The �le `results.prp' is a log for planning times, options used, and results of

planning, while `solution.prp' is the solution plan for the last planning problem, if there

w as one. The �le `simpResults.prp' giv es the information, the domain analysis could

deduce.

The souce co de of the planner Pr obaPla can b e obtained via www with the URL

`h ttp://kirmes.infe renzsystem e. inform atik. tu-darmstadt.de/~sc holz/Planning/'. It is

written in C++ and is b est to b e compiled with g++.
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C.2 Options

The options of Pr obaPla can b e distinguished in to three groups: parameters adjusting

the searc h, parameters setting the constrain ts, and debugging options. All options ha v e

to b e set b y c hanging a constan t in the source co de and b y recompilation.

C.2.1 Adjusting the Sea rch

As discussed in Chapter 3, lo cal searc h strategies usually ha v e sev eral parameters, whic h

ha v e to b e adjusted to a certain planning problem to gain optimal p erformance. The

strategies used with Pr obaPla ha v e the follo wing options:

T The parameter DEF A UL T T sp eci�es the ratio b et w een using GSA T and using the

w alk strategy . The allo w ed v alues of DEF A UL T T are natural n um b ers b et w een

0 and 1000, with DEF A UL T T = 1000 b eing the probabilit y of applying the w alk

strategy .

#
ips The parameter DEF A UL T MAX FLIPS , whic h sp eci�es the maxim um n um b er

of 
ips p erformed. After exceeding this b ound, the searc h is abandoned and the

next try is started.

#tries The parameter DEF A UL T MAX TRIALS giv es the maxim um n um b er of tries

p erformed, except the simpli�cation found a solution or pro v ed there is no. In this

case, Pr obaPla stops b efore the searc h.

tab o o T ABOO con trols the tab o o strategy . It determines the n um b er of time steps a

v ariable has to rest after a 
ip un til it can b e 
ipp ed again.

The �rst three constan ts are lo cated in the �le `probaPla.cc', while the constan t

T ABOO is lo cated in `
uen tManager.h'.

C.2.2 Settings of Constraints

The curren t implem en tati on of Pr obaPla pro vides sev eral constrain ts for planning

and simpli�cation. Additionally constrain ts can b e used just to shap e the ob jectiv e

function. A constrain t in this mo de alw a ys enforces the v ariables in its scop e to ha v e

allo w ed v alues. This option do es not sho w go o d results, so it is not presen ted and

explained elsewhere.

The pro vided constrain ts can b e used in an y com bination and in an y mo de. Sev eral

of them serv e the same purp ose but ha v e di�eren t designs. Com bining them mak es no

di�erences for simpli�cation but lo cal optima are deep ened, so this is not advised.
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T o set the mo de of constrain ts or to disable them, an appropriate v alue has to b e

set in a constan t arra y `c ho osenCon
ictT yp es' in the �le `probaPla.cc'. The domain

for en tries is f DISABLED, CONSTRAINT, DEPENDENCY, SIMPLIFY g , with the

seman tic denoted b y their name.

C.2.3 Debugging Options

Eac h class-�le of Pr obaPla has a constan t, whic h enables its debugging mo de. Ad-

ditionally , the header-�le `probaPla.h' con tains t w o global 
ags, `SIMP PHASE' and

`SEAR CH PHASE', to select the debugging mo des of these phases.

C.3 Accepted File F o rmats

A de�ciency of man y exp erimen tal planners is the absence of a clearly de�ned input

grammar. Sev eral planners, although using similar st yles, need sligh tly di�eren t inputs,

so exc hanging b enc hmark problems is hindered.

F or this reason, this section presen ts a grammar for the input �les used b y Pr obaPla .

The notation is BNF and terminal sym b ols are either denoted b y quotes or matc hed b y

the regular expressions [A..Za..z0..9 ]+ and [A..Za..z0.. 9 ]*.

Grammar of the facts �le:

fact �le ::= [A..Za..z0..9 ]* t yp es initial facts goal facts

t yp es ::= t yp e list

t yp e list ::= one t yp e t yp e list j one t yp e

one t yp e ::= `(' tok en list tok en `)' j `(' tok en `)'

initial facts ::= `(' `preconds' fact list `)'

goal facts ::= `(' `e�ects' fact list `)'

fact list ::= fact fact list j

fact ::= `(' tok en list `)'

tok en list ::= tok en j tok en tok en list

tok en ::= [A..Za..z0..9 ]+
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Grammar of the op erator �le:

op erator �le ::= [A..Za..z0..9 ]* op erator list

j `#' [A..Za..z0..9 ]* op erator list

op erator list ::= op erator j op erator op erator list

op erator ::= `(' `op erator' tok en parameters preconditions e�ects `)'

parameters ::= `(' `params' parameter list `)' j `(' `params' `)'

parameter list ::= parameters parameter list j parameter

parameter ::= `(' prop osition list elemen t `)'

j `(' parameter tok en list prop osition list elemen t `)'

parameter tok en list ::= ` < ' tok en ` > ' parameter tok en list j ` < ' tok en ` > '

preconditions ::= `(' `preconds precondition list `)' j `(' `preconds' `)'

precondition list ::= one precondition precondition list j one precondition

one precondition ::= `(' prop osition list elemen ts `)'

e�ects ::= `(' `e�ects' e�ect list `)' j `(' `e�ects' `)'

e�ect list ::= one e�ect e�ect list j one e�ect

one e�ect ::= add e�ect j del e�ect

add e�ect ::= `(' prop osition list elemen ts `)'

del e�ect ::= `(' `del' prop osition list elemen ts `)'

prop osition list elemen ts ::= tok en j ` < ' tok en ` > '

tok en ::= [A..Za..z0..9 ]+

The seman tics is as follo ws: The op eration �le con tains op erators, whic h are trans-

formed to actions b y replacing their v ariables with all p ossible v alues. V ariables are

denoted b y sharp brac k ets. The v alues of t yp es are giv en at the b eginning of the facts

�le, with the �rst tok en b eing the t yp e name.

If the op erator �le con tains a `#' as �rst c haracter, the op erations are giv en in `old

st yle', as Graphplan calls it. In that case, the prop ositions of actions ha v e to b e

reorganized as follo ws: if an added fact of an action also is in its precondition list, the

fact has to b e remo v ed from the add list. Lik ewise, if a precondition of an action is not

in its add list, it has to b e added to its delete list.

C.4 Adding new F eatures

Pr obaPla is designed as a testb ed for constrain ts and lo cal searc h metho ds, so it is

easy to c hange or extend it.



C.4 Adding new F eatures 87

C.4.1 Adding a Constraint

T o add a constrain t, only the follo wing adjustmen ts ha v e to b e made:

� An extension of the set of mo des,

� An adjustmen t of the n um b er of constrain ts. The constan t is lo cated in the �le

`probaPla.cc'.

� The creation of t w o classes. These are the constrain t itself and an ob ject, whic h

p erforms the insertion in to the planning structure.

Pro ducing classes inherit form `con
ictProtot yp e.h'. They just ha v e to pro vide:

� `v oid initCon
ictProtot yp e(constrain tT yp e theStatus)'

`v oid initCProt(v oid)'

These t w o metho ds initialize the pro ducing ob ject. The parameter `theStatus'

con tains the mo de for this constrain t, giv en b y the mo de set in `probaPla.cc'.

� `in t getMaxNbCon
icts(v oid)'

`in t getMaxNbCon
ictsP erFluen t(v oid)'

`in t getMaxNbFluen tsP erCon
ict(v oid)'

These functions calculate some maximal b ounds, no con
ict of this t yp e do es

exceed. They are needed to create the planning structure. The �rst giv es the

maximal n um b er of con
icts of this t yp e, a planning structure of this b ound can

con tain. The last t w o giv e the maximal n um b er of con
icts p er 
uen t resp. the

maximal n um b er of 
uen ts p er con
ict of this t yp e.

� `v oid calculateCon
icts(v oid)'

This metho d calculates information ab out the application of this constrain t b y

using the domain analysis.

� `v oid insertCon
icts(v oid)'

This metho d applies the con
icts to the planning structure.

Eac h constrain t of the planning structure is an ob ject of class con
ict. Eac h of these

con
ict ob jects inherits from `con
ict.h' and has to pro vide the follo wing functions and

metho ds:

� `b o ol isFluen tDetermi ned(in t index)'

This is an implem en tation of the function d .
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� `optV alue getNeededV alueF orIndex(in t index)'

This is the implem en tation of `v alue'. The domain of optV alue is true, false,

unkno wn, arbitrary and �xed.

� `v oid calculateStatus(v oid)'

This metho ds calculates the actual status of the con
ict. T ogether with the func-

tion `b o ol isCon
ictActiv e(v oid)', it implem en ts the function c .

� `b o ol isIndexCritical(in t index)'

This function returns true, if 
ipping the 
uen t index w ould c hange the status of

the con
ict, otherwise it returns false.

� `b o ol isCon
ictAlw a ysSolv ed(v oid)'

`b o ol isCon
ictAlw a ysActiv e (v oid)'

These functions are used for simpli�cation or to determine, if a planning structure

cannot con tain a v alid solution.

� `in t getMaxFluen ts(v oid)'

This function returns the size of the scop e, the constrain t is created with.

These metho ds and functions implem en t the functionalit y describ ed in Section 6.3.

The parameter `index' is an index of v ariables in the scop e of a constrain t.

C.4.2 Changing the Objective F unction

Pr obaPla pro vides supp ort for c hanging the lo cal searc h strategy . An ob ject of the

class `
uen tManager.cc' implem en t s the lo cal searc h strategy . It has global access to

all v ariables and kno ws the neigh b orho o d of the actual feasible solution. Its function

`getBestRandomFluen t(v oid)' randomly 
ips the v ariable whic h causes the biggest de-

crease in n um b er of violated constrain ts, while observing the tab o o strategy .

An ob ject of the class `con
ictManager' has global kno wledge of all constrain ts and

implem en ts the w alk strategy b y pro viding the function `con
ict* getRandomActiv e-

Con
ict(v oid)', whic h returns a random activ e con
ict.

T o implem en t a c hanged lo cal searc h strategy , these ob jects ha v e to b e altered ap-

propriately . Man y lo cal searc h strategies do not require the c hange of other parts of

Pr obaPla . An example for a strategy , whic h w ould cause a ma jor c hange, is one using

a larger neigh b orho o d.
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