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Chapter 1

In tro duction

Planning addresses the problem of automatically generating a sequence of p ossible

actions, called a plan, that ac hiev es sp eci�ed set of goals b eginning with a giv en

set of initial states. A reliable and fast planning capabilit y is often critical to the

e�ectiv eness of an in telligen t agen t.

1.1 Planners based on First-Order Logic

One of the earliest metho ds used to solv e this problem w as Situation Calculus,

dev elop ed b y McCarth y and Ha y es [10]. It is a predicate calculus formalization of

states, actions and their e�ects [12 , page 363]. The ma jor di�cult y of this approac h

w as the so called fr ame pr oblem . A frame axiom tells whic h of the 
uen ts don't c hange

as the result of an action. F or example, if there are three blo c ks A, B, and C stac k ed

on top of eac h other, C b eing at the topmost p osition, then mo ving C from B to the

table has no e�ect on A.

F rame axioms are used to pro v e that a prop ert y of a state remains

true if the state is c hanged b y an action that do es not a�ect that

prop ert y . . . Since, t ypically , w e will ha v e a pair of frame axioms for
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ev ery com bination of 
uen t and action, it b ecomes unmanageably di�cult

in realistic problems to represen t ho w actions c hange the w orld in this

form ulation of the situation calculus [12 , page 368].

The problem of large n um b er of frame axioms, and to automatically generate them

in the Situation Calculus approac h led to an alternativ e approac h prop osed b y Fik es

and Nilsson [4] called STRIPS , the Stanford Researc h Institute Problem Solv er. It

treats the pr e dic ate formulas describing the state as \a kind of state." The searc h is

p erformed in \Plan Space" rather than in \State Space" (as opp osed to the Situation

Calculus approac h). Actions are represen ted as op er ators whic h consist of three parts:

preconditions, add list, and delete list. An action is exectuted only when all the literals

in the preconditions set are presen t in the state description. The e�ect of an action

is to delete all the literals of the delete list from the state description, and to add all

the literals of the add list to it. A plan corresp onds to sequence of op erators that

ac hiev e the goal state giv en the starting state.

In these sc hemes, �nding the plan is basically se ar ching for a sequence that will

lead to the goal from the initial state. In practice certain action(s) will app ear more

than once in the plan. In the simplest case, assuming that all the actions app ear not

more than once in the plan, the n um b er of p ossible seuences is factorial of the n um b er

of actions. This means that searc h in this scenario is an NP-Hard problem.

1.2 Prop ositional Planners

Another approac h to planning is \Satis�abilit y" (SA T) [6]. The main idea b ehind

prop ositional planning sc heme is to �rst compile the initial state(s), the goal(s), and

the action domain in to a set of prop ositional form ulae, and then �nd a satis�abilit y
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(truth) assignmen t using some fast satis�abilit y algorithm (e.g. GSA T), and then

extract the plan bac k from the assignmen ts. Satis�abilit y is b eliev ed to b e a m uc h

harder problem than deduction - the approac h that w as used in situation calculus

and STRIPS . Ho w ev er, using fast SA T algorithms lik e GSA T, for searc hing more

than mak es up for the de�ciency . This concept will b e further elab orated in the next

c hapter.
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Chapter 2

Prop ositional Planning: The State of the Art

Researc h activit y in the area of planning has risen greatly in the last few y ears, mainly

b ecause of new fast algorithms, e�cien t tec hniques, and b etter understanding [14].

Planning tec hniques ha v e b een (or are b eing) applied to rob ot mo v emen t, spacecraft

con trol, sc heduling op erations in automotiv e industry , oil-spill resp onse planning (b y

US Coast Guard), military air-campaign planning, h uman computer in teraction, and

man y other areas [15].

2.1 Graphplan

The Graphplan planning system is based on the Planning Graph Analysis approac h,

dev elop ed b y Blum and F urst [2]. When in tro duced, it ac hiev ed a signi�can t

breakthrough in trems of planning sp eed. It is regarded as one of the most successful

enco dings of planning problems as a SA T problem.

2.1.1 Planning Graph

According to [2], a valid plan for a planning problem consists of a set of actions, and

sp eci�ed times in whic h eac h action is to b e carried out. More than one action is
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allo w ed pro vided they don't in terfere (i.e. one action do es not delete a precondition

or an add-e�ect of another) with eac h other. A v alid plan ma y p erform an action at

time t if the plan mak es all of its preconditions true at time t ( at t = 1, it translates

to the giv en initial conditions). There are \no-op" actions that carry truth forw ard

in time without in tro ducing an y new e�ect. W e ma y de�ne a prop osition to b e true

at time t > 1 i� it is an add e�ect of some action tak en at time t � 1. And of course,

a v alid plan m ust mak e all the Problem Goals true at the end.

A Planning Graph (Figure 2.1) is similar to a v alid plan except that it is not

required to ob ey non-in terference. A Planning Graph is a directed, and lev eled graph

( i.e., no des can b e partitioned in to disjoin t sets suc h that the edges connect no des

in adjacen t lev els only) with t w o kinds of no des and three kinds of edges. The

lev els alternate b et w een prop osition lev els con taining prop osition no des, and action

lev els con taining action no des. Eac h of the prop osition and action no des are lab eled

with some prop ostion and some action resp ectiv ely . The �rst lev el of a Planning

Graph is a prop osition lev el and consists of one no de for eac h prop osition that is

giv en in the initial conditions. The lev els are arranged in a sort of pairwise fashion:

true prop ositions at time 1, p ossible actions at time 1; true prop ositions at time 2,

p ossible actions at time 2 etc. Edges in a Planning Graph represen t relations b et w een

actions and prop ositions through connecting action no des to their preconditions in the

previous prop osition lev el b y the so-called \Prop osition-Edges", and to their e�ects

in the follo wing prop osition lev el b y \Add-Edges", and \Delete-Edges". Action lev el

i ma y con tain all the p ossible actions whose preconditions all exist in prop osition

lev el i . A prop osition ma y exist at prop osition lev el i + 1 if it is an add-e�ect of some

action of lev el i , ev en if this prop osition ma y b e a delete-e�ect of some other action

of lev el i . Also, b ecause of \no-op" actions, ev ery prop ostion that app ears at lev el i
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ma y also app ear at lev el i + 1. Since the requiremen ts on Planning Graph are w eak,

they can b e built v ery fast.

load A L

load B L

move L-P

fuel R

in A R

in B R

fuel R

in A R

in B R

fuel R

unload A P

unload B P

load A L

load B L

move L-P

actions
time 1

propositions
time 1

propositions
time 2

actions
time 2

propositions
time 3

actions
time 3

goals

at A L

at B L

at R L

at R P at A P

at B P
at A L

at B L

at R L

at A L

at B L

at R L

at R P

Figure 2.1: Example of a Planning Graph for the ro c k et domain. Source: [2].

2.1.2 The Graphplan Algorithm

Tw o actions are mutual ly exclusive at a giv en action lev el if no v alid plan could

p ossibly con tain b oth. Similarly , t w o prop ositions at a giv en prop osition lev el are

m utually exclusiv e if no v alid plan could p ossibly mak e b oth true. Graphplan marks

t w o actions at a giv en action lev el to b e exclusice of eac h other as follo ws:

In terference If either of the actions deletes a precondition or add-e�ect of the other.

Comp eting Needs If the precondition of action a and that of action b are mark ed

m utually exclusiv e in the previous prep osition lev el.

Tw o prop ositions p and q in a prop osition lev el are mark ed as exclusiv e if all w a ys of

creating prop osition p are exclusiv e of all w a ys of creating prop osition q.

The �rst prop osition lev el of the Planning Graph consists of all the initial

conditions. Then the Planning Graph is extended as follo ws. T o create a generic
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action lev el, for eac h op erator and eac h w a y of instan tiating preconditions of that

op erator to prop ositions in the previous lev el, an action no de is inserted if no t w o

of its preconditions are lab eled as m utually exclusiv e. All the \no-op" actions and

the precondition edges are inserted as w ell. Then the action no des are c hec k ed for

exclusivit y . T o create a generic prop osition lev el, all the add-e�ects of the actions in

the previous lev el including \no-ops" are placeed in the next lev el as prop ositions,

connecting them via the appropriate add and delete edges. An y t w o prop ositions

are mark ed as exclusiv e if all w a ys of generating the �rst are exclusiv e of all w a ys of

generating the second.

The time tak en b y this algorithm to create this graph structure is p olynomial

in the length of the problem's description and the n um b er of time steps. The part

of graph creation that tak es the most time is determining exclusion relations. An

impro v emen t to the basic algorithm describ ed ab o v e is to a v oid searc hing un til a

prop osition lev el has b een created in whic h all the �nal goals app ear and no pair of

goals has b een determined to b e m utually exclusiv e.

Giv en a Planning Graph, Graphplan searc hes for a v alid plan using bac kw ard

c haining strategy . Giv en a set of goals at time t, it attempts to �nd a set of

actions (\no-ops" included) at time t � 1 ha ving these goals as add e�ects, i.e. the

preconditions of the actions at a lev el b ecomes the goals of the previous lev el. Clearly ,

this set of subgoals at time t � 1 has the prop ert y that if these goals can b e ac hiev ed

in t � 1 steps, then the original goals can b e ac hiev ed in t steps. If the goals set

turns out to b e unac hiev able, Graphplan tries to �nd a di�eren t set of actions. This

pro cess is con tin ued un til it either succeeds or it has pro v en that the original set of

goals is not solv able at time t. As the next step, it either tak es another Extend and

Searc h step or terminates the searc h. Th us, in eac h iteration through this Extend and
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Searc h lo op, the algorithm either disco v ers a plan or else pro v es that no plan ha ving

that man y time steps or few er is p ossible. This algorithm is sound and complete in

the sense that an y plan the algorithm �nds is a legal plan, and if there exists a legal

plan then Graphplan will �nd one. It is also p ossible to augmen t this algorithm so

that if the Problem Goals are not satis�able b y an y v alid plan, then the planner is

guaran teed to halt with failure in �nite time.

An imp ortan t asp ect of Graphplan 's searc h is that when a set of (sub)goals at some

time t is determined to b e not solv able, then b efore p opping bac k in the recursion

it memoizes what it has learned, storing the goal set and the time t in a hash table.

Similarly , when it creates a set of subgoals at some time t, b efore searc hing it �rst

prob es the hash table to see if the set has already b een pro v ed unsolv able. If so,

it then bac ks up righ t a w a y without searc hing further. This memoizing step, in

addition to its use in sp eeding up searc h, pro vides necessary and su�cien t conditions

for terminating the searc h. Graphplan is b eing used as a prepro cessor in some of the

fastest planning systems based on compilation approac hes { our next topic.

2.2 Planning as Satis�abilit y

There are three p opular categories of planning systems that use \compilation of

planning problems" approac h, namely those that compile the problem to SA T

(Satis�abilit y) enco dings, CSP (Constrain t Satisfaction Problem) enco dings, and ILP

(In teger Linear Planning) enco dings. The basic idea b ehind the �rst t w o is as follo ws.

The problem is �rst con v erted to a Planning Graph using Graphplan . The planning

graph is then con v erted in to a SA T w� (w ell formed form ula), or CSP enco ding, whic h

then is solv ed using a SA T or CSP algorithm. In the third case, the SA T enco ding is

8



translated to ILP inequalities, and then solv ed using some appropriate algorithm (for

example, branc h and b ound algorithm, [8]. BLA CKBO X [7] is an implemen tation of

the SA T planning category . GP-CSP [3] and ILP-PLAN [8] are implemen tations of

CSP and ILP categories resp ectiv ely .

Problem and Domain
description in 
STRIPS/ PDDL

SAT Compiler
( PDDL Preprocessor/
Graphplan + Plan
Graph -> SAT ) 

  SAT Solver
( WALKSAT/
SATZ etc.

  Plan
Extractor

PLAN

Increase plan length if no plan is found

Figure 2.2: Arc hitecture of a t ypical SA T-based planning system

In the follo wing sections w e shall consider Planning as SA T. Planning as SA T w as

dev elop ed in 1992 b y Kautz and Selman [6]. According to them, the satis�abilit y

approac h pro vides a more 
exible framew ork for stating di�eren t kinds of constrain ts

on plans and also re
ects the theory b ehind mo dern constrain t based planning systems

more accurately . As stated in the in tro duction, satis�abilit y is the problem of �nding

a mo del (truth assignmen ts) of a set of axioms. In the planning as satis�abilit y

approac h, a planning problem is simply a set of axioms with the prop ert y that an y

mo del of the axioms corresp onds to a v alid plan. This approac h w as inspired b y

remark able success of GSA T [13], a randomized greedy algorithm to solv e satis�abilit y

problems. In the formalization of planning as satis�abilit y , it is easy to state arbitrary

facts ab out an y state of the w orld, not just the initial and goal states. It is lik ewise

easy to state arbitrary constrain ts on the plan { for example, that it con tain a sp eci�ed

action p erformed at a sp eci�ed time.

The form ulation of Planning as Satis�abilit y is as follo ws. Ev ery action and

prop osition has a time attac hed to them. F or example, in the "Blo c ks W orld", the

action mo v e(A, B, C) means mo v e blo c k A from blo c k B to blo c k C. If this actions
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tak es place at time t, then it will b e represen ted as mo v e(A, B, C, t). This leads to

an in teresting problem of represen ting the problem goal. Let us assume that w e w an t

the blo c k B at the end to b e on the blo c k A. Clearly , on(B, A) will not do the job.

This leads to the restriction that w e can enco de the problem only for a �xe d plan

length. T o rule out the p ossibilit y that an action executes despite the fact that its

preconditions are false, it is asserted that an action implies its preconditions as w ell as

its e�ects, e.g., 8

a;b;c;t

mov e ( a; b; c; t ) ) ( cl ear ( a; t ) ^ cl ear ( c; t ) ^ on ( a; b; t )). It should

b e noted that in this form ulation preconditions and e�ects are treated symmetrically .

Secondly , only one action o ccurs at a time. 8

a;a

0

;b;b

0

;c;c

0

;t

( a 6= a

0

; b 6= b

0

; c 6= c

0

) )

: mov e ( a; b; c; t ) _ : mov e ( a

0

; b

0

; c

0

; t ). And �nally , some action o ccurs at ev ery time.

This is not a signi�can t restriction, since w e can alw a ys in tro duce a \do nothing"

action. In the Blo c ks W orld, this translates to 8

t<N

9

a;b;c

mov e ( a; b; c; t ) :

One adv an tage of this approac h is that it is easy to sp ecify conditions in an y

in termediate state of the w orld, not just the initial and goal states. F or example, if

it is desired that blo c k A b e on either blo c k B or D at time 25, one needs to simply

add the assertion on ( A; B ; 25) _ on ( A; D ; 25) to the problem sp eci�cation. Also, in

this framew ork the plan requiremen ts are all constrain ts on the mo dels.

2.3 BLA CKBO X

The BLA CKBO X planning system [7] uni�es the planning as satis�abilit y framew ork

with the Graphplan planning approac h to STRIPS planning. Becuase of the success of

the planning as prop ositional satis�abilit y approac h the b elief that planning required

sp ecialized algorithms w as c hallenged. SA TPLAN, a planning system based on the

satis�abilit y approac h, sho w ed that a general prop ositional theorem pro v er could
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indeed b e comp etitiv e with the sp ecialized planning systems. There is considerable

e�ort b eing made in the direction of creating faster SA T engines. F urthermore,

planning comm unit y has settled on common represen tations that allo w sharing and

impro v emen t of the algorithms and co de. As result, the b est general SA T engines are

generally faster than the b est sp ecialized planning engines.

Graphplan shares a n um b er of features with with the SA TPLAN. Comparisons to

SA TPLAN sho w that neither approac h is strictly sup erior. F or example, SA TPLAN

is faster on a complex logistics domain, they are comparable on the blo c ks w orld,

and on sev eral other domains Graphplan is faster [14]. SA TPLAN tak es as input a

set of axiom sc hemas where as Graphplan tak es a set of STRIPS -st yle op erators.

Despite this practical di�erence, they ha v e inmp ortan t similarities. Both �rst

create a prop ositional structure - Graphplan creates a Plan Graph, and SA TPLAN

creates a CNF w� - and then they p erform a searc h o v er assignmen ts to v ariables

that is constrained b y the structure they ha v e created. As men tioned b efore, the

prop ositional structure corresp onds to a �xed plan length, and the searc h rev eals

whether a plan of that length exists. The authors of BLA CKBO X had found that

the Plan Graph had a direct translation to CNF, and that the form of the resulting

form ula w as v ery close to the original con v en tions for SA TPLAN. According to [5],

SA TPLAN and Graphplan , alongwith CSP and ILP based planning systems are

examples of disjunctiv e planners. The initial creation of the prop ositional structure

is a case of plan re�nemen t without splitting, while the searc h through the structure

is a case of plan extraction. [7] h yp othesize that the di�erences in p erformance of

the t w o sys tem can b e explained b y the fact that Graphplan uses a b etter algorithm

for instan tiating (re�ning) the prop ositional structure, while SA TPLAN uses more

p o w erful searc h (extraction) algorithms. BLA CKBO X com bines the b est features of
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Graphplan and SA TPLAN. It w orks in a series of phases as follo ws. First, a planning

problem that is sp eci�ed in the Planning Domain De�nition Language (PDDL) [11]

is fed to a prepro cessor that translates the problem in to STRIPS st yle ready for

inputting to a mo di�ed v ersion of Graphplan , that acts as the fron t end of the system.

The problem enco ding ma y not con tain an y disjunctions in goals, conditional goals,

univ ersal quan ti�ers or existen tial quan ti�ers, ev en though they are v alid constructs

in PDDL. Prepro cessed output is then con v erted to a plan graph of length k, and

m utexes are computed. Then Plan Graph is con v erted to a CNF w�. The resulting

CNF w� is simpli�ed b y a general CNF simpli�cation algorithm. The simpli�ed w�

is then solv ed b y an y of a v ariet y of fast SA T engines lik e W ALKSA T, SA TZ [9],

and RELSA T [1 ]. If a mo del of the w� is found, then the mo del is con v erted to the

corresp onding plan else k is incremen ted and the pro cess rep eats. It is also p ossible

to let Graphplan alone �nd the plan.

12



Chapter 3

Exp erimen t

3.1 The Problem

There are some giv en un b ound v ariables initially , and our aim is to �nd v alues of

the v ariables that mak es the Problem Goal true. The v alues that the v ariables can

tak e is restricted to either true or false, or in other w ords, the v ariables tak e t w o

v alues. The goal of the problem is in the form of 3-CNF sen tences, e.g., ( A _ C _

F ) ^ ( : A _ B _ : L ) ^ : : : . W e w an t to �nd a mo del for the goal, using BLA CKBO X.

The problem can b e view ed as a problem of sati�abilit y p osed as a planning problem

(\Satis�abilit y as Planning" !). In Planning Domain De�nition Language (PDDL),

the previous example can b e written as:

(:goal (and (or (value A true)

(value C true)

(value F false))

(or (value A false)

(value B true)

(value L false))))
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BLA CKBO X do es not supp ort \or" (disjunctions). Therefore, w e need to re-

enco de the goal so that it can b e fed to BLA CKBO X. The follo wing section describ es

the algorithms.

3.2 Algorithm

My approac h to this problem w as to initialize all the un b ound v ariables with a v alue

called \un b ound", and then de�ne an action that assigns these v ariables either truth

or falseho o d. The follo wing co de illustrates this:

(:init (value A unbound)

(value B unbound) ... )

;;; assign true or false to the variables

(:action SET-VAR

:parameters (?var ?value)

:precondition (value ?var unbound)

:effect (and (value ?var ?value)

(not (value ?var unbound))))

Next, to enco de disjunctions in a form that can b e pro cessed b y BLA CKBO X, for

eac h of the disjunctions w e generate actions for eac h of the clauses. The action has the

clause as the precondition, and the e�ect is assigning truth v alue to satisfaction of the

part of the goal that corresp onds to the sen tence within the scop e of the disjunction.

T o illustrate:

(:goal (and (or (value A true)
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(value C true)

(value F false))

(or (value A false)

(value B true)

(value L false))))

is translated to

(init: (value goal1 false)

(value goal2 false) ... )

(:action OR1

:precondition (value A true)

:effect ( and (value goal1 true)

(not (value goal1 false))))

(:action OR12

:precondition (value C true)

:effect ( and (value goal1 true)

(not (value goal1 false))))

...

(:action OR22

:precondition (value B true)

:effect ( and (value goal2 true)

(not (value goal2 false))))

...
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V arsize: 20

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.47 0.46 0.46 0.50

40 1.00 0.98 1.00 1.15

60 2.21 1.82 2.12 1.92

80 2.94 2.98 2.97 4.92

100 30.52 4.85 4.55 {

T able 3.1: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 20

v ariables

(:goal (and (value goal1 true)

(value goal2 true) ... ))

The exp erimen ts w ere run on P en tium-I I I 450MHz mac hine (128MB RAM, ref:

next c hapter), running on LINUX platform. The co des used to generate problem

instances (and corresp onding domains) can b e found in the app endix. The time

sho wn in the tables b elo w are in seconds. F our algorithms w ere used: Graphplan ,

W ALKSA T, SA TZ, and Randomized v ersion of SA TZ. If no plan w as found in ab out

10 min utes, then the program w as treminated, and restarted again upto �v e times

(the problem generating co de is seeded. So eac h run generates a di�eren t instance).

Empt y cells denote that no plan w as found ev en after 5 trials. The computer w as left

alone while the exp erimen ts w ere running.
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V arsize: 30

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 1.28 1.26 1.26 1.23

40 2.72 2.70 2.69 2.68

60 5.90 5.34 5.41 4.83

80 56.20 8.86 10.88 72.00

100 236.32 227.26 221.00 156.45

T able 3.2: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 30

v ariables

V arsize: 40

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 3.35 3.30 3.34 3.31

40 6.49 6.49 6.49 6.45

60 111.37 128.59 131.99 86.50

80 270.90 274.40 271.90 |

100 | | | |

T able 3.3: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 40

v ariables

V arsize: 50

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 7.62 7.56 7.55 7.49

40 159.41 365.90 377.00 167.18

60 | | | |

T able 3.4: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 50

v ariables
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Figure 3.1: Plot of the time tak en (on logarithmic scale) to �nd a plan for problems

con taining 20 v ariables vs. the ratio of the n um b er of sen tences and the n um b er of

v ariables

Figure 3.2: Plot of the time tak en b y W ALKSA T to �nd a plan vs. the n um b er of

sen tences. The n um b er of v ariables is the parameter
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Figure 3.3: Plot of the time tak en b y randomized SA TZ (the data for SA TZ is similar)

to �nd a plan vs. the n um b er of sen tences. The n um b er of v ariables is the parameter

Figure 3.4: Plot of the time tak en b y Graphplan to �nd a plan vs. the n um b er of

sen tences. The n um b er of v ariables is the parameter
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3.3 Including T yping

T yping information can b e incorp orated in the co ding of the problem. The v ariable

t yp es can b e separated from v alue t yp es as follo ws:

;; Problem file

(:objects A, B, C, ...

goal1, goal2, goal3, ...

unbound, true, false)

(:init (VAROBJ A ) ;;; A, B, C etc. are VAROBJs

(VAROBJ B )

...

(VARVAL true) ;;; true and false are VARVALs

(VARVAL false)

(value A unbound)

(value B unbound)

...

(value goal1 false)

(value goal2 false)

... )

(:goal (and (value goal1 true)

(value goal2 true)

... ))

;; Domain file

(:action SET_VAR
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:parameters

(?var ?value)

:precondition

(and (VAROBJ ?var) ;;; ?var is of type VAROBJ

(VARVAL ?value)

(value ?var unbound))

:effect

(and (value ?var ?value)

(not (value ?var unbound ))))

(:action OR1

:precondition

(value A true )

:effect

(and (value goal1 true )

(not (value goal1 false ))))

...
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V arsize: 20

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.05 0.03 0.03 0.03

40 0.06 0.05 0.05 0.04

60 0.07 0.06 0.06 0.11

80 0.12 0.08 0.08 596.28

100 0.15 0.09 0.10 |

T able 3.5: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 20

v ariables and t yping

V arsize: 40

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.07 0.05 0.05 0.05

40 0.08 0.07 0.07 0.06

60 0.09 0.08 0.08 0.07

80 0.10 0.09 0.09 4595.17

100 0.11 0.11 0.11 |

T able 3.6: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 40

v ariables and t yping
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V arsize: 60

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.09 0.08 0.08 0.07

40 0.10 0.09 0.09 0.08

60 0.11 0.10 0.10 0.09

80 0.12 0.12 0.12 0.16

100 0.13 0.13 0.13 0.18

T able 3.7: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 60

v ariables and t yping

V arsize: 80

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.12 0.10 0.10 0.12

40 0.13 0.12 0.11 0.15

60 0.14 0.13 0.13 0.17

80 0.15 0.14 0.14 0.19

100 0.16 0.16 0.16 0.19

T able 3.8: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 80

v ariables and t yping
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V arsize: 100

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.14 0.13 0.13 0.15

40 0.15 0.14 0.14 0.14

60 0.16 0.16 0.16 0.16

80 0.17 0.17 0.17 0.21

100 0.19 0.19 0.19 0.24

T able 3.9: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 100

v ariables and t yping

Figure 3.5: Plot of the time tak en (on logarithmic scale) to �nd a plan for t yp ed

problems con taining 20 v ariables vs. the ratio of the n um b er of sen tences and the

n um b er of v ariables
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Figure 3.6: Plot of the time tak en b y W ALKSA T (the data for SA TZ, and RAND-

SA TZ is similar) to �nd a plan vs. the n um b er of sen tences. The n um b er of v ariables

is the parameter

Figure 3.7: Plot of the time tak en b y Graphplan to �nd a plan for t yp ed problems vs.

the n um b er of sen tences. The n um b er of v ariables is the parameter
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3.4 Carrying On

In this third part of the exp erimen t, all the v ariables w ere initialized as true, and

there w as one op erator that c hanged the v alue from true to false. Carrying on

the \Satis�abilit y as Planning" (section 3.1) analogy , this exp erimen t is truly a

sats�abilit y problem, p osed as a planning problem.

(:init (VAROBJ A ) ;;; A, B, C etc. are VAROBJs

(VAROBJ B )

...

(VARVAL true) ;;; true and false are VARVALs

(VARVAL false)

(value A true) ;;; all variables are initialized to true

(value B true)

...

(value goal1 false) ...)

(:action SET_FALSE ;;SET-VAR operator of previous sections

:parameters

(?var)

:precondition

(and (VAROBJ ?var)

(value ?var true))

:effect

(and (value ?var false)

(not (value ?var true ))))
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V arsize: 20

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.04 0.03 0.03 0.03

40 0.06 0.05 0.05 1.78

100 120.14 0.29 0.28 |

200 120.29 0.71 0.70 |

400 120.70 2.75 2.67 |

500 120.90 4.61 4.47 |

T able 3.10: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 20

v ariables and t yping, v ariables initialized to true

V arsize: 40

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.05 0.04 0.05 0.05

40 0.07 0.07 0.07 0.05

100 0.11 0.13 0.13 |

200 122.4 0.74 0.73 |

400 121.2 2.03 2.06 |

500 120.8 3.31 3.10 |

T able 3.11: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 40

v ariables and t yping, v ariables initialized to true
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V arsize: 100

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.10 0.09 0.09 0.10

40 0.11 0.10 0.11 0.12

100 0.15 0.18 0.18 0.15

200 0.23 0.31 0.33 |

400 120.62 3.54 58.12 |

500 120.82 3.83 907.9 |

T able 3.12: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 100

v ariables and t yping, v ariables initialized to true

V arsize: 200

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.17 0.16 0.16 0.17

40 0.19 0.18 0.18 0.19

100 0.23 0.27 0.27 0.25

200 0.32 0.43 0.43 |

400 0.58 0.97 0.98 |

500 0.74 1.35 1.22 |

T able 3.13: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 200

v ariables and t yping, v ariables initialized to true
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V arsize: 300

Sen tence Size W alksat SA TZ RAND-SA TZ Graphplan

20 0.25 0.24 0.24 0.25

40 0.27 0.27 0.27 0.27

100 0.33 0.39 0.37 0.35

200 0.44 0.57 0.57 0.49

400 0.81 1.26 1.19 |

500 1.05 1.60 1.61 |

T able 3.14: Time tak en b y BLA CKBO X to �nd a plan for problems con taining 300

v ariables and t yping, v ariables initialized to true

Figure 3.8: Plot of the time tak en to �nd a plan for t yp ed problems con taining

20 v ariables vs. the ratio of the n um b er of sen tences and the n um b er of v ariables

(initialized to true)
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Figure 3.9: Plot of the time tak en b y W ALKSA T to �nd a plan vs. the n um b er of

sen tences. The n um b er of v ariables (initialized to true) is the parameter

Figure 3.10: Plot of the time tak en b y SA TZ to �nd a plan vs. the n um b er of

sen tences. The n um b er of v ariables (initialized to true) is the parameter
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Figure 3.11: Plot of the time tak en b y RAND-SA TZ to �nd a plan vs. the n um b er

of sen tences. The n um b er of v ariables (initialized to true) is the parameter
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And �nally , though no c hange to the previous results is an ticipated, but just for the

sak e of curiosit y , one more op erator w as in tro duced that had the e�ect of 
ipping

the e�ect of the �rst op erator, SET-F ALSE. In terestingly , the second op erator w as

nev er in v ok ed, so the results remained the same as in the previous exp erimen t. The

additional op erator w as

;;; Change the value from false to true

(:action SET_TRUE

:parameters

(?var)

:precondition

(and (VAROBJ ?var) (value ?var false))

:effect

(and (value ?var true)

(not (value ?var false ))))
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Chapter 4

Conclusion and F urther Study

The BLA CKBO X planning system used RAM rather hea vily , and therefore its

p erformance w as v ery m uc h RAM dep endan t. Often times while running a test, the

computer w ould b come totally paralized. I remo v ed 64MB from m y computer and

ran the supplied log.d problem using randomized SA TZ as solv er. It to ok 438 seconds.

But when I ran it using 128MB in memory slots, it to ok 13 seconds on the a v erage.

F urther, on problems of small size, for example, ro ck et.a there w as no di�erence in

timing - in eac h con�guration, it to ok 7.8 seconds on a v erage. I also found that some

of the large problems that w ere not solv ed with 64MB con�guration for ev en for 2-3

hours, w ere solv ed with 128MB con�guration. One further w ork could b e to mo dify

the system to reduce its hea vy memory dep endancy . Including t yping information in

the problem reduced the searc h time cosiderably , and the system w as able to solv e

larger problems.

In m y exp erimen ts the n um b er of oprators w as prop ortional to the size of the

problem (the n um b er of sen tences to b e precise). If S is the n um b er of 3-CNF

sen tences presen t in the goal, then the n um b er of op erators equal 3 S + 1. This (large

n um b er of op erators) w as the source of \hradness" of the problem. Sto c hastic solv er

algorithms, W ALKSA T, and randomized SA TZ to ok same or more time as compared
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to systematic solv er SA TZ. F or small problems all four algorithms - W ALKSA T,

SA TZ, Rand-SA TZ, and Graphplan to ok comparable time, but W ALKSA T and

Graphplan p erformed w orse on larger problems. Graphplan failed to �nd a plan for

problems of large size. A rather large op erator set is the more lik ely reason. There

is v ery strong correlation b et w een the smallness of time and Graphplan 's success in

�nding a plan i.e. either it found the plan v ery quic kly , or it failed (or to ok enormous

amoun t of time).

The fraction of time tak en b y Graphplan , the fron t end of BLA CKBO X, seems

to b e h uge as compared to the time tak en b y the SA T solv ers. The exp onen tial

b eha vior presen t in the graphs is probably coming from Graphplan rather than the

algorithms themselv es. I enco ded some of the exp erimen ts in SA T directly , and ran

GSA T (the co de w as written b y Kautz and Selman) on them. GSA T solv ed them

virtually instan taneously . Ev en the largest problem of the prev oius c hapter to ok a

negligible fraction of a millisecond.
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Chapter 5

App endix

5.1 Co de for Generating Un t yp ed Problem In-

stances

// File: gentyped.c

// Author: Shashi Prabh

// Compile: cc genuntyped.c -o genuntyped

// Usage genuntyped [#vars, default 10] [#sentences, default 20][cnf_size, defualt 3]

// Example: genuntyped 20 40 3

#include <stdlib.h>

#include <stdio.h>

#include <string.h>

#include <time.h>

FILE *stream;

int main (int argc, char *argv[])
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{

int varsize, sentsize,n_cnf,i,j;

char file[20];

char dname[20];

char pname[20];

srand( (unsigned)time( NULL ) );

if (argc >1)

varsize = atoi(argv[1]);

else

varsize = 10;

if (argc >2)

sentsize = atoi(argv[2]);

else

sentsize = 20;

if (argc >3)

n_cnf = atoi(argv[3]);

else

n_cnf = 3;

strcpy( file, "domain" );

if (argc >1)

strcat( file, argv[1]);

else

strcat( file, "10");

strcat( file, "_" );

if (argc >2)

36



strcat( file, argv[2]);

else

strcat( file, "100");

strcpy(dname, file );

strcat( file, ".pddl" );

stream = freopen( file, "w", stderr );

if( stream == NULL )

fprintf( stdout, "error on freopen\n" );

else

{

fprintf( stream, ";; domain file\n" );

fprintf( stream, ";;# of Variables %i, # of sentences %i \n", varsize, sentsize);

fprintf( stream, "(define (domain " );

fprintf( stream, dname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:requirements :strips) \n" );

fprintf( stream, "\t(:predicates (value ?x ?y))\n" );

fprintf( stream, "(:action SET_VAR \n" );

fprintf( stream, "\t :parameters \n" );

fprintf( stream, "\t\t(?var ?value)\n" );

fprintf( stream, "\t :precondition \n" );

fprintf( stream, "\t\t (value ?var unbound)\n" );

fprintf( stream, "\t:effect \n" );

fprintf( stream, "\t\t (and (value ?var ?value)\n" );
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fprintf( stream, "\t\t (not (value ?var unbound ))))\n" );

// action set_var

for (i=1; i <= sentsize; i++)

{

for (j=1; j <= n_cnf; j++)

{

fprintf( stream, "(:action OR" );

fprintf( stream, "%i_%i\n",i,j);

fprintf( stream, "\t :precondition \n" );

fprintf( stream, "\t\t (value var" );

fprintf( stream, "%i ",rand()%varsize +1);

fprintf( stream, "%s )\n",rand()%2 ? "false" : "true");

fprintf( stream, "\t:effect \n" );

fprintf( stream, "\t\t(and (value goal" );

fprintf( stream, "%i ",i);

fprintf( stream, "true )\n");

fprintf( stream, "\t\t (not (value goal" );

fprintf( stream, "%i ",i);

fprintf( stream, "false ))))\n");

}

}

fprintf( stream, ")\n");

fprintf( stdout, "Domain file created\n" );

fclose( stream );

}
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//Domain file though no such distiction exist here...

strcpy( file, "prob" );

if (argc >1)

strcat( file, argv[1]);

else

strcat( file, "10");

strcat( file, "_" );

if (argc >2)

strcat( file, argv[2]);

else

strcat( file, "100");

strcpy(pname, file );

strcat( file, ".pddl" );

stream = freopen( file, "w", stderr );

if( stream == NULL )

fprintf( stdout, "error on freopen\n" );

else

{

fprintf( stream, ";; problem file\n" );

fprintf( stream, ";;# of Variables %i, # of sentences %i \n", varsize, sentsize);

fprintf( stream, "(define (problem " );

fprintf( stream, pname );

fprintf( stream, ") \n" );
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fprintf( stream, "\t(:domain " );

fprintf( stream, dname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:objects \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t var" );

fprintf( stream, "%i\n", i);

}

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t goal" );

fprintf( stream, "%i\n", i);

}

fprintf( stream, "\t\t true \n\t\t false \n\t\t unbound )\n" );

// objects

fprintf( stream, "\t(:init \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t (value var" );

fprintf( stream, "%i unbound)\n", i);

}

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t (value goal" );
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fprintf( stream, "%i false)\n", i);

}

fprintf( stream, "\t)\n" );

fprintf( stream, "\t(:goal \n \t\t (and \n" );

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t (value goal" );

fprintf( stream, "%i true)\n", i);

}

fprintf( stream, "\t)))\n" );

}

//Problem file

fprintf( stdout, "Problem file created\n" );

fclose( stream );

return 0;

}

5.2 Co de for Generating T yp ed Problem Instances

// File: gentyped.c

// Author: Shashi Prabh

// Compile: cc gentyped.c -o gentyped

// Usage gentyped [#vars, default 10] [#sentences, default 20][cnf_size, defualt 3]
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// Example: gentyped 20 40 3

// typed

#include <stdlib.h>

#include <stdio.h>

#include <string.h>

#include <time.h>

FILE *stream;

int main (int argc, char *argv[])

{

int varsize, sentsize,n_cnf,i,j;

char file[20];

char dname[20];

char pname[20];

srand( (unsigned)time( NULL ) );

if (argc >1)

varsize = atoi(argv[1]);

else

varsize = 10;

if (argc >2)

sentsize = atoi(argv[2]);

else

sentsize = 20;

if (argc >3)

n_cnf = atoi(argv[3]);

else
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n_cnf = 3;

strcpy( file, "domain" );

if (argc >1)

strcat( file, argv[1]);

else

strcat( file, "10");

strcat( file, "_" );

if (argc >2)

strcat( file, argv[2]);

else

strcat( file, "100");

strcpy(dname, file );

strcat( file, ".pddl" );

stream = freopen( file, "w", stderr );

if( stream == NULL )

fprintf( stdout, "error on freopen\n" );

else

{

fprintf( stream, ";; domain file\n" );

fprintf( stream, ";;# of Variables %i, # of sentences %i \n", varsize, sentsize);

fprintf( stream, "(define (domain " );

fprintf( stream, dname );

fprintf( stream, ") \n" );
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fprintf( stream, "\t(:requirements :strips) \n" );

fprintf( stream, "\t(:predicates (value ?x ?y))\n" );

fprintf( stream, "(:action SET_VAR \n" );

fprintf( stream, "\t :parameters \n" );

fprintf( stream, "\t\t(?var ?value)\n" );

fprintf( stream, "\t :precondition \n" );

fprintf( stream, "\t\t (and (VAROBJ ?var) \n \t\t");

fprintf( stream, "(VARVAL ?value)(value ?var unbound))\n" );

fprintf( stream, "\t:effect \n" );

fprintf( stream, "\t\t (and (value ?var ?value)\n" );

fprintf( stream, "\t\t (not (value ?var unbound ))))\n" );

// action set_var

for (i=1; i <= sentsize; i++)

{

for (j=1; j <= n_cnf; j++)

{

fprintf( stream, "(:action OR" );

fprintf( stream, "%i_%i\n",i,j);

fprintf( stream, "\t :precondition \n" );

fprintf( stream, "\t\t (value var" );

fprintf( stream, "%i ",rand()%varsize +1);

fprintf( stream, "%s )\n",rand()%2 ? "false" : "true");

fprintf( stream, "\t:effect \n" );

fprintf( stream, "\t\t(and (value goal" );

fprintf( stream, "%i ",i);

fprintf( stream, "true )\n");

fprintf( stream, "\t\t (not (value goal" );

44



fprintf( stream, "%i ",i);

fprintf( stream, "false ))))\n");

}

}

fprintf( stream, ")\n");

fprintf( stdout, "Domain file created\n" );

fclose( stream );

}

//Domain file though no such distiction exist here...

strcpy( file, "prob" );

if (argc >1)

strcat( file, argv[1]);

else

strcat( file, "10");

strcat( file, "_" );

if (argc >2)

strcat( file, argv[2]);

else

strcat( file, "100");

strcpy(pname, file );

strcat( file, ".pddl" );

stream = freopen( file, "w", stderr );
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if( stream == NULL )

fprintf( stdout, "error on freopen\n" );

else

{

fprintf( stream, ";; problem file\n" );

fprintf( stream, ";;# of Variables %i, # of sentences %i \n", varsize, sentsize);

fprintf( stream, "(define (problem " );

fprintf( stream, pname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:domain " );

fprintf( stream, dname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:objects \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t var" );

fprintf( stream, "%i\n", i);

}

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t goal" );

fprintf( stream, "%i\n", i);

}

fprintf( stream, "\t\t true \n\t\t false )\n" );

// objects
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fprintf( stream, "\t(:init \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t (VAROBJ var" );

fprintf( stream, "%i)\n", i);

}

fprintf( stream, "\t\t (VARVAL true) \n" );

fprintf( stream, "\t\t (VARVAL false) \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t (value var" );

fprintf( stream, "%i unbound)\n", i);

}

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t (value goal" );

fprintf( stream, "%i false)\n", i);

}

fprintf( stream, "\t)\n" );

fprintf( stream, "\t(:goal \n \t\t (and \n" );

for (i=1; i <= sentsize; i++)
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{

fprintf( stream, "\t\t (value goal" );

fprintf( stream, "%i true)\n", i);

}

fprintf( stream, "\t)))\n" );

}

//Problem file

fprintf( stdout, "Problem file created\n" );

fclose( stream );

return 0;

}

5.3 Co de for Generating SA T-Lik e Problem In-

stances

// File: gensat.c

// Author: Shashi Prabh

// Compile: cc gensat.c -o gensat

// Usage gensat [#vars, default 10] [#sentences, default 20][cnf_size, defualt 3]

// Example: gensat 20 40 3
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// expt: init: true, one op: true->false

#include <stdlib.h>

#include <stdio.h>

#include <string.h>

#include <time.h>

FILE *stream;

int main (int argc, char *argv[])

{

int varsize, sentsize,n_cnf,i,j;

char file[20];

char dname[20];

char pname[20];

srand( (unsigned)time( NULL ) );

if (argc >1)

varsize = atoi(argv[1]);

else

varsize = 10;

if (argc >2)

sentsize = atoi(argv[2]);

else

sentsize = 20;

if (argc >3)

n_cnf = atoi(argv[3]);

else

n_cnf = 3;
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strcpy( file, "domain" );

if (argc >1)

strcat( file, argv[1]);

else

strcat( file, "10");

strcat( file, "_" );

if (argc >2)

strcat( file, argv[2]);

else

strcat( file, "100");

strcpy(dname, file );

strcat( file, ".pddl" );

stream = freopen( file, "w", stderr );

if( stream == NULL )

fprintf( stdout, "error on freopen\n" );

else

{

fprintf( stream, ";; domain file\n" );

fprintf( stream, ";;# of Variables %i, # of sentences %i \n", varsize, sentsize);

fprintf( stream, "(define (domain " );

fprintf( stream, dname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:requirements :strips) \n" );
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fprintf( stream, "\t(:predicates (value ?x ?y))\n" );

fprintf( stream, "(:action SET_VAR \n" );

fprintf( stream, "\t :parameters \n" );

fprintf( stream, "\t\t(?var )\n" );

fprintf( stream, "\t :precondition \n" );

fprintf( stream, "\t\t (and (VAROBJ ?var) \n (value ?var true))\n" );

fprintf( stream, "\t:effect \n" );

fprintf( stream, "\t\t (and (value ?var false)\n" );

fprintf( stream, "\t\t (not (value ?var true ))))\n" );

// action set_var

for (i=1; i <= sentsize; i++)

{

for (j=1; j <= n_cnf; j++)

{

fprintf( stream, "(:action OR" );

fprintf( stream, "%i_%i\n",i,j);

fprintf( stream, "\t :precondition \n" );

fprintf( stream, "\t\t (value var" );

fprintf( stream, "%i ",rand()%varsize +1);

fprintf( stream, "%s )\n",rand()%2 ? "false" : "true");

fprintf( stream, "\t:effect \n" );

fprintf( stream, "\t\t(and (value goal" );

fprintf( stream, "%i ",i);

fprintf( stream, "true )\n");

fprintf( stream, "\t\t (not (value goal" );

fprintf( stream, "%i ",i);

fprintf( stream, "false ))))\n");
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}

}

fprintf( stream, ")\n");

fprintf( stdout, "Domain file created\n" );

fclose( stream );

}

//Domain file though no such distiction exist here...

strcpy( file, "prob" );

if (argc >1)

strcat( file, argv[1]);

else

strcat( file, "10");

strcat( file, "_" );

if (argc >2)

strcat( file, argv[2]);

else

strcat( file, "100");

strcpy(pname, file );

strcat( file, ".pddl" );

stream = freopen( file, "w", stderr );

if( stream == NULL )
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fprintf( stdout, "error on freopen\n" );

else

{

fprintf( stream, ";; problem file\n" );

fprintf( stream, ";;# of Variables %i, # of sentences %i \n", varsize, sentsize);

fprintf( stream, "(define (problem " );

fprintf( stream, pname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:domain " );

fprintf( stream, dname );

fprintf( stream, ") \n" );

fprintf( stream, "\t(:objects \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t var" );

fprintf( stream, "%i\n", i);

}

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t goal" );

fprintf( stream, "%i\n", i);

}

fprintf( stream, "\t\t true \n\t\t false )\n" );

// objects

fprintf( stream, "\t(:init \n" );
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for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t (VAROBJ var" );

fprintf( stream, "%i)\n", i);

}

//fprintf( stream, "\t\t (VARVAL true) \n" );

//fprintf( stream, "\t\t (VARVAL false) \n" );

for (i=1; i <= varsize; i++)

{

fprintf( stream, "\t\t (value var" );

fprintf( stream, "%i true)\n", i);

}

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t (value goal" );

fprintf( stream, "%i false)\n", i);

}

fprintf( stream, "\t)\n" );

fprintf( stream, "\t(:goal \n \t\t (and \n" );

for (i=1; i <= sentsize; i++)

{

fprintf( stream, "\t\t (value goal" );
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fprintf( stream, "%i true)\n", i);

}

fprintf( stream, "\t)))\n" );

}

//Problem file

fprintf( stdout, "Problem file created\n" );

fclose( stream );

return 0;

}
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