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Chapter 1Introdu
tion
Planning addresses the problem of automati
ally generating a sequen
e of possiblea
tions, 
alled a plan, that a
hieves spe
i�ed set of goals beginning with a givenset of initial states. A reliable and fast planning 
apability is often 
riti
al to thee�e
tiveness of an intelligent agent.1.1 Planners based on First-Order Logi
One of the earliest methods used to solve this problem was Situation Cal
ulus,developed by M
Carthy and Hayes [10℄. It is a predi
ate 
al
ulus formalization ofstates, a
tions and their e�e
ts [12, page 363℄. The major diÆ
ulty of this approa
hwas the so 
alled frame problem. A frame axiom tells whi
h of the 
uents don't 
hangeas the result of an a
tion. For example, if there are three blo
ks A, B, and C sta
kedon top of ea
h other, C being at the topmost position, then moving C from B to thetable has no e�e
t on A.Frame axioms are used to prove that a property of a state remainstrue if the state is 
hanged by an a
tion that does not a�e
t thatproperty . . . Sin
e, typi
ally, we will have a pair of frame axioms for1



every 
ombination of 
uent and a
tion, it be
omes unmanageably diÆ
ultin realisti
 problems to represent how a
tions 
hange the world in thisformulation of the situation 
al
ulus [12, page 368℄.The problem of large number of frame axioms, and to automati
ally generate themin the Situation Cal
ulus approa
h led to an alternative approa
h proposed by Fikesand Nilsson [4℄ 
alled STRIPS, the Stanford Resear
h Institute Problem Solver. Ittreats the predi
ate formulas des
ribing the state as \a kind of state." The sear
h isperformed in \Plan Spa
e" rather than in \State Spa
e" (as opposed to the SituationCal
ulus approa
h). A
tions are represented as operators whi
h 
onsist of three parts:pre
onditions, add list, and delete list. An a
tion is exe
tuted only when all the literalsin the pre
onditions set are present in the state des
ription. The e�e
t of an a
tionis to delete all the literals of the delete list from the state des
ription, and to add allthe literals of the add list to it. A plan 
orresponds to sequen
e of operators thata
hieve the goal state given the starting state.In these s
hemes, �nding the plan is basi
ally sear
hing for a sequen
e that willlead to the goal from the initial state. In pra
ti
e 
ertain a
tion(s) will appear morethan on
e in the plan. In the simplest 
ase, assuming that all the a
tions appear notmore than on
e in the plan, the number of possible seuen
es is fa
torial of the numberof a
tions. This means that sear
h in this s
enario is an NP-Hard problem.1.2 Propositional PlannersAnother approa
h to planning is \Satis�ability" (SAT) [6℄. The main idea behindpropositional planning s
heme is to �rst 
ompile the initial state(s), the goal(s), andthe a
tion domain into a set of propositional formulae, and then �nd a satis�ability2



(truth) assignment using some fast satis�ability algorithm (e.g. GSAT), and thenextra
t the plan ba
k from the assignments. Satis�ability is believed to be a mu
hharder problem than dedu
tion - the approa
h that was used in situation 
al
ulusand STRIPS . However, using fast SAT algorithms like GSAT, for sear
hing morethan makes up for the de�
ien
y. This 
on
ept will be further elaborated in the next
hapter.

3



Chapter 2Propositional Planning: The State of the Art
Resear
h a
tivity in the area of planning has risen greatly in the last few years, mainlybe
ause of new fast algorithms, eÆ
ient te
hniques, and better understanding [14℄.Planning te
hniques have been (or are being) applied to robot movement, spa
e
raft
ontrol, s
heduling operations in automotive industry, oil-spill response planning (byUS Coast Guard), military air-
ampaign planning, human 
omputer intera
tion, andmany other areas [15℄.2.1 GraphplanThe Graphplan planning system is based on the Planning Graph Analysis approa
h,developed by Blum and Furst [2℄. When introdu
ed, it a
hieved a signi�
antbreakthrough in trems of planning speed. It is regarded as one of the most su

essfulen
odings of planning problems as a SAT problem.2.1.1 Planning GraphA

ording to [2℄, a valid plan for a planning problem 
onsists of a set of a
tions, andspe
i�ed times in whi
h ea
h a
tion is to be 
arried out. More than one a
tion is4



allowed provided they don't interfere (i.e. one a
tion does not delete a pre
onditionor an add-e�e
t of another) with ea
h other. A valid plan may perform an a
tion attime t if the plan makes all of its pre
onditions true at time t ( at t = 1, it translatesto the given initial 
onditions). There are \no-op" a
tions that 
arry truth forwardin time without introdu
ing any new e�e
t. We may de�ne a proposition to be trueat time t > 1 i� it is an add e�e
t of some a
tion taken at time t� 1. And of 
ourse,a valid plan must make all the Problem Goals true at the end.A Planning Graph (Figure 2.1) is similar to a valid plan ex
ept that it is notrequired to obey non-interferen
e. A Planning Graph is a dire
ted, and leveled graph( i.e., nodes 
an be partitioned into disjoint sets su
h that the edges 
onne
t nodesin adja
ent levels only) with two kinds of nodes and three kinds of edges. Thelevels alternate between proposition levels 
ontaining proposition nodes, and a
tionlevels 
ontaining a
tion nodes. Ea
h of the proposition and a
tion nodes are labeledwith some propostion and some a
tion respe
tively. The �rst level of a PlanningGraph is a proposition level and 
onsists of one node for ea
h proposition that isgiven in the initial 
onditions. The levels are arranged in a sort of pairwise fashion:true propositions at time 1, possible a
tions at time 1; true propositions at time 2,possible a
tions at time 2 et
. Edges in a Planning Graph represent relations betweena
tions and propositions through 
onne
ting a
tion nodes to their pre
onditions in theprevious proposition level by the so-
alled \Proposition-Edges", and to their e�e
tsin the following proposition level by \Add-Edges", and \Delete-Edges". A
tion leveli may 
ontain all the possible a
tions whose pre
onditions all exist in propositionlevel i. A proposition may exist at proposition level i+1 if it is an add-e�e
t of somea
tion of level i, even if this proposition may be a delete-e�e
t of some other a
tionof level i. Also, be
ause of \no-op" a
tions, every propostion that appears at level i5



may also appear at level i+ 1. Sin
e the requirements on Planning Graph are weak,they 
an be built very fast.
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Figure 2.1: Example of a Planning Graph for the ro
ket domain. Sour
e: [2℄.
2.1.2 The Graphplan AlgorithmTwo a
tions are mutually ex
lusive at a given a
tion level if no valid plan 
ouldpossibly 
ontain both. Similarly, two propositions at a given proposition level aremutually ex
lusive if no valid plan 
ould possibly make both true. Graphplan markstwo a
tions at a given a
tion level to be ex
lusi
e of ea
h other as follows:Interferen
e If either of the a
tions deletes a pre
ondition or add-e�e
t of the other.Competing Needs If the pre
ondition of a
tion a and that of a
tion b are markedmutually ex
lusive in the previous preposition level.Two propositions p and q in a proposition level are marked as ex
lusive if all ways of
reating proposition p are ex
lusive of all ways of 
reating proposition q.The �rst proposition level of the Planning Graph 
onsists of all the initial
onditions. Then the Planning Graph is extended as follows. To 
reate a generi
6



a
tion level, for ea
h operator and ea
h way of instantiating pre
onditions of thatoperator to propositions in the previous level, an a
tion node is inserted if no twoof its pre
onditions are labeled as mutually ex
lusive. All the \no-op" a
tions andthe pre
ondition edges are inserted as well. Then the a
tion nodes are 
he
ked forex
lusivity. To 
reate a generi
 proposition level, all the add-e�e
ts of the a
tions inthe previous level in
luding \no-ops" are pla
eed in the next level as propositions,
onne
ting them via the appropriate add and delete edges. Any two propositionsare marked as ex
lusive if all ways of generating the �rst are ex
lusive of all ways ofgenerating the se
ond.The time taken by this algorithm to 
reate this graph stru
ture is polynomialin the length of the problem's des
ription and the number of time steps. The partof graph 
reation that takes the most time is determining ex
lusion relations. Animprovement to the basi
 algorithm des
ribed above is to avoid sear
hing until aproposition level has been 
reated in whi
h all the �nal goals appear and no pair ofgoals has been determined to be mutually ex
lusive.Given a Planning Graph, Graphplan sear
hes for a valid plan using ba
kward
haining strategy. Given a set of goals at time t, it attempts to �nd a set ofa
tions (\no-ops" in
luded) at time t � 1 having these goals as add e�e
ts, i.e. thepre
onditions of the a
tions at a level be
omes the goals of the previous level. Clearly,this set of subgoals at time t� 1 has the property that if these goals 
an be a
hievedin t � 1 steps, then the original goals 
an be a
hieved in t steps. If the goals setturns out to be una
hievable, Graphplan tries to �nd a di�erent set of a
tions. Thispro
ess is 
ontinued until it either su

eeds or it has proven that the original set ofgoals is not solvable at time t. As the next step, it either takes another Extend andSear
h step or terminates the sear
h. Thus, in ea
h iteration through this Extend and7



Sear
h loop, the algorithm either dis
overs a plan or else proves that no plan havingthat many time steps or fewer is possible. This algorithm is sound and 
omplete inthe sense that any plan the algorithm �nds is a legal plan, and if there exists a legalplan then Graphplan will �nd one. It is also possible to augment this algorithm sothat if the Problem Goals are not satis�able by any valid plan, then the planner isguaranteed to halt with failure in �nite time.An important aspe
t of Graphplan's sear
h is that when a set of (sub)goals at sometime t is determined to be not solvable, then before popping ba
k in the re
ursionit memoizes what it has learned, storing the goal set and the time t in a hash table.Similarly, when it 
reates a set of subgoals at some time t, before sear
hing it �rstprobes the hash table to see if the set has already been proved unsolvable. If so,it then ba
ks up right away without sear
hing further. This memoizing step, inaddition to its use in speeding up sear
h, provides ne
essary and suÆ
ient 
onditionsfor terminating the sear
h. Graphplan is being used as a prepro
essor in some of thefastest planning systems based on 
ompilation approa
hes { our next topi
.2.2 Planning as Satis�abilityThere are three popular 
ategories of planning systems that use \
ompilation ofplanning problems" approa
h, namely those that 
ompile the problem to SAT(Satis�ability) en
odings, CSP (Constraint Satisfa
tion Problem) en
odings, and ILP(Integer Linear Planning) en
odings. The basi
 idea behind the �rst two is as follows.The problem is �rst 
onverted to a Planning Graph using Graphplan . The planninggraph is then 
onverted into a SAT w� (well formed formula), or CSP en
oding, whi
hthen is solved using a SAT or CSP algorithm. In the third 
ase, the SAT en
oding is
8



translated to ILP inequalities, and then solved using some appropriate algorithm (forexample, bran
h and bound algorithm, [8℄. BLACKBOX [7℄ is an implementation ofthe SAT planning 
ategory. GP-CSP [3℄ and ILP-PLAN [8℄ are implementations ofCSP and ILP 
ategories respe
tively.
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 foundFigure 2.2: Ar
hite
ture of a typi
al SAT-based planning systemIn the following se
tions we shall 
onsider Planning as SAT. Planning as SAT wasdeveloped in 1992 by Kautz and Selman [6℄. A

ording to them, the satis�abilityapproa
h provides a more 
exible framework for stating di�erent kinds of 
onstraintson plans and also re
e
ts the theory behind modern 
onstraint based planning systemsmore a

urately. As stated in the introdu
tion, satis�ability is the problem of �ndinga model (truth assignments) of a set of axioms. In the planning as satis�abilityapproa
h, a planning problem is simply a set of axioms with the property that anymodel of the axioms 
orresponds to a valid plan. This approa
h was inspired byremarkable su

ess of GSAT [13℄, a randomized greedy algorithm to solve satis�abilityproblems. In the formalization of planning as satis�ability, it is easy to state arbitraryfa
ts about any state of the world, not just the initial and goal states. It is likewiseeasy to state arbitrary 
onstraints on the plan { for example, that it 
ontain a spe
i�eda
tion performed at a spe
i�ed time.The formulation of Planning as Satis�ability is as follows. Every a
tion andproposition has a time atta
hed to them. For example, in the "Blo
ks World", thea
tion move(A, B, C) means move blo
k A from blo
k B to blo
k C. If this a
tions9



takes pla
e at time t, then it will be represented as move(A, B, C, t). This leads toan interesting problem of representing the problem goal. Let us assume that we wantthe blo
k B at the end to be on the blo
k A. Clearly, on(B, A) will not do the job.This leads to the restri
tion that we 
an en
ode the problem only for a �xed planlength. To rule out the possibility that an a
tion exe
utes despite the fa
t that itspre
onditions are false, it is asserted that an a
tion implies its pre
onditions as well asits e�e
ts, e.g., 8a;b;
;t move(a; b; 
; t)) (
lear(a; t)^
lear(
; t)^on(a; b; t)). It shouldbe noted that in this formulation pre
onditions and e�e
ts are treated symmetri
ally.Se
ondly, only one a
tion o

urs at a time. 8a;a0;b;b0;
;
0;t (a 6= a0; b 6= b0; 
 6= 
0) ):move(a; b; 
; t) _ :move(a0; b0; 
0; t). And �nally, some a
tion o

urs at every time.This is not a signi�
ant restri
tion, sin
e we 
an always introdu
e a \do nothing"a
tion. In the Blo
ks World, this translates to 8t<N9a;b;
 move(a; b; 
; t):One advantage of this approa
h is that it is easy to spe
ify 
onditions in anyintermediate state of the world, not just the initial and goal states. For example, ifit is desired that blo
k A be on either blo
k B or D at time 25, one needs to simplyadd the assertion on(A;B; 25) _ on(A;D; 25) to the problem spe
i�
ation. Also, inthis framework the plan requirements are all 
onstraints on the models.2.3 BLACKBOXThe BLACKBOX planning system [7℄ uni�es the planning as satis�ability frameworkwith the Graphplan planning approa
h to STRIPS planning. Be
uase of the su

ess ofthe planning as propositional satis�ability approa
h the belief that planning requiredspe
ialized algorithms was 
hallenged. SATPLAN, a planning system based on thesatis�ability approa
h, showed that a general propositional theorem prover 
ould
10



indeed be 
ompetitive with the spe
ialized planning systems. There is 
onsiderablee�ort being made in the dire
tion of 
reating faster SAT engines. Furthermore,planning 
ommunity has settled on 
ommon representations that allow sharing andimprovement of the algorithms and 
ode. As result, the best general SAT engines aregenerally faster than the best spe
ialized planning engines.Graphplan shares a number of features with with the SATPLAN. Comparisons toSATPLAN show that neither approa
h is stri
tly superior. For example, SATPLANis faster on a 
omplex logisti
s domain, they are 
omparable on the blo
ks world,and on several other domains Graphplan is faster [14℄. SATPLAN takes as input aset of axiom s
hemas where as Graphplan takes a set of STRIPS -style operators.Despite this pra
ti
al di�eren
e, they have inmportant similarities. Both �rst
reate a propositional stru
ture - Graphplan 
reates a Plan Graph, and SATPLAN
reates a CNF w� - and then they perform a sear
h over assignments to variablesthat is 
onstrained by the stru
ture they have 
reated. As mentioned before, thepropositional stru
ture 
orresponds to a �xed plan length, and the sear
h revealswhether a plan of that length exists. The authors of BLACKBOX had found thatthe Plan Graph had a dire
t translation to CNF, and that the form of the resultingformula was very 
lose to the original 
onventions for SATPLAN. A

ording to [5℄,SATPLAN and Graphplan , alongwith CSP and ILP based planning systems areexamples of disjun
tive planners. The initial 
reation of the propositional stru
tureis a 
ase of plan re�nement without splitting, while the sear
h through the stru
tureis a 
ase of plan extra
tion. [7℄ hypothesize that the di�eren
es in performan
e ofthe two sys tem 
an be explained by the fa
t that Graphplan uses a better algorithmfor instantiating (re�ning) the propositional stru
ture, while SATPLAN uses morepowerful sear
h (extra
tion) algorithms. BLACKBOX 
ombines the best features of11



Graphplan and SATPLAN. It works in a series of phases as follows. First, a planningproblem that is spe
i�ed in the Planning Domain De�nition Language (PDDL) [11℄is fed to a prepro
essor that translates the problem into STRIPS style ready forinputting to a modi�ed version of Graphplan , that a
ts as the front end of the system.The problem en
oding may not 
ontain any disjun
tions in goals, 
onditional goals,universal quanti�ers or existential quanti�ers, even though they are valid 
onstru
tsin PDDL. Prepro
essed output is then 
onverted to a plan graph of length k, andmutexes are 
omputed. Then Plan Graph is 
onverted to a CNF w�. The resultingCNF w� is simpli�ed by a general CNF simpli�
ation algorithm. The simpli�ed w�is then solved by any of a variety of fast SAT engines like WALKSAT, SATZ [9℄,and RELSAT [1℄. If a model of the w� is found, then the model is 
onverted to the
orresponding plan else k is in
remented and the pro
ess repeats. It is also possibleto let Graphplan alone �nd the plan.

12



Chapter 3Experiment
3.1 The ProblemThere are some given unbound variables initially, and our aim is to �nd values ofthe variables that makes the Problem Goal true. The values that the variables 
antake is restri
ted to either true or false, or in other words, the variables take twovalues. The goal of the problem is in the form of 3-CNF senten
es, e.g., (A _ C _F )^ (:A_B _:L)^ : : :. We want to �nd a model for the goal, using BLACKBOX.The problem 
an be viewed as a problem of sati�ability posed as a planning problem(\Satis�ability as Planning" !). In Planning Domain De�nition Language (PDDL),the previous example 
an be written as:(:goal (and (or (value A true)(value C true)(value F false))(or (value A false)(value B true)(value L false)))) 13



BLACKBOX does not support \or" (disjun
tions). Therefore, we need to re-en
ode the goal so that it 
an be fed to BLACKBOX. The following se
tion des
ribesthe algorithms.3.2 AlgorithmMy approa
h to this problem was to initialize all the unbound variables with a value
alled \unbound", and then de�ne an a
tion that assigns these variables either truthor falsehood. The following 
ode illustrates this:(:init (value A unbound)(value B unbound) ... );;; assign true or false to the variables(:a
tion SET-VAR:parameters (?var ?value):pre
ondition (value ?var unbound):effe
t (and (value ?var ?value)(not (value ?var unbound))))Next, to en
ode disjun
tions in a form that 
an be pro
essed by BLACKBOX, forea
h of the disjun
tions we generate a
tions for ea
h of the 
lauses. The a
tion has the
lause as the pre
ondition, and the e�e
t is assigning truth value to satisfa
tion of thepart of the goal that 
orresponds to the senten
e within the s
ope of the disjun
tion.To illustrate:(:goal (and (or (value A true) 14



(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) ... )(:a
tion OR1:pre
ondition (value A true):effe
t ( and (value goal1 true)(not (value goal1 false))))(:a
tion OR12:pre
ondition (value C true):effe
t ( and (value goal1 true)(not (value goal1 false))))...(:a
tion OR22:pre
ondition (value B true):effe
t ( and (value goal2 true)(not (value goal2 false))))... 15



Varsize: 20Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.47 0.46 0.46 0.5040 1.00 0.98 1.00 1.1560 2.21 1.82 2.12 1.9280 2.94 2.98 2.97 4.92100 30.52 4.85 4.55 {Table 3.1: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 20variables(:goal (and (value goal1 true)(value goal2 true) ... ))
The experiments were run on Pentium-III 450MHz ma
hine (128MB RAM, ref:next 
hapter), running on LINUX platform. The 
odes used to generate probleminstan
es (and 
orresponding domains) 
an be found in the appendix. The timeshown in the tables below are in se
onds. Four algorithms were used: Graphplan ,WALKSAT, SATZ, and Randomized version of SATZ. If no plan was found in about10 minutes, then the program was treminated, and restarted again upto �ve times(the problem generating 
ode is seeded. So ea
h run generates a di�erent instan
e).Empty 
ells denote that no plan was found even after 5 trials. The 
omputer was leftalone while the experiments were running.

16



Varsize: 30Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 1.28 1.26 1.26 1.2340 2.72 2.70 2.69 2.6860 5.90 5.34 5.41 4.8380 56.20 8.86 10.88 72.00100 236.32 227.26 221.00 156.45Table 3.2: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 30variables Varsize: 40Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 3.35 3.30 3.34 3.3140 6.49 6.49 6.49 6.4560 111.37 128.59 131.99 86.5080 270.90 274.40 271.90 |100 | | | |Table 3.3: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 40variables Varsize: 50Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 7.62 7.56 7.55 7.4940 159.41 365.90 377.00 167.1860 | | | |Table 3.4: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 50variables 17



Figure 3.1: Plot of the time taken (on logarithmi
 s
ale) to �nd a plan for problems
ontaining 20 variables vs. the ratio of the number of senten
es and the number ofvariables

Figure 3.2: Plot of the time taken by WALKSAT to �nd a plan vs. the number ofsenten
es. The number of variables is the parameter18



Figure 3.3: Plot of the time taken by randomized SATZ (the data for SATZ is similar)to �nd a plan vs. the number of senten
es. The number of variables is the parameter

Figure 3.4: Plot of the time taken by Graphplan to �nd a plan vs. the number ofsenten
es. The number of variables is the parameter19



3.3 In
luding TypingTyping information 
an be in
orporated in the 
oding of the problem. The variabletypes 
an be separated from value types as follows:;; Problem file(:obje
ts A, B, C, ...goal1, goal2, goal3, ...unbound, true, false)(:init (VAROBJ A ) ;;; A, B, C et
. 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(:a
tion SET_VAR 20



:parameters(?var ?value):pre
ondition(and (VAROBJ ?var) ;;; ?var is of type VAROBJ(VARVAL ?value)(value ?var unbound)):effe
t(and (value ?var ?value)(not (value ?var unbound ))))(:a
tion OR1:pre
ondition(value A true ):effe
t(and (value goal1 true )(not (value goal1 false ))))...

21



Varsize: 20Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.05 0.03 0.03 0.0340 0.06 0.05 0.05 0.0460 0.07 0.06 0.06 0.1180 0.12 0.08 0.08 596.28100 0.15 0.09 0.10 |Table 3.5: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 20variables and typing
Varsize: 40Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.07 0.05 0.05 0.0540 0.08 0.07 0.07 0.0660 0.09 0.08 0.08 0.0780 0.10 0.09 0.09 4595.17100 0.11 0.11 0.11 |Table 3.6: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 40variables and typing
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Varsize: 60Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.09 0.08 0.08 0.0740 0.10 0.09 0.09 0.0860 0.11 0.10 0.10 0.0980 0.12 0.12 0.12 0.16100 0.13 0.13 0.13 0.18Table 3.7: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 60variables and typing
Varsize: 80Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.12 0.10 0.10 0.1240 0.13 0.12 0.11 0.1560 0.14 0.13 0.13 0.1780 0.15 0.14 0.14 0.19100 0.16 0.16 0.16 0.19Table 3.8: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 80variables and typing

23



Varsize: 100Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.14 0.13 0.13 0.1540 0.15 0.14 0.14 0.1460 0.16 0.16 0.16 0.1680 0.17 0.17 0.17 0.21100 0.19 0.19 0.19 0.24Table 3.9: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 100variables and typing

Figure 3.5: Plot of the time taken (on logarithmi
 s
ale) to �nd a plan for typedproblems 
ontaining 20 variables vs. the ratio of the number of senten
es and thenumber of variables
24



Figure 3.6: Plot of the time taken by WALKSAT (the data for SATZ, and RAND-SATZ is similar) to �nd a plan vs. the number of senten
es. The number of variablesis the parameter

Figure 3.7: Plot of the time taken by Graphplan to �nd a plan for typed problems vs.the number of senten
es. The number of variables is the parameter25



3.4 Carrying OnIn this third part of the experiment, all the variables were initialized as true, andthere was one operator that 
hanged the value from true to false. Carrying onthe \Satis�ability as Planning" (se
tion 3.1) analogy, this experiment is truly asats�ability problem, posed as a planning problem.(:init (VAROBJ A ) ;;; A, B, C et
. 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) ...)(:a
tion SET_FALSE ;;SET-VAR operator of previous se
tions:parameters(?var):pre
ondition(and (VAROBJ ?var)(value ?var true)):effe
t(and (value ?var false)(not (value ?var true )))) 26



Varsize: 20Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.04 0.03 0.03 0.0340 0.06 0.05 0.05 1.78100 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 |Table 3.10: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 20variables and typing, variables initialized to true
Varsize: 40Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.05 0.04 0.05 0.0540 0.07 0.07 0.07 0.05100 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 |Table 3.11: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 40variables and typing, variables initialized to true
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Varsize: 100Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.10 0.09 0.09 0.1040 0.11 0.10 0.11 0.12100 0.15 0.18 0.18 0.15200 0.23 0.31 0.33 |400 120.62 3.54 58.12 |500 120.82 3.83 907.9 |Table 3.12: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 100variables and typing, variables initialized to true
Varsize: 200Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.17 0.16 0.16 0.1740 0.19 0.18 0.18 0.19100 0.23 0.27 0.27 0.25200 0.32 0.43 0.43 |400 0.58 0.97 0.98 |500 0.74 1.35 1.22 |Table 3.13: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 200variables and typing, variables initialized to true
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Varsize: 300Senten
e Size Walksat SATZ RAND-SATZ Graphplan20 0.25 0.24 0.24 0.2540 0.27 0.27 0.27 0.27100 0.33 0.39 0.37 0.35200 0.44 0.57 0.57 0.49400 0.81 1.26 1.19 |500 1.05 1.60 1.61 |Table 3.14: Time taken by BLACKBOX to �nd a plan for problems 
ontaining 300variables and typing, variables initialized to true

Figure 3.8: Plot of the time taken to �nd a plan for typed problems 
ontaining20 variables vs. the ratio of the number of senten
es and the number of variables(initialized to true)
29



Figure 3.9: Plot of the time taken by WALKSAT to �nd a plan vs. the number ofsenten
es. The number of variables (initialized to true) is the parameter

Figure 3.10: Plot of the time taken by SATZ to �nd a plan vs. the number ofsenten
es. The number of variables (initialized to true) is the parameter30



Figure 3.11: Plot of the time taken by RAND-SATZ to �nd a plan vs. the numberof senten
es. The number of variables (initialized to true) is the parameter

31



And �nally, though no 
hange to the previous results is anti
ipated, but just for thesake of 
uriosity, one more operator was introdu
ed that had the e�e
t of 
ippingthe e�e
t of the �rst operator, SET-FALSE. Interestingly, the se
ond operator wasnever invoked, so the results remained the same as in the previous experiment. Theadditional operator was;;; Change the value from false to true(:a
tion SET_TRUE:parameters(?var):pre
ondition(and (VAROBJ ?var) (value ?var false)):effe
t(and (value ?var true)(not (value ?var false ))))

32



Chapter 4Con
lusion and Further Study
The BLACKBOX planning system used RAM rather heavily, and therefore itsperforman
e was very mu
h RAM dependant. Oftentimes while running a test, the
omputer would b
ome totally paralized. I removed 64MB from my 
omputer andran the supplied log.d problem using randomized SATZ as solver. It took 438 se
onds.But when I ran it using 128MB in memory slots, it took 13 se
onds on the average.Further, on problems of small size, for example, ro
ket.a there was no di�eren
e intiming - in ea
h 
on�guration, it took 7.8 se
onds on average. I also found that someof the large problems that were not solved with 64MB 
on�guration for even for 2-3hours, were solved with 128MB 
on�guration. One further work 
ould be to modifythe system to redu
e its heavy memory dependan
y. In
luding typing information inthe problem redu
ed the sear
h time 
osiderably, and the system was able to solvelarger problems.In my experiments the number of oprators was proportional to the size of theproblem (the number of senten
es to be pre
ise). If S is the number of 3-CNFsenten
es present in the goal, then the number of operators equal 3S+1. This (largenumber of operators) was the sour
e of \hradness" of the problem. Sto
hasti
 solveralgorithms, WALKSAT, and randomized SATZ took same or more time as 
ompared33



to systemati
 solver SATZ. For small problems all four algorithms - WALKSAT,SATZ, Rand-SATZ, and Graphplan took 
omparable time, but WALKSAT andGraphplan performed worse on larger problems. Graphplan failed to �nd a plan forproblems of large size. A rather large operator set is the more likely reason. Thereis very strong 
orrelation between the smallness of time and Graphplan 's su

ess in�nding a plan i.e. either it found the plan very qui
kly, or it failed (or took enormousamount of time).The fra
tion of time taken by Graphplan , the front end of BLACKBOX, seemsto be huge as 
ompared to the time taken by the SAT solvers. The exponentialbehavior present in the graphs is probably 
oming from Graphplan rather than thealgorithms themselves. I en
oded some of the experiments in SAT dire
tly, and ranGSAT (the 
ode was written by Kautz and Selman) on them. GSAT solved themvirtually instantaneously. Even the largest problem of the prevoius 
hapter took anegligible fra
tion of a millise
ond.
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Chapter 5Appendix
5.1 Code for Generating Untyped Problem In-stan
es// File: gentyped.
// Author: Shashi Prabh// Compile: 

 genuntyped.
 -o genuntyped// Usage genuntyped [#vars, default 10℄ [#senten
es, default 20℄[
nf_size, defualt 3℄// Example: genuntyped 20 40 3#in
lude <stdlib.h>#in
lude <stdio.h>#in
lude <string.h>#in
lude <time.h>FILE *stream;int main (int arg
, 
har *argv[℄) 35



{int varsize, sentsize,n_
nf,i,j;
har file[20℄;
har dname[20℄;
har pname[20℄;srand( (unsigned)time( NULL ) );if (arg
 >1)varsize = atoi(argv[1℄);elsevarsize = 10;if (arg
 >2)sentsize = atoi(argv[2℄);elsesentsize = 20;if (arg
 >3)n_
nf = atoi(argv[3℄);elsen_
nf = 3;str
py( file, "domain" );if (arg
 >1)str
at( file, argv[1℄);elsestr
at( file, "10");str
at( file, "_" );if (arg
 >2) 36



str
at( file, argv[2℄);elsestr
at( file, "100");str
py(dname, file );str
at( 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 senten
es %i \n", varsize, sentsize);fprintf( stream, "(define (domain " );fprintf( stream, dname );fprintf( stream, ") \n" );fprintf( stream, "\t(:requirements :strips) \n" );fprintf( stream, "\t(:predi
ates (value ?x ?y))\n" );fprintf( stream, "(:a
tion SET_VAR \n" );fprintf( stream, "\t :parameters \n" );fprintf( stream, "\t\t(?var ?value)\n" );fprintf( stream, "\t :pre
ondition \n" );fprintf( stream, "\t\t (value ?var unbound)\n" );fprintf( stream, "\t:effe
t \n" );fprintf( stream, "\t\t (and (value ?var ?value)\n" );37



fprintf( stream, "\t\t (not (value ?var unbound ))))\n" );// a
tion set_varfor (i=1; i <= sentsize; i++){for (j=1; j <= n_
nf; j++){fprintf( stream, "(:a
tion OR" );fprintf( stream, "%i_%i\n",i,j);fprintf( stream, "\t :pre
ondition \n" );fprintf( stream, "\t\t (value var" );fprintf( stream, "%i ",rand()%varsize +1);fprintf( stream, "%s )\n",rand()%2 ? "false" : "true");fprintf( stream, "\t:effe
t \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 
reated\n" );f
lose( stream );} 38



//Domain file though no su
h disti
tion exist here...str
py( file, "prob" );if (arg
 >1)str
at( file, argv[1℄);elsestr
at( file, "10");str
at( file, "_" );if (arg
 >2)str
at( file, argv[2℄);elsestr
at( file, "100");str
py(pname, file );str
at( 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 senten
es %i \n", varsize, sentsize);fprintf( stream, "(define (problem " );fprintf( stream, pname );fprintf( stream, ") \n" ); 39



fprintf( stream, "\t(:domain " );fprintf( stream, dname );fprintf( stream, ") \n" );fprintf( stream, "\t(:obje
ts \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" );// obje
tsfprintf( 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" );40



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 filefprintf( stdout, "Problem file 
reated\n" );f
lose( stream );return 0;}5.2 Code for Generating Typed Problem Instan
es// File: gentyped.
// Author: Shashi Prabh// Compile: 

 gentyped.
 -o gentyped// Usage gentyped [#vars, default 10℄ [#senten
es, default 20℄[
nf_size, defualt 3℄41



// Example: gentyped 20 40 3// typed#in
lude <stdlib.h>#in
lude <stdio.h>#in
lude <string.h>#in
lude <time.h>FILE *stream;int main (int arg
, 
har *argv[℄){int varsize, sentsize,n_
nf,i,j;
har file[20℄;
har dname[20℄;
har pname[20℄;srand( (unsigned)time( NULL ) );if (arg
 >1)varsize = atoi(argv[1℄);elsevarsize = 10;if (arg
 >2)sentsize = atoi(argv[2℄);elsesentsize = 20;if (arg
 >3)n_
nf = atoi(argv[3℄);else 42



n_
nf = 3;str
py( file, "domain" );if (arg
 >1)str
at( file, argv[1℄);elsestr
at( file, "10");str
at( file, "_" );if (arg
 >2)str
at( file, argv[2℄);elsestr
at( file, "100");str
py(dname, file );str
at( 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 senten
es %i \n", varsize, sentsize);fprintf( stream, "(define (domain " );fprintf( stream, dname );fprintf( stream, ") \n" ); 43



fprintf( stream, "\t(:requirements :strips) \n" );fprintf( stream, "\t(:predi
ates (value ?x ?y))\n" );fprintf( stream, "(:a
tion SET_VAR \n" );fprintf( stream, "\t :parameters \n" );fprintf( stream, "\t\t(?var ?value)\n" );fprintf( stream, "\t :pre
ondition \n" );fprintf( stream, "\t\t (and (VAROBJ ?var) \n \t\t");fprintf( stream, "(VARVAL ?value)(value ?var unbound))\n" );fprintf( stream, "\t:effe
t \n" );fprintf( stream, "\t\t (and (value ?var ?value)\n" );fprintf( stream, "\t\t (not (value ?var unbound ))))\n" );// a
tion set_varfor (i=1; i <= sentsize; i++){for (j=1; j <= n_
nf; j++){fprintf( stream, "(:a
tion OR" );fprintf( stream, "%i_%i\n",i,j);fprintf( stream, "\t :pre
ondition \n" );fprintf( stream, "\t\t (value var" );fprintf( stream, "%i ",rand()%varsize +1);fprintf( stream, "%s )\n",rand()%2 ? "false" : "true");fprintf( stream, "\t:effe
t \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 
reated\n" );f
lose( stream );}//Domain file though no su
h disti
tion exist here...str
py( file, "prob" );if (arg
 >1)str
at( file, argv[1℄);elsestr
at( file, "10");str
at( file, "_" );if (arg
 >2)str
at( file, argv[2℄);elsestr
at( file, "100");str
py(pname, file );str
at( file, ".pddl" );
stream = freopen( file, "w", stderr );45



if( stream == NULL )fprintf( stdout, "error on freopen\n" );else{fprintf( stream, ";; problem file\n" );fprintf( stream, ";;# of Variables %i, # of senten
es %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(:obje
ts \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" );// obje
ts 46



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++) 47



{fprintf( stream, "\t\t (value goal" );fprintf( stream, "%i true)\n", i);}fprintf( stream, "\t)))\n" );}//Problem filefprintf( stdout, "Problem file 
reated\n" );f
lose( stream );return 0;}
5.3 Code for Generating SAT-Like Problem In-stan
es// File: gensat.
// Author: Shashi Prabh// Compile: 

 gensat.
 -o gensat// Usage gensat [#vars, default 10℄ [#senten
es, default 20℄[
nf_size, defualt 3℄// Example: gensat 20 40 3

48



// expt: init: true, one op: true->false#in
lude <stdlib.h>#in
lude <stdio.h>#in
lude <string.h>#in
lude <time.h>FILE *stream;int main (int arg
, 
har *argv[℄){int varsize, sentsize,n_
nf,i,j;
har file[20℄;
har dname[20℄;
har pname[20℄;srand( (unsigned)time( NULL ) );if (arg
 >1)varsize = atoi(argv[1℄);elsevarsize = 10;if (arg
 >2)sentsize = atoi(argv[2℄);elsesentsize = 20;if (arg
 >3)n_
nf = atoi(argv[3℄);elsen_
nf = 3; 49



str
py( file, "domain" );if (arg
 >1)str
at( file, argv[1℄);elsestr
at( file, "10");str
at( file, "_" );if (arg
 >2)str
at( file, argv[2℄);elsestr
at( file, "100");str
py(dname, file );str
at( 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 senten
es %i \n", varsize, sentsize);fprintf( stream, "(define (domain " );fprintf( stream, dname );fprintf( stream, ") \n" );fprintf( stream, "\t(:requirements :strips) \n" );50



fprintf( stream, "\t(:predi
ates (value ?x ?y))\n" );fprintf( stream, "(:a
tion SET_VAR \n" );fprintf( stream, "\t :parameters \n" );fprintf( stream, "\t\t(?var )\n" );fprintf( stream, "\t :pre
ondition \n" );fprintf( stream, "\t\t (and (VAROBJ ?var) \n (value ?var true))\n" );fprintf( stream, "\t:effe
t \n" );fprintf( stream, "\t\t (and (value ?var false)\n" );fprintf( stream, "\t\t (not (value ?var true ))))\n" );// a
tion set_varfor (i=1; i <= sentsize; i++){for (j=1; j <= n_
nf; j++){fprintf( stream, "(:a
tion OR" );fprintf( stream, "%i_%i\n",i,j);fprintf( stream, "\t :pre
ondition \n" );fprintf( stream, "\t\t (value var" );fprintf( stream, "%i ",rand()%varsize +1);fprintf( stream, "%s )\n",rand()%2 ? "false" : "true");fprintf( stream, "\t:effe
t \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"); 51



}}fprintf( stream, ")\n");fprintf( stdout, "Domain file 
reated\n" );f
lose( stream );}//Domain file though no su
h disti
tion exist here...str
py( file, "prob" );if (arg
 >1)str
at( file, argv[1℄);elsestr
at( file, "10");str
at( file, "_" );if (arg
 >2)str
at( file, argv[2℄);elsestr
at( file, "100");str
py(pname, file );str
at( file, ".pddl" );
stream = freopen( file, "w", stderr );if( stream == NULL ) 52



fprintf( stdout, "error on freopen\n" );else{fprintf( stream, ";; problem file\n" );fprintf( stream, ";;# of Variables %i, # of senten
es %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(:obje
ts \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" );// obje
tsfprintf( stream, "\t(:init \n" ); 53



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" );54



fprintf( stream, "%i true)\n", i);}fprintf( stream, "\t)))\n" );}//Problem filefprintf( stdout, "Problem file 
reated\n" );f
lose( stream );return 0;}
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